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FFformer: A Lightweight Feature Filter Transformer for
Multi-Degraded Image Enhancement with a Novel Dataset T

Yongheng Zhang

State Key Laboratory of Networking and Switching Technology, Beijing University of Posts and

Telecommunications, No. 10 Xitucheng Road, Haidian District, Beijing 100876, China;

zhangyongheng@bupt.edu.cn

* This article is a revised and expanded version of a conference paper entitled [Towards Robust Image
Restoration: A Multi-Type Degradation Dataset for Outdoor Scenes], which was presented at [IEEE ICME2025,
Nantes, France, 30 June—4 July 2025].

Abstract: Image enhancement in complex scenes is challenging due to the frequent co-
existence of multiple degradations caused by adverse weather, imaging hardware, and
transmission environments. Existing datasets remain limited to single or weather-specific
degradation types, failing to capture real-world complexity. To address this gap, we in-
troduce the Robust Multi-Type Degradation (RMTD) dataset, which synthesizes a wide
range of degradations from meteorological, capture, and transmission sources to support
model training and evaluation under realistic conditions. Furthermore, the superposition of
multiple degradations often results in feature maps dominated by noise, obscuring under-
lying clean content. To tackle this, we propose the Feature Filter Transformer (FFformer),
which includes: (1) a Gaussian-Filtered Self-Attention (GFSA) module that suppresses
degradation-related activations by integrating Gaussian filtering into self-attention; and
(2) a Feature-Shrinkage Feed-forward Network (FSEN) that applies soft-thresholding to
aggressively reduce noise. Additionally, a Feature Enhancement Block (FEB) embedded
in skip connections further reinforces clean background features to ensure high-fidelity
restoration. Extensive experiments on RMTD and public benchmarks confirm that the
proposed dataset and FFformer together bring substantial improvements to the task of
complex-scene image enhancement.

Keywords: complex-scene image enhancement; multi-type degradation dataset; Feature
Filter Transformer; Gaussian-filter self-attention

1. Introduction

In outdoor applications such as autonomous driving, security surveillance, and dis-
aster response, high-quality visual imagery is essential for reliable decision-making and
system performance. However, images captured in these scenarios are frequently corrupted
by multiple coexisting factors, including adverse weather, environmental conditions, and
hardware limitations. This reality underscores the need for robust image enhancement
methods capable of handling diverse degradations to improve visual quality under real-
world conditions.

Existing image enhancement datasets can be broadly divided into two categories.
The first category targets a single degradation type, e.g., haze [1,2], rain [3,4], blur [5,6],
or noise [7]. While these datasets enable effective restoration of the targeted distortion,
they often fail when confronted with multiple co-occurring degradations, limiting their
applicability in complex scenarios. The second category focuses on compound weather

Sensors 2025, 25, 6684 https://doi.org/10.3390/5s25216684
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degradations; examples include BID2a and BID2b [8], which encompass rain, snow, and
haze. While datasets like BID2 [8] represent a significant advance for restoring compound
weather degradations (e.g., rain, haze, snow), their scope is primarily confined to these me-
teorological phenomena. They omit other critical degradation types prevalent in outdoor
imaging, such as blur (from motion or defocus) and noise (from low-light or sensor limita-
tions). Furthermore, the real-world images in these benchmarks typically exhibit only a
single dominant degradation type, which does not fully capture the complex, multi-faceted
degradation encountered in practice. These gaps underscore the urgent need for a dataset
that covers the full spectrum of degradations encountered in outdoor scenes.

Early image enhancement methods have demonstrated effectiveness on individual
tasks, e.g., dehazing [1,2], deraining [3,4], and deblurring [5,6], yet they generally fail
when confronted with multiple, superimposed degradations typical of extreme outdoor
conditions. More recent universal frameworks achieve promising results on diverse single
degradations, but they still inadequately handle the complex mixtures of distortions found
in challenging real scenes. Consequently, specialized solutions tailored to such harsh
environments are essential for reliable visual information recovery.

To address these issues, this paper introduces the Robust Multi-Type Degradation
dataset (RMTD)—a large-scale benchmark designed for outdoor image enhancement under
multiple degradations—and proposes a dedicated solution, the FFformer. RMTD narrows
the gap left by prior datasets by integrating a wide range of scene categories and degra-
dation types, thereby enabling a comprehensive evaluation of enhancement robustness.
Specifically, RMTD contains 10 outdoor scene classes—street, building, composite scene,
natural landscape, scenic spot, transportation hub, person, residential area, highway, and
others (Figure 1)—spanning urban to natural environments to ensure broad applicabil-
ity. The dataset incorporates eight degradation types that reflect both meteorological and
imaging-system challenges: light haze, dense haze, light rain, heavy rain, Gaussian blur,
motion blur, Gaussian noise, and shot noise. These degradations are prevalent in outdoor
imagery and particularly detrimental to visual quality, ensuring RMTD captures the most
critical distortions observed in complex scenes. In total, RMTD provides 48,000 synthetic
image pairs, each consisting of a multi-degradation image and its corresponding high-
quality ground truth, making it the largest multi-degradation enhancement dataset to date.
Additionally, 200 real-world multi-degradation images collected from the Internet form an
extra test set for evaluating model robustness under authentic outdoor conditions.

To facilitate downstream evaluation, RMTD further furnishes over 3000 object-level
annotations across 10 categories (car, truck, bus, person, motorcycle, backpack, handbag,
bicycle, traffic light, and umbrella). These annotations enable assessment of enhancement
algorithms from the perspective of object detection—a critical consideration for applica-
tions such as autonomous driving and surveillance. By integrating image-enhancement
evaluation with detection performance, RMTD offers a comprehensive benchmark for
validating the practical utility of enhancement techniques in real-world deployments.

The FFformer is an efficient and lightweight image enhancement model designed
for complex scenes. It incorporates a Gaussian-Filtered Self-Attention (GFSA) mechanism
and a Feature-Shrinkage Feed-forward Network (FSFN), which collectively address low-
quality images with compounded degradations. Both GFSA and FSFN can not only
effectively remove redundant noise introduced by different degradations but also reduce
the computational cost of the model.

In the image encoder of FFformer, a Scale Conversion Module (SCM) is introduced,
which enhances the features from different encoder layers and normalizes the scale of each
layer. The features of these layers are aggregated through a Feature Aggregation Module
(FAM) and then fed into the background decoder. Moreover, the Feature Enhancement
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Block (FEB) in the residual structure further strengthens FFformer’s ability to extract and
enhance clear background features that are unaffected by degradations.

Highway: 130&66: 1 @B Street
Community: 20 — Building
Trans. T—|et.|r ;?2724 Campasde
Seenic; 61 Street: 319 - Natu.re
Scenic
Stieet: 32 @B Trans. Hub
@ Person
Nature: 129 @8 Community
@ Highway
@B Others

Composite: 11

Composite: 165 Building:26

Building: 229

Figure 1. Nested doughnut charts illustrating the category distribution across the Train, Test, and
Real-world subsets. From outer to inner, the rings represent the Train, Test, and Real subsets,
respectively. The chart visualizes the proportion of the ten outdoor scene categories within each
subset. The numerical values annotated on the charts indicate the exact number of images for each
category.

The key contributions of this paper can be summarized as follows:

e We propose the RMTD dataset, the first large-scale comprehensive multi-degradation
benchmark including both synthetic and real degraded images, providing valuable
resources for complex-scene image enhancement research.

e We introduce the FFformer, an efficient image enhancement model based on Vision
Transformers (ViT), which effectively removes redundant features from compounded
degradations through its GFSA mechanism and FSFN.

e An SCM and an FAM are introduced in the image encoder to fully utilize the features
of different-scale layers. Meanwhile, an FEB is integrated into the residual structure of
the decoder to reinforce the clear background features.

e  Extensive experiments on RMTD and other synthetic and real image datasets demon-
strate that FFformer achieves leading performance in various complex scenes, proving
the effectiveness of the proposed dataset and method in complex scene image enhance-
ment.

2. Related Work
2.1. Image Restoration Datasets

Most existing image restoration datasets predominantly focus on specific types of
degradation, such as rain [3,4], haze [1,2], snow [9], and blur [5,6]. Some desnowing
datasets [10,11] include haze as a supplementary factor. However, real extreme weather
conditions often involve multiple degradation factors occurring simultaneously, such as
rain, haze, and blur.

Han et al. [8] proposed the Blind Image Decomposition task, which consists of two
sub-tasks: Real Scenario Deraining in Driving and Real Scenario Deraining in General.
This innovative task requires the simultaneous removal of rain, haze, and snow from
a single image. To address this challenge, they collected clear background images and
degradation masks for rain, haze, and snow from existing restoration datasets. The resulting
datasets, named BID2a (driving scenario) and BID2b (general scenario), are significant
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for tackling multiple degraded image restoration tasks. However, the BID2 dataset has
several limitations that our work aims to address. First, its degradation coverage is limited
to weather effects (rain, haze, snow) and does not include other common types like blur
or noise (see Table 1). Second, the real-world test set (BID2b) largely contains images
with a single dominant weather degradation, failing to reflect the challenging scenario
where multiple degradations co-exist. Additionally, BID2 lacks annotations for high-level
computer vision tasks, which limits its utility for evaluating the impact of restoration on
downstream applications. Moreover, the baseline Blind Image Decomposition Network
(BIDeN), designed specifically for these datasets, features a simplistic structure that limits
its versatility and generalizability.

Table 1. Comparison of dataset statistics and characteristics between RMTD and existing benchmarks.

Dataset Synthetic or Real Number Degradation Types Real Test Annotation

SIDD [7] Real 30,000 Noise Yes No
RealBlur [6] Real 4556 Blur Yes No
Rain1400 [3] Synthetic 14,000 Rain No No

SPA [4] Real 29,500 Rain Yes No
RESIDE [1]  Synthetic + Real = 86,645 + 4322 Haze Yes RTTS

BID2a [8] Synthetic 3475 4 types No No

BID2b [8] Synthetic + Real 3661 + 1763 3 for train, 1 for test Yes No

RMTD Synthetic + Real 48,000 + 200 8 types Yes Test, Real

To overcome these limitations, we introduce the RMTD dataset, which comprises
both synthetic and real images affected by multiple degradations. Unlike existing datasets,
RMTD captures the diverse degradation factors encountered in real multi-degraded scenar-
ios. It serves as a comprehensive benchmark for evaluating image restoration methodolo-
gies within the challenging context of multi-degraded conditions.

2.2. Image Restoration Methods
2.2.1. Specific Degraded Image Restoration

Early strategies for image restoration primarily focused on addressing individual
degradations through corresponding a priori hypotheses [12-15]. For example, He et al. [12]
introduced the dark channel prior (DCP) to estimate transmission maps and global at-
mospheric light for dehazing images, based on the observation that at least one channel
in a patch has values close to zero. To mitigate potential loss of detailed information in
the guidance image, Xu et al. [16] developed a refined guidance image for snow removal.
Li et al. [14] utilized layer priors to effectively eliminate rain streaks, offering a robust
solution for rain removal. Pan et al. [17] integrated the dark channel prior into image
deblurring, while subsequent studies [18-20] further refined and enhanced the efficiency
and performance of the DCP method.

The emergence of convolutional neural networks (CNNs) and visual transformers has
ushered in a new wave of learning-based image restoration methods, yielding impressive
results [4,9,11,21-26]. For instance, Li et al. [24] employed a depth refinement network
to enhance edges and structural details in depth maps, leveraging a spatial feature trans-
form layer to extract depth features for dynamic scene deblurring. Jiang et al. [27] tackled
the image deraining problem by developing a Multi-Scale Progressive Fusion Network,
demonstrating efficient and effective deraining capabilities. Additionally, Chen et al. [11]
proposed the Hierarchical Decomposition paradigm within HDCWNet, offering an im-
proved understanding of various snow particle sizes.
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2.2.2. General Degraded Image Restoration

Diverging from approaches focused on specific degraded images, several meth-
ods exhibit versatility in addressing multiple degradations, including challenges such
as haze, rain, and noise [28-33]. For instance, Zamir et al. [28] introduced MPRNet,
which employs a multi-stage architecture to progressively learn restoration functions
for degraded inputs. Wang et al. [30] proposed U-Shaped Transformer (Uformer),
leveraging a locally enhanced window (LeWin) Transformer block that performs non-
overlapping window-based self-attention, thereby reducing computational complexity
on high-resolution feature maps. Patil et al. [31] presented a domain translation-based
unified method capable of simultaneously learning multiple weather degradations, en-
hancing resilience against real-world conditions. Additionally, Zhou et al. introduced
an Adaptive Sparse Transformer (AST) designed to mitigate noisy interactions from
irrelevant areas through an Adaptive Sparse Self-Attention block and a Feature Refine-
ment Feed-forward Network. For handling unknown or mixed degradations, DAIR [34]
proposes an implicit degradation prior learning framework. It adaptively routes and
restores features based on degradation-aware representations inferred directly from the
input, enhancing robustness in complex real-world scenarios.

While these methods effectively manage various degradation types within a unified
framework, they often struggle when multiple degradation factors coexist simultaneously.
To address this challenge, Han et al. [8] proposed the novel task of Blind Image Decom-
position and introduced the BIDeN as a robust baseline. Building on this foundation, we
propose the FFformer for multi-degraded image restoration, demonstrating effectiveness
in removing degradations such as rain, haze, noise, and blur across diverse scenarios.

2.3. ViT in Image Restoration

The introduction of ViT into the field of image restoration has garnered considerable
attention, owing to their ability to comprehend extensive dependencies within images. This
capability is crucial for discerning the broader context and relationships among various
image components. Recent research has highlighted the efficacy of ViT across a diverse
range of image restoration applications [30,35-39].

Innovatively, Liang et al. [36] proposed SwinIR, a method for image restoration based
on the Swin Transformer. SwinIR leverages multiple residual Swin Transformer blocks to
effectively extract deep features for various restoration tasks. Similarly, Zamir et al. [35]
introduced Restormer, a hierarchical encoder—-decoder network constructed with Vision
Transformer blocks. Restormer incorporates several key design elements in its multi-head
attention and feed-forward network to capture long-range pixel interactions, making it ap-
plicable to large images. As a result, Restormer has demonstrated exceptional performance
in restoring images affected by various degradation types. To enhance ViT efficiency for
restoration, MG-SSAF [40] introduces a Spatially Separable MSA module that approximates
global attention with linear complexity, coupled with a Multi-scale Global MSA module to
maintain cross-window interactions, offering a lightweight yet effective design.

The integration of Vision Transformers into image restoration methodologies signifies
a substantial advancement in utilizing transformer-based architectures to enhance the
visual fidelity of degraded images. These developments underscore the adaptability and
effectiveness of ViT in capturing intricate dependencies, ultimately facilitating superior
image restoration outcomes.

2.4. Feature Enhancement in Multi-Modal and Multi-Scale Learning

The paradigm of feature enhancement extends beyond the domain of image restora-
tion, serving as a fundamental technique to improve data quality and model representation
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power across various visual tasks. Recent research demonstrates its critical role in fusing
information from different modalities or scales.

For instance, in the context of intelligent transportation systems, a trajectory quality
enhancement method [41] leverages onboard images to calibrate and refine vehicle tra-
jectory data. This work exemplifies how visual features can act as a high-fidelity prior to
enhance the precision and reliability of another data modality (trajectory), showcasing a
cross-modal feature enhancement strategy.

Similarly, in hyperspectral image (HSI) classification, an enhanced multiscale feature
fusion network [42] highlights the importance of integrating features at different scales. By
designing dedicated modules to aggregate contextual information from multiple receptive
fields, it significantly boosts classification accuracy, underscoring the pivotal role of multi-
scale feature fusion.

While the applications differ, these works share a common thread with our proposed
FEB and FSFN modules: the core principle of actively guiding the model to reinforce
more informative features. Our approach aligns with this philosophy but is specifically
tailored for the challenge of image restoration under multiple degradations. The FEB
enhances features across the encoder-decoder hierarchy to bridge the semantic gap, while
the FSEFN employs soft-thresholding to sparsify and purify features. Together, they form a
cohesive feature enhancement framework within our FFFormer, dedicated to suppressing
degradation artifacts and recovering clean image content.

3. The Robust Multi-Type Degradation Dataset

The RMTD dataset consists of 48,000 synthetic multi-degraded image pairs and
200 real-world images, designed to benchmark robust image restoration models across
various degradation conditions. The synthetic dataset is divided into three subsets: Train
(16,000 images), Test (1600 images), and Others (30,400 images). The Others subset is used
as a flexible resource, which can be employed for validation or to supplement the training
set, depending on the model’s specific needs. The Real subset, containing 200 real-world
images, offers an additional test set for evaluating model performance in uncontrolled,
real-world scenarios. Table 1 compares RMTD with existing datasets.

3.1. Dataset Construction

This section describes the methodology used to construct the dataset, including the
synthesis of multi-degraded images, the collection of real-world degraded images, and the
object detection annotation process.

3.1.1. Synthetic Multi-Degraded Image Generation

Synthetic multi-degraded images are generated from 3000 pristine clear outdoor
images sourced from the Beijing-tour web [43]. These pristine images are categorized into
10 scenes (Figures 1 and 2), ensuring a diverse representation of outdoor environments.
Each image is degraded by 8 degradation types, grouped into four categories: haze, rain,
blur, and noise (Figure 3).

To simulate real-world conditions, each pristine image undergoes degradation by
one of the four categories, with two settings per category, resulting in 16 unique degrada-
tion combinations per image. This approach captures both individual and compounded
degradation effects, providing a comprehensive range of degradation scenarios for model
evaluation. An example of a multi-degraded image, along with its ground truth and depth
map, is shown in Figure 4.
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Figure 2. Ten scenes in the RMTD dataset.
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(f) Multi-degradated (g) Dense Haze (h) Heavy Rain (i) Motion Blur (j) Shot Noise

Figure 3. Degradation configurations in the RMTD dataset. The multi-degraded images include four
types of degradation (haze, rain, blur, noise) simultaneously.

Multi-Degraded (a) Multi-Degraded  (b) Ground-Truth (c) Depth map

Figure 4. Illustration of a synthetic multi-degraded image with corresponding ground truth and
depth map.

3.1.2. Haze Simulation

To realistically simulate hazy conditions, we adopt the physically grounded atmo-
spheric scattering model [44]:

I(x) = J(x)t(x) + A(1 = £(x)), )

where I(x) and J(x) represent the hazy image and the clean image, respectively, and A
denotes atmospheric light. The transmission map is given by t(x) = e~ #4(*), where B is
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the scattering coefficient of the atmosphere, and d(x) is the distance between the object
and the camera. We calculate the distance using MegaDepth [45]. The parameters for
light and dense haze are carefully chosen to span common real-world conditions: for light
haze, A € [0.5,0.7], B € [0.6,1.0]; for dense haze, A € [0.7,0.9], B € [1.0,1.4]. These ranges
simulate phenomena from mild mist to heavy fog, effectively replicating the visibility
degradation caused by atmospheric particles.

3.1.3. Rain Simulation

Rain is synthesized to mimic its complex appearance in real captures. We generate
realistic rain streaks using the method from [3]:

R = Trans(random(I),v,1), (2)

where I is the input image, R is the rain mask, random(I) is a random noise map with the
same size of input image, v is the minimal size of preserved rain, and [ is the average length
of rain streaks. Rainy images are computed as:

O=1-(1—R)+(1-a)R, 3)

where O is the rainy image, I is the pristine image, R is the rain mask, and a controls streak
transparency.

Parameters are set to cover varied precipitation intensities: light rain uses v=2, /=10,
« = 0.8, simulating sparse, fine streaks; heavy rain uses v = 5,/ = 15, & = 0.6, producing
denser, more opaque rain layers that significantly obscure visibility.

3.1.4. Blur Simulation

We simulate two prevalent types of blur encountered in practical imaging.
Gaussian blur approximates the effect of improper focus or atmospheric turbulence,
implemented via convolution with a Gaussian point-spread function (PSF) [46]:

g(xy) = (f xh)(x,y), (4)

where f is the ideal scene, / is the point-spread function (PSF), and g is the observed image.
The kernel severity ¢ is sampled from {0.2,0.4,0.6,0.8,1.0}, covering a range from slight to
noticeable softness.

Motion blur mimics camera shake or object movement. We employ a heterogeneous
kernel model [47]:

Y(i,j) =Y K@) (@)X +1,j+]), ®)
l'l,j,

where X denotes the sharp image and K denotes a heterogeneous motion blur kernel map
with different blur kernels for each pixel in X. Parameters (radius € [6,9], o € [1.0,2.5])
are randomized to generate diverse blur directions and intensities, closely resembling real
motion artifacts.

3.1.5. Noise Simulation

We model two dominant noise types in digital imaging.
Gaussian noise arises from sensor heat and electronic interference, following the

distribution:
1 _Gew?

p(z) = = (6)
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where i is the mean, and ¢ is the standard deviation. With 4 = 0 and ¢ € [0.04,0.10], we
simulate moderate to strong sensor noise prevalent in low-quality captures.
Shot noise (Poisson noise) stems from the photon-counting process in image sen-
sors [48]:
ﬂ 7)
ki’

where A is the average rate of events per interval, and k is the number of events. The

P(X =k) =

severity parameter A is chosen from {50, 75, 100,250, 500}, emulating various illumination
conditions from low-light (high noise) to well-lit scenarios (low noise).

3.1.6. Collection of Real-World Degraded Images

The Real subset consists of 200 real-world images collected from various online sources
(e.g., Google, Baidu) to reflect diverse degradation conditions, including varying intensities
of haze, rain, blur, and noise. These images cover all 10 outdoor scene categories (as shown
in Figure 1), ensuring a broad representation of real-world environmental scenarios.

Unlike the synthetic images, these real-world images do not have ground truth data,
making them an essential resource for evaluating model performance under uncontrolled
and complex real-world conditions. As there are no direct reference points for comparison,
these images challenge models to generalize well in the absence of perfect information,
thus reflecting real-world use cases where ground truth may not be available.

For examples of real-world degraded images, refer to Figure 5, where representative

samples from the Real subset are displayed.

Figure 5. Visualization of real multi-degraded images sampled from RMTD-Real subset. The Chinese
text in the image consists of watermarks and traffic signs.

3.1.7. Object Detection Annotations

To enhance the dataset’s utility for downstream tasks, we incorporated object detection
annotations into both the synthetic Test set and the real-world Real set. Annotations were
created using the Labellmg tool [49] and saved in the PASCAL VOC format [50].

The dataset includes annotations for 10 object categories: car, truck, traffic light, person,
motorbike, backpack, bus, handbag, bicycle, and umbrella. These categories are selected for
their relevance to urban outdoor environments and applications like autonomous driving
and urban surveillance.
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The annotations serve two key purposes: (1) evaluating how well image restoration
models preserve object features after degradation and (2) assessing the performance of
object detection models under diverse degradation conditions. By testing detection on
restored images, we can gauge the impact of restoration techniques on downstream tasks.
Examples of annotated images are shown in Figure 6.

Figure 6. Visualization of object detection annotation boxes in outdoor scenes.

3.2. Dataset Statistics and Analysis
3.2.1. Scene Distribution

RMTD spans 10 outdoor scene categories: Street, Building, Composite, Nature, Scenic,
Transportation Hub, Person, Community, Highway, and Others. As shown in Figure 1,
the dataset is designed to reflect a broad range of real-world environments, with “Street”,
“Building”, and “Composite” scenes dominating, reflecting the dataset’s urban focus. The
inclusion of categories such as “Nature”, “Scenic”, and “Transportation Hub” ensures
a diverse representation of outdoor environments. The “Others” category aggregates
scenes that do not fit neatly into the other nine categories, ensuring further diversity and
generalization across different environments.

3.2.2. Object Annotation Statistics

The distribution of object annotations is shown in Figures 7 and 8. In Figure 7, we
observe that most images contain multiple annotated objects, with a significant number
containing more than 15 object annotations. This highlights the dataset’s complexity and
relevance for real-world applications. Figure 8 presents the distribution of 3000 object
boxes, where “car” and “person” dominate, reflecting the urban and transportation focus
of RMTD. This distribution of annotations is consistent with common objects encountered

in outdoor environments like urban streets.

50 @B Test @B Real

S 8 &
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-
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Figure 7. Distribution of object detection annotation boxes per image.
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Figure 8. Category distribution of object detection annotation boxes.

3.2.3. Summary

RMTD addresses key limitations of prior datasets by combining synthetic and real-
world images, supporting diverse degradation scenarios, and incorporating object detection
annotations. These features make RMTD a comprehensive benchmark for evaluating robust
image restoration techniques, particularly in urban environments, and for assessing the
impact of restoration methods on downstream tasks like object detection.

4. Method

This section outlines the architecture of the proposed FFformer model, featuring novel
components specifically designed for effective multi-degraded image restoration, including
the GFSA, FSEN, SCM, FAM, and FEB.

4.1. Overall Pipeline

As illustrated in Figure 9, the architecture of FFformer is built upon a hierarchical
transformer encoder—decoder framework aimed at tackling the challenges associated with
multi-degraded image restoration. Given a degraded input I € RH*"W>3, FFformer initiates

the process by extracting low-level features Xy € RH*WxC

using a 3 x 3 convolution,
where C represents the initial channel size. These initial features serve as a foundational
representation capturing essential information from the input.

The extracted features then proceed through a 4-level encoder—decoder structure,
which serves as the backbone of the FFformer architecture. Each encoder and decoder mod-
ule contains multiple Feature Filter Transformer Blocks (FFTBs), specialized components
crucial for managing multiple degradations in images. Within each FFTB, conventional
mechanisms such as Multi-head Self-Attention (MSA) and Feed-forward Networks (FN)
are replaced with our proposed GFSA and FSEN. These enhancements not only improve
the model’s ability to capture critical information and eliminate unnecessary degradations
but also contribute to FFformer’s lightweight design.

In the encoding stage, each encoder progressively reduces the spatial dimensions
by half while doubling the channel size, facilitating a hierarchical abstraction of features.
Multi-scale features are then processed through an SCM to adapt the scales for optimal
utilization. Aggregated features from various encoder layers are fed into the image decoder
via an additional FAM, ensuring comprehensive feature utilization.

Conversely, the decoding stage reconstructs the spatial dimensions by twofold
while halving the channel size, enabling the network to generate a restored image that
faithfully captures essential details. Departing from standard skip connections [30,51],
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which typically concatenate encoder and decoder features, FFformer incorporates the
FEB. This block plays a critical role in further extracting and preserving features essential
for multi-degradation restoration.
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Figure 9. Overall architecture of the proposed FFformer for multi-degraded image restoration.

To maintain a balance between computational efficiency and information preservation,
pixel-unshuffle and pixel-shuffle operations [52] are strategically employed for down-
sampling and up-sampling of features.

After the decoding stage, a residual image R € RH*W*3 is generated through another
3 x 3 convolution, capturing the nuanced differences between the degraded input and the
reconstructed features. Finally, the restored output is obtained as O = R + I. The entire
network is trained by minimizing the L; norm loss:

L =0 — I, ®)

where I¢ denotes the ground truth and || - || denotes the L; norm. This loss function ensures
the convergence of the network towards accurate restoration.

4.2. Gaussian Filter Self-Attention

In the task of complex scene multi-degraded image enhancement, the presence of
multiple compounded degradation factors not only leads to a significant decline in image
visual quality but also results in the features extracted by image enhancement networks
being heavily contaminated with complex and high-proportion degradation factors. Re-
lying solely on the inherent learning capabilities of deep neural networks to distinguish
composite degradation features is not only challenging but also time-consuming, thereby
increasing the risk of network overfitting. To address this issue, FFformer introduces a
GFSA mechanism, incorporating the widely used Gaussian filter for signal denoising and
smoothing in images into the self-attention mechanism of the visual Transformer structure.
This approach aims to partially remove composite degradation factors at the feature level,
thereby reducing the learning difficulty for the network. The two-dimensional Gaussian
function is presented in Equation (6).

A significant contributor to the computational overhead in Transformers is the key-
query dot product interaction within the self-attention layer [53,54]. To address this chal-
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lenge, GFSA involves max-pooling the key-query features to a fixed size of 8 x 8 and
computing cross-covariance across channels rather than across spatial dimensions. This
strategic approach results in an attention matrix of size R“*¢, effectively alleviating the
computational burden associated with traditional self-attention mechanisms.

The GFSA process begins with layer normalization, followed by 1 x 1 and 3 x 3
convolutions to prepare the input X for subsequent operations. To leverage both pixel-wise
cross-channel and channel-wise spatial context, two max-pooling layers are employed.
These layers not only retain local information but also ensure a fixed feature size for both
the key and query. The GFSA process can be expressed as:

Q® = Pool(Conv(X)),K® = Pool(Conv(X)),V® = GF(Conv(X)), )

X = softmax(Q®-K°*/A)V® + X, (10)

where A is an optional temperature factor defined by A = /d.
The integration of Gaussian filtering within the self-attention mechanism is motivated
by its frequency-domain properties. The Gaussian filter in the spatial domain is defined as:

2 py?

1 _
G(X,y) = m exp 202, (11)

where (x,y) are spatial coordinates and ¢ is the standard deviation determining the filter’s
width. Through the Fourier transform, its representation in the frequency domain maintains
a Gaussian shape:

G(u,v) = exp_zmz(”), (12)

where (1, v) are frequency-domain coordinates. The magnitude—frequency characteristic
of the Gaussian filter is, therefore, a Gaussian function, which exhibits low-pass filtering
properties.

In image processing, low-frequency components generally correspond to the primary
structural information of an image, while high-frequency components often encompass
noise and fine-texture details. By incorporating a Gaussian filter into the self-attention
mechanism, we selectively attenuate high-frequency components in the feature maps. This
operation directly affects the attention distribution by smoothing the calculated attention
scores, making the model less sensitive to high-frequency noise and local perturbations.
Consequently, it guides the model to focus on broader, more semantically consistent regions,
thereby stabilizing the training process and enhancing feature quality by emphasizing
robust, low-frequency information. This formulation captures the essence of the GFSA
mechanism, demonstrating its ability to enhance the attention computation process while
preserving the input features. The introduction of GFSA not only reduces computational
overhead but also facilitates the efficient capture of essential information.

4.3. Feature Shrinkage Feed-Forward Network

While previous studies [30,55] have integrated depth-wise convolutions into feed-
forward networks to enhance locality, they often overlook the inherent redundancy and
noise in features critical for multi-degraded image restoration. To address this gap, we
introduce the FSEN, a novel mechanism that employs a soft-threshold function to shrink
feature values. This strategic approach aims to significantly reduce redundancy and eliminate
unwanted degradations, thereby ensuring the robustness of the restoration process.

As depicted in Figure 9, the FSFN process begins with the input X, which undergoes
normalization and convolution operations to prepare it for subsequent feature shrinkage.

13
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The average score M of size R'*1*C is calculated as M = GPool(|Conv(X)|), where
GPool represents global average pooling. The threshold 7 is then defined as T = M -
sigmoid (MLP(M)). The overall FSFN process can be expressed as:

X = SThold(Conv(LN(X))) + X, (13)
where SThold(x) is a soft-thresholding function defined as:

X—T xX>7T
SThold(x) = 0 —t<x<r7 (14)
X+1T x< -7

The theoretical motivation for this operation is twofold:

e  Sparsity Promotion: The soft-thresholding function zeros out all feature elements
whose absolute values are below the threshold 7. This actively promotes sparsity in
the feature representation, effectively filtering out a large number of weak or non-
significant activations that are likely to be noise or less informative components.

*  Noise Reduction: In signal processing theory, soft-thresholding is known to be the
proximal operator for the L1-norm and is optimal for denoising signals corrupted by
additive white Gaussian noise. By applying this principle to feature maps, the FSFN
module acts as an adaptive feature denoiser. It shrinks the magnitudes of all features,
aggressively pushing insignificant ones (presumed noise) to zero while preserving the
significant ones (presumed signal).

Unlike the simple gating mechanisms in the Depthwise Feed-forward Network
(DEFN) [55], soft-thresholding provides a principled, data-driven approach to noise re-
moval and feature selection. While DEN [55] primarily perform smoothing or weighting,
soft-thresholding implements an explicit “shrink or kill” strategy, which is theoretically
grounded in sparse coding and leads to a more robust and compact feature representation,
particularly effective in the presence of complex, real-world degradations. The incorpora-
tion of FSFN within the FFformer framework significantly reduces redundancy, facilitating
the effective elimination of degradations.

4.4. Scale Conversion Module and Feature Aggregation Module

To effectively harness the multi-scale features generated during the encoding process
of FFformer, we introduce two key components: the SCM and the FAM. These modules are
essential for enhancing feature representations and facilitating coherent integration across
different scales.

The Scale Conversion Module is designed to resize feature representations while
preserving critical information. It initiates the process by applying both max pooling and
average pooling to the input feature F!, reducing its spatial dimensions to H/8 x W/8.
This reduction captures important characteristics at a lower resolution, allowing for more
efficient processing. The operations are defined as follows:

Fi = MaxPool (Conv(EL)), (15)

Fi = AvgPool (Conv(FY)). (16)

The outputs from both pooling operations are then concatenated and processed
through another 1 x 1 convolution to expand the channel size to 8C:

Fli = Convy (Concat(F#,Fé))' 17
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This concatenation enriches the feature set by integrating both local and averaged
information, ultimately enhancing feature representation.

Following the SCM, the FAM is employed to consolidate the processed features. The
FAM consists of two 1 x 1 convolutional layers and incorporates a channel-wise self-
attention mechanism to capture long-range dependencies within the feature maps. This
integration is performed as follows:

F, = Conv(Concat(F,ﬁ)),i =1,2,3, (18)

E, = Conv(CSA(F,, F,, F,)) +Ey, (19)

where CSA(Q, K, V) = softmax(Q - K" /A)V denotes the channel-wise self-attention oper-
ation, with A as a learnable scaling factor. This attention mechanism selectively emphasizes
significant features while downplaying irrelevant ones, enhancing the module’s overall
efficacy. Additionally, the integration of residual connections promotes stability and con-
vergence during the learning process, further improving the performance of the module.

4.5. Feature Enhancement Block

The effectiveness of skip connections in U-Net-like architectures is often hampered by
the semantic gap and spatial misalighment between encoder and decoder features. While
prevalent feature enhancement modules, such as channel or spatial attention mechanisms,
primarily focus on refining features within a single pathway, they are less effective in
dynamically calibrating and fusing features from two distinct pathways (i.e., the decoder
and the residual connection). To address this limitation, we propose the FEB. The key
innovation of FEB lies in its dual-attention guided feature calibration and fusion mech-
anism, which explicitly and simultaneously models both cross-feature and intra-feature
dependencies to achieve more effective skip connections.

Unlike traditional skip connections [30,51] that simply concatenate encoder and de-
coder outputs, the FEB introduces a more sophisticated approach to extracting and pre-
serving critical features within a residual framework. As depicted in Figure 10, the FEB
incorporates both cross-feature channel attention and intra-feature channel attention mecha-
nisms, strategically designed to enhance the model’s capability to utilize features effectively.
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Feature Enhancement Block
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Figure 10. Implementation of the proposed FEB.

Given a decoder feature X and a residual feature Y, the FEB initiates by computing the
query, key, and value matrices for cross-feature attention. To distinguish these from the self-
attention matrices in GFSA, we denote them with the superscript e (for “enhancement”):
Q° = Pool(Conv(X)), K® = Pool(Conv(Y)), V5 = Conv(X), and Vy = Conv(X). These
computations facilitate the subsequent cross-feature channel attention mechanism. Similar
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to GFSA, the intermediate outputs are calculated as X° = softmax(Q° - K*/A)V§ and
Y = softmax(K®- Q°/A)Vy.

The FEB further incorporates intra-feature channel attention by applying global aver-
age pooling to each feature map, generating an attention matrix. The overall formulation
of the FEB process is given by:

X = Concat(X® - MLP(Gpool (LN(X))).Y¢ - MLP(Gpool(LN(Y)))). (20)

This formulation captures the essence of the Feature Enhancement Block, highlighting
its ability to synergistically combine cross-feature and intra-feature channel attention for
improved extraction and preservation of vital features. By integrating the FEB within
the residual structure, the model transcends basic concatenation, offering a refined and
effective mechanism for enhancing crucial feature representation.

5. Experiments and Analysis

In this section, we provide a comprehensive comparison between our proposed
FFformer and other state-of-the-art methods designed for task-specific and multi-
degradation removal.

5.1. Datasets

Our experiments utilize the newly introduced RMTD dataset alongside subsets of
the BID2a dataset, specifically the 5th (BID2a-5) and 6th (BID2a-6) subsets, as outlined by
Han et al. [8]. The BID2a-5 dataset consists of synthetic images affected by rain and haze,
while the BID2a-6 dataset presents the additional challenge of simultaneous disturbances
from rain, haze, and snow. These datasets serve as valuable benchmarks for assessing the
robustness and versatility of image restoration methods under various weather conditions.

5.2. Implementation Details

Our framework is implemented using PyTorch 1.10. For RMTD dataset, the models are
trained on the Train subset, validated on 1600 images from the Others subset, and evaluated
on the dedicated RMTD Test subset. This split ensures that the model is tuned and assessed
on distinct data sources. We use the Adam optimizer with parameters (81 = 0.9, > = 0.999)
and a weight decay of 1 x 10~%. The models are trained for 200 epochs with a batch size
of 8. The training loss is the L1 loss between the predicted and ground-truth images. The
initial learning rate is set to 1 x 10~ and is gradually reduced to 1 x 10~° using a cosine
annealing scheduler [56] with a period of 200 epochs (T-max = 200) and no restarts. Input
images are randomly cropped to a fixed patch size of 256 x 256 during training, while
center cropping is applied for validation and testing. The architectural hyperparameters
are set as follows: the number of FFformer blocks N7, N», N3, Ny is 2,4,4, 6, the number
of attention heads in the GFSA modules is 1,2, 4,8, and the base channel dimensions are
32,064,128, 256.

5.3. Evaluation Metrics

To assess the performance of multi-degraded image restoration on labeled datasets
RMTD-Syn, BID2a-5 [8], and BID2a-6 [8], we employ two widely used full-reference metrics:
Peak Signal-to-Noise Ratio (PSNR in dB) [57] and Structural Similarity Index (SSIM) [58].
These metrics provide a quantitative assessment by comparing the restoration results with
the corresponding ground truth images.

Additionally, we utilize two non-reference image quality evaluation indicators:
BRISQUE [59], which measures potential losses of naturalness in images, and NIQE [60],
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which is based on a collection of statistical features constructed from a space-domain
natural scene statistic (NSS) model.

5.4. Comparisons with State-of-the-Art Methods

We conduct a comprehensive comparison between FFformer and state-of-the-art
restoration methods. The evaluated methods include four task-specific approaches (De-
rainNet [3], Principled-Synthetic-to-Real-Dehazing (PSD) [61], Complementary Cascaded
Network (CCN) [62], Deblur-NeRF [63]) and seven generalized restoration methods (MPR-
Net [28], Uformer [30], Restormer [35], BIDeN [8], Weather-General and Weather-Specific
(WGWS) [32], Patil et al. [31], Adaptive Sparse Transformer (AST) [33]). More details about
the comparison methods are provided in Table 2.

Table 2. Details of the comparison methods.

Category Methods Source

DerainNet [64] TIP’ 2017
Task-specific PSD [61] CVPR’ 2021
Methods CCN [62] CVPR’ 2021
Deblur-NeRF [63] CVPR’ 2022
MPRNet [28] CVPR’ 2021
Multiple Uformer [30] CVPR’ 2022
Degradations Restormer [35] CVPR’ 2022
Removal BIDeN [8] ECCV’ 2022
Methods WGWS [32] CVPR’ 2023
Patil et al. [31] ICCV’ 2023
AST [33] CVPR’ 2024

Synthetic. Qualitative assessments on synthetic datasets are visually demonstrated in
Figures 11-13. FFformer exhibits impressive capabilities in removing multiple degradations,
producing high-quality images that closely resemble the ground truth. The quantitative
results, as shown in Tables 3 and 4, highlight FFformer’s consistent superiority over other
methods, with PSNR and SSIM scores of 28.67 vs. 28.24 and 0.880 vs. 0.873, respectively,
on the RMTD-Syn dataset. The satisfactory results obtained by FFformer on BID2a-5 and
BID2a-6 further affirm its efficacy in restoring multi-degraded images across diverse syn-
thetic datasets. This robust and versatile performance underscores FFformer’s effectiveness
in tackling the challenges posed by multi-degradations, solidifying its position as a reliable
solution for various multi-degraded image restoration scenarios.

Real. To thoroughly evaluate the model’s performance and generalization capability
in authentic, uncontrolled outdoor scenarios, we conducted extensive experiments on
the RMTD-Real. Furthermore, to directly address the model’s ability to generalize across
unseen degradation domains, we designed a cross-dataset validation experiment.

The quantitative results are summarized in Table 5. Crucially, the new Table 5 pro-
vides a cross-dataset analysis, where models were trained on different source datasets—
BID2a, BID2b, and our RMTD-Syn—and evaluated on the target RMTD-Real set. The
results confirm two key findings: First, training on our RMTD-Syn dataset yields the
best performance on real-world images, even when compared to models trained on other
real-world degradation datasets (BID2b). This demonstrates that the comprehensive
multi-degradation simulation in RMTD effectively bridges the sim-to-real gap. Second,
our FFformer consistently achieves the best no-reference quality metrics, attesting to its
robustness and adaptability.
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Table 3. PSNR 1/SSIMT on three multiple degradation removal datasets. 1 denotes that a higher

value indicates better performance.

Datasets BID2a-5 [8] BID2a-6 [8] RMTD-Syn
Degraded 14.05/0.616 12.38/0.461 15.09/0.410
DerainNet [64] 18.68/0.805 17.53/0.721 21.43/0.772
PSD [61] 22.17/0.855 20.57/0.809 26.97/0.839
CCN [62] 20.86/0.831 19.74/0.782 25.41/0.830
Deblur-NeRF [63] 21.10/0.840 20.12/0.797 26.87/0.843
MPRNet [28] 21.18/0.846 20.76/0.812 27.31/0.860
Uformer [30] 25.20/0.880 25.14/0.850 27.98/0.858
Restormer [35] 25.24/0.884 25.37/0.859 28.02/0.868
BIDeN [8] 27.11/0.898 26.44 /0.870 28.04/0.869
WGWS [32] 26.87/0.899 25.89/0.856 27.91/0.864
Patil et al. [31] 26.55/0.884 26.20/0.861 28.10/0.871
AST [33] 27.15/0.901 26.32/0.865 28.24/0.873
FFformer (ours) 27.41 /0.905 26.51/0.871 28.67/0.880

Table 4. No-reference BRISQUE /NIQE/ on three multiple degradation removal datasets. | denotes
that a lower value indicates better performance.

Datasets BID2a-5 [8] BID2a-6 [8] RMTD-Syn
Degraded 34.420/5.793 33.574/6.150 32.436/9.917
DerainNet [64] 33.877/5.742 32.015/6.062 30.617/4.967
PSD [61] 34.876/5.665 33.116/6.156 29.317/4.101
CCN [62] 33.624/5.736 34.394/6.134 30.261/4.575
Deblur-NeRF [63] 31.733/5.695 31.531/5.864 29.411/4.038
MPRNet [28] 31.348/5.567 32.377/5.969 28.518/3.950
Uformer [30] 30.627/5.324 31.001/5.599 29.690/4.183
Restormer [35] 29.137/5.346 30.482/5.504 30.234/3.870
BIDeN [8] 27.967/5.242 28.395/5.386 28.043/3.902
WGWS [32] 28.495/5.201 28.897/5.431 27.917/3.824
Patil et al. [31] 28.365/5.197 28.172/5.354 27.710/3.833
AST [33] 28.144/5.166 27.814/5.301 27.967/3.764
FFformer (ours) 27.134/5.084 26.313/5.146 26.451/3.685

Degraded Image from RMTD-syn WGWS Patil et al. AST FFformer

Figure 11. Qualitative restoration results on the RMTD-Syn dataset with PSD [61], MPRNet [28],
Uformer [30], BIDeN [8], WGWS [32], Patil et al. [31], and AST [33].
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Degraded Image from BID2a-5 WGWS atiI etal. ] FFformer

Figure 12. Qualitative restoration results on the BID2a-5 [8] with PSD [61], MPRNet [28], Uformer
[30], BIDeN [8], WGWS [32], Patil et al. [31], and AST [33].
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Figure 13. Qualitative restoration results on BID2a-6 [8] with PSD [61], MPRNet [28], Uformer [30],
BIDeN [8], WGWS [32], Patil et al. [31], and AST [33].

Degraded Image from BID2a-6 WGWS Patil et a/. AST FFformer

Table 5. Cross-dataset generalization evaluation on the RMTD-Real test set. Models are trained on
different source datasets (BID2a, BID2b, RMTD-Syn) and evaluated on the target RMTD-Real set
using no-reference image quality metrics (BRISQUE|/PIQE]). Results demonstrate the superior
effectiveness of the proposed RMTD-Syn dataset for generalizing to real-world multi-degradation
scenarios and the robust performance of our FFformer.

Training Set BID2a [8] BID2b [8] RMTD-Syn
Degraded 28.443/3.850 28.443/3.850 28.443/3.850
DerainNet [64] 29.431/3.871 29.991/3.955 29.624/3.844
PSD [61] 27.970/3.860 27.317/3.851 27.246/3.717
CCN [62] 28.412/3.812 27.961/3.974 28.791/3.901
Deblur-NeRF [63] 28.011/3.784 29.411/3.978 27.664/3.695
MPRNet [28] 27.318/3.759 27.118/3.801 26.417/3.672
Uformer [30] 28.682/3.647 29.013/3.661 27.011/3.590
Restormer [35] 27.302/3.756 27.034/3.720 26.181/3.604
BIDeN [8] 26.704/3.688 26.430/3.667 25.448/3.506
WGWS [32] 25.813/3.670 25.517/3.657 24.682/3.547
Patil et al. [31] 25.710/3.667 25.613/3.671 24.827/3.598
AST [33] 26.124/3.733 25.867/3.715 24.961/3.568
FFformer (ours) 25.012/3.562 25.334/3.541 23.437/3.427
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Qualitatively, Figure 14 provides a compelling visual comparison. It shows that
models trained on the weather-specific BID2b dataset struggles to fully restore a real-world
image from RMTD-Real, which likely contains a complex mixture of degradations beyond
just weather. In contrast, models trained on our diverse RMTD-Syn dataset successfully
removes artifacts and recovers finer details.

(a) Degraded (b) Restormer-BID2b (c) Restormer-RMTD  (d) WGWS-BID2b  (¢) WGWS-RMTD

Figure 14. Visual comparison of models trained on different datasets and evaluated on RMTD-Real.
The comparison between (b,d) models trained on BID2b and (c,e) models trained on RMTD-Syn
demonstrates that training on our diverse synthetic dataset yields superior restoration of details and
more effective degradation removal in complex real-world conditions. The image contains a Chinese
sign, which translates to “Gaokao Security Service Station”.

Finally, Figure 15 provides a critical analysis of the model’s cross-dataset generalization
capability. It showcases the restoration results of different models (all trained on our
multi-degradation RMTD-Syn) when applied to real-world images from external sources
(RTTS [1], SPA [4], BLUR-J [6]), each characterized by a single, dominant degradation
type. The compelling performance across these diverse degradation domains demonstrates
that the feature representations learned from our comprehensive RMTD-Syn dataset are
highly robust and generalizable, effectively transferring to restoration tasks beyond the
specific multi-degradation mixtures seen during training. Among them, our FFformer
consistently produces the most visually pleasing results with the cleanest backgrounds and
best-preserved details, solidifying its status as a robust and versatile solution for real-world
image restoration.

Object Detection. The assessment of object detection performance, conducted using
YOLOVS [65] on restoration results, highlights FFformer’s consistent superiority in accu-
rately detecting objects within multi-degraded images. As shown in Table 6, FFformer
outperforms alternative methods, demonstrating its exceptional ability to restore images
while preserving crucial details necessary for reliable object detection. This comprehensive
evaluation underscores FFformer’s efficacy and robustness in restoring images affected by
complex multi-degradations, positioning it as a state-of-the-art solution for multi-degraded
image restoration tasks.

Table 6. Object detection results in mAP{ using YOLOVS [65].

Datasets RMTD-Syn RMTD-Real

Degraded 0.1580 0.5259
Uformer [30] 0.3710 0.5789

BIDeN [8] 0.3804 0.5893
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Table 6. Cont.

Datasets RMTD-Syn RMTD-Real
Patil et al. [31] 0.3821 0.5876

AST [33] 0.3841 0.5955

FFformer 0.3965 0.6012
Ground Truth 0.4153 -

(a) Degraded (b) WGWS (c) AST (d) FFformer

Figure 15. Cross-dataset generalization to real-world images with single degradations. All com-
pared models were trained solely on the proposed RMTD-Syn dataset (multi-degradation) but are
evaluated here on real images from external sources, each exhibiting a single dominant degrada-
tion (Hazy, Rainy, Blurry). The successful restoration across these different degradation domains
demonstrates the strong generalization capability and robust feature learning fostered by our
training dataset. Furthermore, our FFformer achieves the most visually pleasing results with the
cleanest backgrounds and best-preserved details. The image contains a Korean advertisement
poster implying low-cost rentals.

5.5. Ablation Studies

The ablation study of the transformer architecture is summarized in Table 7 and
Figure 16. The GFSA, which focuses on selecting local maximum features, outperforms
the MSA, achieving a notable 0.26 dB gain in PSNR and a 0.007 gain in SSIM. Additionally,
the feature value shrinkage introduced by the FSFN enhances its ability to filter redundant
degradations, resulting in a 0.27 dB PSNR gain over the conventional FN [54] and a 0.08 dB
PSNR gain over the DEN [55]. Overall, compared to the baseline, the architecture achieves
a significant improvement with a 0.82 dB gain in PSNR and a 0.018 gain in SSIM.

The ablation study results presented in Table 8 and Figure 17 further illuminate the
significant contribution of the FEB to the overall network improvement. FEB plays a crucial
role, leading to a remarkable enhancement of 0.76 dB in PSNR and a substantial gain of
0.022 in SSIM. This underscores the effectiveness of FEB in refining and enriching feature
representations, significantly contributing to FFformer’s restoration performance.
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Figure 16. Qualitative ablation study results of the Feature Filter Transformer Block on RMTD-Syn dataset.
(a) Degraded, (b) MSA + FN, (c) GFSA + FN, (d) MSA + FSEN, (e) GFSA + FSEN, (f) Ground Truth.

(o)

Figure 17. Qualitative ablation study results of the Feature Enhancement Block on RMTD-Syn
dataset. (a) Degraded, (b) w/o FEB, (c) w/o intra-feature attention, (d) w/o cross-feature attention,

(e) intra-feature + cross-feature attention, (f) Ground Truth.

Table 7. Quantitative ablation study results of the Feature Filter Transformer Block on RMTD-Syn dataset.

Network Component PSNR 1 SSIM 1
baseline MSA + FN [54] 27.85 0.862
Multi-head Attention GFSA + FN [54] 28.11 0.869
MSA + DEN [55] 28.04 0.867
Feed-forward Network MSA + FSEN 28.12 0.871
Overall GFSA + FSEN 28.67 0.880
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Table 8. Quantitative ablation study results of the Feature Enhancement Block on RMTD-Syn dataset.

Cross-Feature

Intra-Feature

Setting ) ° PSNRT SSIM 1
Attention Attention
(@) 2791 0.858
(b) v 28.29 0.869
(c) ve 28.17 0.865
(d) v e 28.67 0.880

5.6. Study of Hyper-Parameters and Model Complexity

In this study, we investigate the impact of hyper-parameters and model complexity

on the performance of FFformer. Four hyper-parameter configurations are tested, varying

layer numbers, attention heads, and channel numbers. Specifically, we consider two

settings for layer numbers: {4, 4, 4, 4} and {2, 4, 4, 6}, along with two settings for attention
heads: {2, 2, 4, 4} and {1, 2, 4, 8}. The corresponding channel numbers are {64, 64, 128, 128}
and {32, 64, 128, 256}, respectively. The comparison results are summarized in Table 9.

Table 9. Comparison of Hyper-parameters on RMTD-Syn dataset.

Settings Layer Nums Attention Heads PSNR1/SSIM?
(a) 4,4,4,4 2,2,4,4 26.97/0.862
(b) 4,4,4,4 1,2,4,8 28.10/0.868
(0) 2,4,4,6 2,2,4,4 28.17/0.867
(d) 2,4,4,6 1,2,4,8 28.67/0.880

Furthermore, the model complexity analysis in Table 10 reinforces FFformer’s position

as a lightweight model. It not only exhibits the lowest computational complexity but also

achieves the fastest average inference time on 512 x 512 pixel images. This efficiency is

attributed to the synergistic effects of feature size reduction and feature value shrinkage
introduced by GFSA and FSFN. As shown in Figure 18, the FFformer is an efficient and
lightweight image enhancement model for complex scene images. Consequently, FFformer

excels in restoration performance and proves to be a practical and efficient solution for

multi-degraded image restoration tasks, making it suitable for applications in systems such

as autonomous driving and safety monitoring.

28.80 0.888
Yo pssR O s |
28651 2 FFformer(ours) ’
-0.880
28.50 1
28351 AST 087
= CVPR’24 H0.872 &
Tz 28.20 4 Patil. et al.
ﬂzd - BIDeN ICCV*23 * -0.868
& 28.05 KECVZ s @ H0.864 7
Uformer
] CVPR’234y I
27.90 @ Orr22 ¥ 0.860
27.751 [Tt
-0.852
27.60 : ; | | | .
0 200 400 600 800 1000 1200 1400
FLOPs(G)|

Figure 18. PSNRT and SSIM? vs. FLOPs| on the RMTD. FFformer outperforms state-of-the-art
methods (AST [33] in cyan, BIDeN [8] in orange, Uformer [30] in blue, WGWS [32] in green, and Patil
et al. [31] in purple) in both metrics while maintaining lower computational complexity.
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Table 10. Comparison of Model Complexity.

Model FLOPs Parameters Inference Time
Uformer [30] 347.6 G 50.9 M 0.1737 s
BIDeN [8] 344.0 G 38.6 M 1.2140s
WGWS [32] 996.2 G 126 M 0.1919 s
Patil et al. [31] 12629 G 11.1M 0.1098 s
AST [33] 213.6 G 13.4M 0.1594 s
FFformer 131.7 G 172M 0.0847 s

6. Conclusions

In conclusion, this paper introduces the Feature Filter Transformer (FFformer) as a
specialized solution for multi-degraded image restoration. By leveraging the synergistic
capabilities of the Gaussian Filter Self-Attention (GFSA) and Feature Shrinkage Feed-
forward Network (FSEN), FFformer effectively compresses feature sizes and shrinks feature
values simultaneously. Additionally, FFformer employs the innovative Scale Conversion
Module (SCM) and Feature Aggregation Module (FAM) to adeptly handle multi-scale
features within the image encoder. The integration of the Feature Enhancement Block (FEB)
further refines the extraction of valuable multi-degradation features in the decoder.

Furthermore, we present the inaugural Robust Multi-Type Degradation (RMTD)
dataset, a significant milestone in image restoration methodologies, as it encompasses
multiple degradations simultaneously. The creation of RMTD represents a crucial ad-
vancement, providing a valuable resource for ongoing research and future developments
in the field. Comparative experiments conducted on the RMTD dataset and other sources
compellingly demonstrate FFformer’s superior performance in multi-degraded image
restoration. Ultimately, FFformer emerges as an innovative approach, promising ro-
bust solutions for applications reliant on accurate visual information under challenging
weather conditions.

Looking ahead, our future work will focus on two key directions. First, we plan
to extend our efficient restoration framework to enable comprehensive benchmarking
against state-of-the-art large-scale generative and foundation models, which will require
access to elevated computational resources. Second, we aim to continually expand
the diversity and realism of the RMTD dataset by incorporating a wider spectrum of
challenging real-world degradations.
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Abstract: Multimodal contrastive learning has achieved significant performance advan-
tages in self-supervised skeleton-based action recognition. Previous methods are limited by
modality imbalance, which reduces alignment accuracy and makes it difficult to combine
important spatial-temporal frequency patterns, leading to confusion between modalities
and weaker feature representations. To overcome these problems, we explore intra-modality
feature-wise self-similarity and inter-modality instance-wise cross-consistency, and dis-
cover two inherent correlations that benefit recognition: (i) Global Perspective expresses
how action semantics carry a broad and high-level understanding, which supports the use
of globally discriminative feature representations. (ii) Focus Adaptation refers to the role of
the frequency spectrum in guiding attention toward key joints by emphasizing compact
and salient signal patterns. Building upon these insights, we propose a novel language—
skeleton contrastive learning framework comprising two key components: (a) Feature
Modulation, which constructs a skeleton-language action conceptual domain to minimize
the expected information gain between vision and language modalities. (b) Frequency
Feature Learning, which introduces a Frequency-domain Spatial-Temporal block (FreST)
that focuses on sparse key human joints in the frequency domain with compact signal
energy. Extensive experiments demonstrate the effectiveness of our method achieves re-
markable action recognition performance on widely used benchmark datasets, including
NTU RGB+D 60 and NTU RGB+D 120. Especially on the challenging PKU-MMD dataset,
MICA has achieved at least a 4.6% improvement over classical methods such as CrosS-
CLR and AimCLR, effectively demonstrating its ability to capture internal and contextual
attention information.

Keywords: skeleton-based action recognition; multimodal learning; contrastive learning;
frequency learning

1. Introduction

Human action recognition (HAR) has emerged as a critical area with wide-ranging
applications across sensor-based domains, including consumer-level surveillance [1,2],
autonomous driving [3,4], human-computer interaction [5,6], medical rehabilitation [7,8],
sports analytics [9,10], and smart city systems [11,12]. Recent HAR methods utilize multi-
modal sensor data, such as RGB images, depth maps, and optical flow, to capture comple-
mentary information and improve recognition accuracy [13]. However, extracting accurate
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action representations from sensor-derived video is challenging due to background inter-
ference and inconsistent lighting, which could distort the relationships between human
joints and reduce recognition accuracy [14,15].

Skeleton data provide 3D joint positions, motion details, and topological relationships,
offering an efficient and compact representation of spatiotemporal features [16,17]. Al-
though it highlights key attributes of human actions, extracting joint-level information
often loses contextual semantics [18]. As a result, it becomes particularly challenging to
accurately recognize actions with subtle semantic differences, such as distinguishing be-
tween ‘reading’ and ‘writing’, or ‘pointing” and “victory gesture’ [19]. The absence of such
semantic information makes it difficult even for experienced researchers to differentiate be-
tween similar skeletal patterns, let alone intelligent models [20,21]. As a result, multimodal
fusion methods have become increasingly important, especially for fine-grained actions
that rely heavily on semantic cues and interaction understanding [22]. Multimodal fusion
approaches can generally be divided into two categories: RGB + Skeleton [14,23] and Se-
mantics + Skeleton [24,25]. Although RGB + Skeleton methods achieve high accuracy [26],
they require heavy computation and are unsuitable for lightweight applications. In contrast,
semantics and skeleton are compact high-level representations, where semantics need some
preprocessing, but inference remains more efficient than RGB methods [27]. Large-scale
labeling is costly and error-prone, while self-supervised learning offers a way to reduce
such challenges by removing supervision or generating pseudo-supervision [28,29].

Recently, several studies have advanced skeleton-based self-supervised and multi-
modal learning with novel mechanisms. For example, HiCLR [30] and HYSP [31] explored
hierarchical consistency and hyperbolic learning to enhance representation robustness,
yet they rely heavily on complex augmentation strategies, which may limit scalability.
Skeleton-logoCLR [32] and CStrCRL [33] enhanced feature discrimination through global-
local contrastive learning and gated graph modeling, yet they still rely mainly on struc-
tural cues without semantic understanding. In contrast, multimodal frameworks such
as SAM-Net [34] and CFVL [35] integrated vision-language alignment, achieving better
interpretability but incurring heavy computational costs. More recent cross-modal skeleton—
language methods, such as ActionGCL [36] and CoCoDiff [37], introduced semantic-guided
diffusion and contrastive consistency, but they struggle to maintain stable intra-modal
self-similarity, leading to inconsistent representations. These limitations collectively high-
light the need for a unified approach that can model both intra-modal self-similarity and
inter-modal cross-consistency, motivating the design of our proposed framework.

Current self-supervised contrastive learning methods overlook several key aspects.
First, relying on similarity measures in single-modal skeleton data suffers from contextual
gaps, missing objects, and entangled spatiotemporal features, which weaken salient feature
extraction and cause action misclassification. Second, most methods focus on spatiotempo-
ral pairs while ignoring instance-wise consistency within a modality. Preserving internal
structure is crucial for fine-grained details and accurate recognition. Third, point-wise
temporal mappings fail to capture global dependencies, and noise, redundancy, and weak
joint-movement representation further reduce discriminative power.

To systematically explore the relationship between inter-modal consistency and intra-
modal self-similarity, and their combined effect on enhancing action recognition, we propose a
novel framework called Modeling Internal and Contextual Attention (MICA). The framework
enhances both feature-level and instance-level representations through two core components:
the Feature Modulation and the Frequency-domain Spatial-Temporal Block (FreST).

Feature Modulation aligns skeletal motion data with corresponding semantic informa-
tion by minimizing the representational distance between sample features and class-specific
anchor points. Such alignment encourages precise decision boundaries and improves
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discrimination among similar actions. The effectiveness of this mechanism is visually
demonstrated in the red sector area of Figure 1. FreST refines motion encoding by trans-
forming skeleton sequences into the frequency domain, highlighting sparse yet informative
joint movements. Adaptive filters suppress redundancy while preserving discriminative
temporal-spatial features. By combining global and local frequency filtering, FreST captures
structural variations and enhances action representations.

Skeleton:
:’ ——— FD features left.
Frequency E ==== FD feamres.qght. !
. I Sparse key joint
domain Reg Adap. {27 Frequency Filter
(a) Intra-modal self-similarity
I EEEEEENENEEEEEEEEEEN]
Skeleton:

Seiit A person stands Person raises Then, the person | ; <+ Kullback-Leibler 1
: 1 5 . 1
CNLENCes: | ih hands down hands and claps = |lowers their hands :\ Feature Modulation 3]

(b) Inter-modal cross-similarity

Figure 1. We illustrate two similarity mechanisms for feature association. (a) Intra-modal self-
similarity: Analyzes skeleton sequences in the frequency domain (high-frequency, adaptive region,
etc.) with features like left/right FD features, sparse key joints, and frequency filters to find single-
modality associations. (b) Inter-modal cross-similarity: Achieves cross-modal association between
skeleton sequences and text (e.g., “A person stands with hands down’) via KL divergence and Feature
Modulation (FM).

Together, Feature Modulation and FreST provide a unified framework for cross-modal
alignment and structural modeling, enabling context-aware attention with frequency-
domain refinement. Extensive experiments across pre-training, linear evaluation, fine-
tuning, and semi-supervised settings demonstrate significant performance gains without
requiring extra labeled data. Visual validation further illustrates the skeleton-language
action domain. To summarize, our main contributions are threefold:

*  We propose a novel self-supervised framework named Modeling Internal and Contex-
tual Attention (MICA), which enhances skeleton-based action recognition by jointly
modeling intra-modal self-similarity and inter-modal cross-modal consistency.

¢  We introduce a Feature Modulation mechanism that constructs a skeleton-language
conceptual domain by minimizing the expected information gain between modalities,
enabling alignment of action representations in a shared semantic space.

*  We design a Frequency-domain Spatial-Temporal Block (FreST) that adaptively filters
sparse yet informative joint movements, leveraging global and local frequency filters
to capture salient spatial-temporal patterns for fine-grained action recognition.

The remainder of this paper is organized as follows. Section 2 reviews related works
on self-supervised learning, contrastive learning, and frequency-based skeleton action
recognition. Section 3 introduces the preliminaries, including the skeleton encoder, semantic
encoder, and semantic description learning. Section 4 presents the proposed Modeling
Internal and Contextual Attention (MICA) framework in detail. Section 5 reports extensive
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experimental results and ablation studies on multiple benchmark datasets. Finally, Section 6
concludes the paper and discusses possible future research directions.

2. Related Works

In this section, we explore key techniques such as self-supervised learning, contrastive
learning, multimodal contrastive learning, and frequency feature learning in skeleton-based
action recognition.

Self-supervised Learning with skeleton aims to learn discriminative feature repre-
sentations from unlabeled data to reduce the dependence on labeled data. Many efforts
have been devoted to designing self-supervised learning frameworks to extract skele-
ton spatiotemporal motion features for benefiting recognition. Specifically, MS2L [38]
performs motion prediction modeling by predicting future sequences, while integrating
multi-task and jigsaw puzzle [39,40] recognition to solve the overfitting problem of single-
task reconstruction. In addition, recent multimodal self-supervised frameworks such as
SeBiReNet [41] and HiCo [42] have explored cross-modal consistency and hierarchical
feature learning, providing valuable insights into the design of multi-stream skeleton rep-
resentation models. However, it is difficult for these methods to compete with advanced
supervised methods [43—45].

Skeleton-based Contrastive learning has demonstrated remarkable performance ad-
vantages in self-supervised model pre-training. It effectively enhances the discriminative
ability of feature representations and improves model performance in downstream tasks.
Contrastive learning has been popularized in skeleton-based action recognition recently,
such as SkeletonCLR [28], AimCLR [46], ActCLR [47], and others [48,49]. In addition to
contrastive paradigms, non-contrastive self-supervised methods have also shown great
potential. For example, [17,50-52] learn spatiotemporal representations through masked
auto-encoding without using contrastive objectives, effectively capturing fine-grained
motion dynamics and frequency-aware structural dependencies in skeleton sequences.
However, the information bottleneck (e.g., contextual gap and missing interaction objects)
of single-modal skeleton data, and the complete entanglement of information caused by
spatiotemporal modeling networks, contribute to the misclassification of similar actions.

Semantic Augmentation Strategies on Multimodal Skeleton Action Recognition
have brought significant benefits to addressing the aforementioned information gap prob-
lem. Approaches such as CLIP [27] and ALIGN [53] achieve cross-modal understanding
by learning to compare text and images. Integrating skeletal and linguistic semantics has
become a powerful approach to enhance action recognition. Recent methods incorporate
descriptive language into skeleton features using prompts, label embeddings, or generated
text to enrich contextual understanding. For example, SMIE [54], SA-DVAE [55], and
Text-CLS-Transformer [56] align skeleton and text spaces through mutual information
maximization, variational modeling, or prompt-based joint embedding, while HSARL [57]
introduces motion semantics from language models to improve generalization. Other
approaches, such as LPSR [58], ActionGCL [36], and CoCoDiff [37], use contrastive ob-
jectives and latent diffusion to enforce consistency between skeleton representations and
language embeddings, enhancing discrimination for ambiguous actions. At the structural
level, CrossGLG [59], Neuron [60], and LGGT [61] construct skeleton—text association
matrices guided by semantic priors to improve spatial-temporal modeling, and methods
like GAP [24], MMER [25], SAM-Net [34], CFVL [35], and SAT-GCN [62] further align
inter-joint and inter-class structures using generative prompts and motion cues.

Frequency Feature Learning effectively addresses the inherent noise and redundancy
present in skeleton data, thereby enhancing the ability to express salient information.
DCT [63] introduced a frequency-domain learning approach, showcasing its effective-
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ness and advantages in a range of tasks (e.g., classification, detection, and segmentation).
Frequency-domain compressed representation contains rich patterns for action recognition
tasks. Frequency-domain MLPs [64] utilize MLPs in the frequency domain to address
point-wise mappings and information bottlenecks in prediction tasks. Nonetheless, the
frequency representation learning approach has seen limited application in skeleton-based
action recognition.

Summary and Distinction from Existing Works. Despite remarkable progress, exist-
ing multimodal and skeleton contrastive learning methods still face two key limitations.
First, most CLIP-based frameworks (e.g., ActionGCL [36], CoCoDiff [37]) rely on direct
similarity maximization between modalities, which often leads to weak intra-modal consis-
tency and insufficient control over semantic alignment. Second, recent frequency-domain
methods (e.g., DCT [63], Frequency-MLPs [64]) improve signal compactness but treat
frequency patterns as static representations, lacking adaptability to motion-dependent
variations. In contrast, our proposed Modeling Internal and Contextual Attention (MICA)
introduces two complementary modules: (1) Feature Modulation (FM), which models
expected information gain to achieve fine-grained skeleton-language alignment while pre-
serving intra-modal feature similarity; and (2) Frequency-domain Spatial-Temporal Block
(FreST), which performs adaptive global-local frequency filtering on sparse joints to retain
discriminative and context-aware spectral cues. Together, these designs provide a unified
solution that simultaneously strengthens semantic alighment and spectral discrimination,
two aspects that have rarely been optimized jointly in previous works.

3. Preliminaries

This section introduces foundational knowledge for semantic-guided skeleton-based
action recognition, focusing on three key components: the skeleton encoder, the se-
mantic encoder, and semantic description learning. These elements collectively form
the basis of frameworks that align body motion and semantic meaning for improved
action understanding.

3.1. Skeleton Encoder

Given a sequence of human body joints in 2D or 3D coordinates, the skeleton can
be structured as a graph G = (V,E), where V = (v, 0y, ...,vN) denotes a set of N joints
(nodes), each v; representing the 3D coordinate of the i-th joint in the human body, and
& defines the bones (edges) connecting them. For this undirected graph, an adjacency
matrix A € RN*N is used, where each entry A;; = 1if joints v; and v; are directly
connected, and 0 otherwise. The action sequence is represented by the joint feature set
X ={xn € RC |1 <t<T,1<n< N}, where Xt denotes the feature vector of joint v,
at frame t, and C represents the number of input channels (e.g., the 3D coordinates (x, y, z)
or other motion-related attributes such as velocity or confidence scores). The overall input
can be written as a tensor X € RT*N*C_ With X representing temporal features and A
capturing the spatial structure, a typical graph convolutional layer performs the update
as follows:

X = (A 2 AR 2 XIWY), 1)

where A = A + I includes self-loops to preserve node features, and A is the corresponding
degree matrix, whose diagonal element Aji = Y Aij represents the number of connections
(including self-loops) of node v;. The function ¢ (-) applies a non-linear activation, and
W! € RE*Ci41 is the trainable weight matrix at layer I. The skeleton encoding process can
be simplified using the following formula:

S = Es(S(J)/ (2)
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where Sy € RT*N*C is the raw input tensor of joint features over time, E(-) is the learn-
able skeleton encoder that fuses spatial graph convolutions with temporal modeling to
capture joint dependencies, and S is the resulting compact spatiotemporal embedding for
downstream tasks.

3.2. Semantic Encoder

Semantic action recognition transforms a textual description 7y (the raw input text)
into an embedding vector Z by applying a semantic encoder E;, where E; refers to a
pretrained transformer model such as CLIP or BERT. In this work, we adopt the CLIP
text encoder because it provides a well-aligned multimodal embedding space that bridges
visual and linguistic semantics. Unlike generic language models, CLIP has been trained
on large-scale paired image—text data, enabling it to capture fine-grained action semantics
and contextual cues that are crucial for skeleton-language alignment. This characteristic
makes it particularly suitable for enhancing cross-modal consistency in self-supervised
action recognition. The transformation is expressed as:

Z=E(Ty), ZeR (3)

where d denotes the size of the semantic feature space used to match text with visual or
skeletal information. Input descriptions can vary in form, including action names, synony-
mous expressions, structured part-based templates, or rich natural-language paragraphs.

3.3. Semantic Description Learning

To integrate semantic guidance into skeleton-based action representation, various
strategies have been explored under different supervision paradigms. Despite differences
in data and objectives, they aim to align skeleton and text features in a shared space,
typically using contrastive learning that pulls positive pairs closer and pushes negatives
apart. A typical bidirectional alignment is formulated as:

exp(sim(S;, Z;)/7)
5 exp(aim(5, 7))
exp(sim(Z;, S;) /1)
5T xplsim(Z,,5)) /%)’

ps—z(Si) =
4)

pz—s(Zi) =

where sim(-) is cosine similarity and 7 is the temperature parameter. These probabilities
are optimized using the Kullback-Leibler divergence:

Lxi = 3Esz) [KL(PS—>Z||}/S—>Z) + KL(pZ—>S||3/Z—>S)}’ ®)

where ys_,7 and yz_, s are one-hot targets indicating positive pairs. In low-label or label-free
settings, textual descriptions generated by large language models serve as weak supervision
to guide representation learning. Finally, the overall training objective integrates the
semantic contrastive loss with task-specific terms:

‘Ctotal = Ecls + ‘X‘CKL (6)

where Lcls is the cross-entropy loss for action classification. The hyperparameter a balances
the contribution of the KL divergence. In summary, semantic description learning enriches
skeleton-based action recognition by integrating structured or unstructured language as
auxiliary supervision.

33



Sensors 2025, 25, 6532

4. Methodology

In this section, we introduce MICA, which explores inter-modal consistency and
intra-modal self-similarity and their correlations, benefiting recognition. MICA consists of
Feature Modulation (FM) strategy (Section 4.1) combined with a Frequency-domain Spatial—-
temporal Block (FreST) method (Section 4.2). In addition, SkeletonCLR is introduced to
encourage representations of different skeleton sequences to be pushed apart.

4.1. Feature Modulation

The overall framework of the proposed method includes two branches, as depicted
in Figure 2. Within the skeleton branch, the input skeleton sequence undergoes data
augmentation and topology mapping, passing through a stack of N layers of GCN blocks,
which incorporate the proposed frequency-domain spatiotemporal blocks, to encode and
generate the skeleton feature representation. Similarly, in the lower branch, the text is
processed through Byte-Pair Tokenization and then encoded into embeddings utilizing the
CLIP text encoder.

Specifically, we employ the text encoder from the CLIP ViT-B/32 model to obtain
sentence-level embeddings. Each action description or generated prompt sentence is first
tokenized and then mapped into a 512-dimensional embedding space. These embed-
dings serve as semantic anchors for cross-modal alignment with skeleton features in the
Feature Modulation module. During training, the CLIP encoder remains frozen to pre-
serve its pretrained semantic structure while minimizing the expected information gain
between modalities.

4 \
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Figure 2. The overall structure of MICA, which is the cross-modal dual-encoder structure, consists of
feature modulation and modality harmonizer. Feature modulation introduces text semantic informa-
tion. The modality harmonizer solves the modal imbalance problem by cross-attention. Additionally,
FreST is appended to the end of the skeleton encoder to capture frequency-domain features.

To elaborate further, we formulate the process of distillation as an optimization prob-
lem, where the text embedding P(X) is the true distribution, which is generated by a
pretrained encoder. Q(X’) is an approximate distribution used to fit P(X’), which is en-
coded by a learnable graph convolutional neural network. The loss is defined as the
expected information gain of P(X) with respect to Q(X'), which measures the difference
between two distributions.

The process of distillation can be formulated as an optimization problem where we
aim to minimize the difference between two distributions. Specifically, the text embedding
P(X) represents the true distribution, which is generated by a pretrained encoder. On the
other hand, Q(X) is the approximate distribution, which we seek to learn and fit to P(X),
using a graph convolutional neural network (GCN).

The goal is to bring Q(X') closer to P(X) by minimizing the discrepancy between
these two distributions. This discrepancy is quantified by a loss function, often expressed
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in terms of the expected information gain (or Kullback-Leibler divergence) between P(X)
and Q(X). The KL divergence, denoted as Dk (P(X) || Q(X)), measures how much
information is lost when Q(X') is used to approximate P(X). The schematic code is shown
as Algorithm 1. The loss function can be formally expressed as:

Likr = Ep(x)[logP(X) — 1ogQ(X)]

@)
= D (P(X)[|Q(X))

Algorithm 1 Pseudocode of FM in a PyTorch-like style

z_q,z_k,z_t: query/key embeddings and text embedding. (B x C)
queue_a: queue of N keys (C x N)
tau_s,tau_t: temperatures for student/teacher (scalars)

noise_for_q = torch.randn_like(q) x noise_std # Gauss noise
noise_for_t = torch.randn_like(z_t) x noise_std

I_a = torch.mm(z_q + noise_for_q, queue_a) # compute similarities
1_b = torch.mm(z_q + noise_for_q, z_t + noise_for_t)

—
D20 XN @R

loss_kl =1loss_kld (I_b/tau_s, z_t/tau_t)

—
»

13: def

14: loss_kld ( inputs, targets):

15: inputs, targets = Flog_softmax(inputs, dim = 1), F.softmax(
16: targets, dim = 1)

17: return Fkl_div(inputs, targets, reduction = ‘batchmean’)

The Feature Modulation (FM) module enhances action discrimination by adaptively
emphasizing discriminative motion cues and suppressing redundant or highly correlated
patterns across channels and temporal frequencies. By modulating feature responses
conditioned on learned frequency-semantic representations, FM helps to separate subtle
inter-class variations (e.g., ‘drinking’ vs. ‘eating”), which often share similar motion trajec-
tories but differ in temporal dynamics or joint coordination. This selective recalibration
strengthens the representation’s sensitivity to class-specific motion signatures, thereby
improving the distinction between visually or kinematically similar actions.

4.2. FreST

Skeleton data usually consists of multiple temporal nodes, reflecting the motion tra-
jectories of different human joints over time. The change frequency of these nodes can
reveal key features of certain actions (e.g., speed, rthythm, and periodicity of actions).
Specifically, the input skeleton sequence x € RN*XC*T*V pagses through the Frequency
Spatial Block (FreS) and Frequency Temporal Block (FreT), respectively, with feature op-
timization via their built-in adaptive frequency-domain filtering. FreS and FreT do not
change the dimension of the input sequence. To avoid spatial-temporal feature coupling
interference [14,17,21], which occurs when spatial topology and temporal motion cues are
entangled within a single representation, a corresponding spatial or temporal decoupling
module is added before each frequency-domain module. Such coupling can blur discrimi-
native temporal dynamics with static spatial patterns, thereby reducing filtering precision.
By decoupling, the module first separates the skeleton sequence’s spatial topological
features (e.g., relative joint positions) and temporal dynamic features (e.g., joint trajec-
tories), then feeds the resulting single-dimensional representations into the subsequent
frequency-domain module. This separation allows adaptive filters to focus more effectively
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on domain-specific variations, ultimately improving the accuracy of frequency-domain
feature extraction.

As shown in Figure 3, the FreS module will be introduced below, and the work-
ing mechanism of the FreT module is the same. Specifically, after the input sequence
is processed by the spatial decoupling module, its dimension is transformed from
RNXTxVxC _y RINT)XVXC In this context, the spatial domain refers to the coordinate
space spanned by all skeletal joints, where each node v; € V corresponds to a specific
physical joint location in the human body. The spatial relationships among these joints are
defined by the adjacency matrix A, which encodes the topological structure of the human
skeleton. Subsequently, we convert the input x[n], where x[S] € RINT)*VXC for the spatial

branch and x[T] € RINV)*T*C for the temporal branch, into the frequency domain F by:

Flw) = x[n] P

= I:__: x([n] (cos (%\?wn) — jsin <21\7,Twn) )

where F(w) is the signal (spectrum) in the frequency domain and represents the component

®)

of the signal at frequency w, t is a temporal variable, and j denotes the imaginary unit.
Then, we define the 1D FFT operation in Equation (7) as: F = F[S] € RT*C. él-,j is defined
as the normalized energy, calculated as:

\ |1x;,°

- ij 9
ij media(E) + € ©

where &; ; denotes the energy of the individual frequency component at (i, j), median(&)
is the median value of all frequency component energies, and € is a small constant (e.g.,
€ = 1078) introduced to avoid numerical instability caused by zero denominators. This
normalization ensures that the energy values are scaled relative to the central tendency of
the energy distribution, facilitating consistent thresholding across different input signals.

fmask = }—<w) © H(éi,j > T) (10)

where ® denotes element-wise multiplication, and I(-) is the indicator function that gen-
erates a binary mask matrix: ]I(E’i,j > 1) = 1 if the normalized energy 5}-,]- exceeds the
threshold 7, and 0 otherwise. Through this operation, frequency components with nor-
malized energy above T are retained in F 55, while those below the threshold are filtered
out. Notably, the threshold 7 is dynamically adjusted based on the temporal characteristics
of the specific action being processed (e.g., motion intensity, frequency bandwidth of key
action features), ensuring that critical frequency information (e.g., discriminative motion
patterns) is preserved while suppressing high-frequency noise and redundant components
that are irrelevant to the action semantics.

After applying adaptive filtering to the frequency-domain data, we introduce two
types of learnable filters to further model frequency-domain characteristics. The global
filter W, operates directly on the original frequency-domain data F(w), enabling the
model to capture global frequency correlations that may span the entire spectral range. In
contrast, the local filter WV is applied to the adaptively filtered result 7,5k, focusing on
learning discriminative patterns within the frequency components deemed important by
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the adaptive thresholding step. Both filters are parameterized to handle complex-valued
frequency-domain data, with their mathematical formulations given by:

Wy = Wi+ W, Wi =W] + W (11)

where W' and W' denote the real and imaginary parts of the complex-valued filters,
respectively, and j is the imaginary unit satisfying j> = —1. To initialize these filters in a
stable manner, both W, and W, are sampled from a zero-mean Gaussian distribution with
variance 02 (e.g., 0> = 0.01), ensuring that initial filter responses are moderate and avoid
saturating subsequent computations.
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Figure 3. The overall overview of Frequency-domain Spatial-temporal block (FreST): the Frequency
Spatial Block captures spatial dependencies by performing adaptive frequency-domain filtering in
the spatial dimension; the Frequency Temporal Block captures temporal dependencies by performing
adaptive frequency-domain filtering in the spatial dimension.

The application of these filters to the frequency-domain data is defined as:

Fo =W, 0 F(w) 12)

FL =W © Frask
where F; represents the globally filtered frequency features, capturing broad spectral
patterns across the entire frequency domain, while 77 denotes the locally filtered features,
which focus on the adaptively selected critical frequency components.

Finally, to integrate both global context and local discriminative details, the output
frequency features are computed as the sum of the two filtered results: Foutput = Fg + FL-
This integration strategy ensures that the model preserves both coarse-grained global fre-
quency characteristics and fine-grained local details, enhancing the representation capacity
for complex spatiotemporal patterns in action recognition tasks.

Modality Harmonizer. After obtaining the enhanced frame-level feature FS"" and
the enhanced word-level feature F;nh, we apply cross-attention layers between FS™! (as
the query) and F;“h (as the key and value) to facilitate interaction and alignment between
modalities. The final aligned feature F € Rv*P is then derived using the standard cross-
attention mechanism.

Design Rationale of FreST. The Frequency-domain Spatial-Temporal (FreST) block
leverages the intrinsic spectral sparsity of skeletal motion to selectively retain action-
relevant components while suppressing unstable oscillations. Concretely, an adaptive mask
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is formed using a threshold T computed from the median spectral energy of each input
sequence, so that filtering automatically tightens for noise-dominated spectra and relaxes
for clean, low-frequency motions. FreST uses two learnable complex-valued filters: a
global filter 1V, that captures sequence-level rthythmic regularities and a local filter WV that
focuses on joint-wise short-range variations. This dual-filter parameterization aligns coarse
temporal rhythm with fine spatial-temporal details in a single representation. Compared
with time-domain smoothing, which operates on strongly correlated samples and often
blurs subtle class-discriminative dynamics, frequency-domain selection compacts signal
energy, stabilizes optimization, and preserves fine-grained motion signatures, thereby
strengthening separability for visually or kinematically similar actions.

Domain Inversion Module. The Domain Inversion module functions as a core bridge
between the frequency and spatial/temporal domains. It first converts the skeleton features
back from the frequency domain to the original spatial or temporal space, ensuring that
frequency-enhanced information can be seamlessly integrated into subsequent processing.
Meanwhile, it refines the filtered frequency components by suppressing noise and preserv-
ing valid motion frequencies, thus improving the quality and stability of the reconstructed
skeleton features.

4.3. Skeleton Instance Contrastive Loss

We employ identical skeleton encoders to enable contrastive learning at the feature-
wise level between upward and downward skeleton modalities. Specifically, given an
original skeleton sequence S, we apply two different augmentations, 7 and 7, to generate
the query and key samples, denoted as x and £ € R“*T*" where C, T, and V represent
the number of channels, frames, and nodes, respectively. A query encoder fy, and a
momentum-based key encoder fy_are employed. Following this, global average pooling
(GAP) is applied to derive the query embeddings z and key embeddings 2. To optimize the
encoder representations and enforce similarity between positive pairs while distinguishing
negatives, we adopt the InfoNCE loss as our training objective:

exp(2 -2 /7)

/ ! ! ~ ’ (13)
exp(2 -z /T)+Z(Z)+exp(Z-z /T)

Lingo = —log

where - represents the dot product of calculating the similarity between the two nor-
malized embeddings, and 7 is the temperature hyperparameter (set to 0.2 by default).
Z(v) = X exp(v-m;/7) represents the similarity between embedding in view v and
memory queue Q, and K represents the total number of samples stored in the queue Q. The
parameters of the query encoder f,, are updated by gradient backpropagation, while the
parameters of the key encoder fy, are updated to the moving average of the query encoder,
which can be expressed as:

O = mby + (1 —m)b, (14)

where m € [0,1) is a momentum coefficient, usually close to 1, to maintain consistency
in embedding in memory queues. Finally, the loss used to optimize the encoder can be
formulated as:

L= Lingo +ALKL (15)

where A is a hyperparameter to balance the different sample pairs. Additionally, we incor-
porate a Frequency-domain Signal Enhancement module (FreST) following the skeleton
encoder. FreST enhances the model’s ability to retain critical action information in the
latent space by extracting sparse human joint information, which captures compressed
signal energy. This feature extraction effectively boosts action recognition performance by
emphasizing the most informative skeletal features.
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5. Experiments
5.1. Datasets

NTU RGB + D 60 (NTU 60): [16] comprises 56,880 action samples from 40 subjects
(ages 10 to 35) captured by Kinect v2. It provides four synchronized modalities: high-
resolution RGB videos (1920 x 1080), depth maps, infrared frames (512 x 424), and 25-joint
3D skeleton data, covering 60 action classes including daily activities, health-related behav-
iors, and interpersonal interactions. Each action is recorded from three horizontal angles
(—45°, 0°, +45°) and two subject-facing directions, resulting in six viewpoints. Additionally,
17 different camera setups introduce spatial diversity. Following the official evaluation
protocols, two standard benchmarks are defined. In the cross-subject setting, samples
from 20 subjects (a total of 40,320 sequences) are used for training, while the remaining 20
subjects (16,560 sequences) are held out for testing. In the cross-view setting, data captured
by cameras 2 and 3 (37,920 samples) constitute the training set, and those recorded by
camera 1 (18,960 samples) are used for testing.

NTU RGB + D 120 (NTU 120): [65] extends NTU 60 to 114,480 samples over 120 action
classes, recorded via Kinect v2 from 106 subjects of varied ages and cultures. Samples
span 96 environments and 155 camera views, offering RGB, depth, infrared, and 25-joint
skeleton modalities. Two evaluation protocols are defined: Cross-Subject and Cross-Setup.
Specifically, under the cross-subject protocol, samples from 53 subjects (approximately half
of the participants) are used for training, while those from the remaining 53 subjects are
reserved for testing. Under the Cross-Setup protocol, data captured in even-numbered
setups constitute the training set, whereas samples recorded in odd-numbered setups are
used for testing.

PKU-MMD: [66] is a medium-scale dataset designed for continuous action detection
and multi-modality human activity analysis, captured with Kinect v2. It includes over
1000 untrimmed video sequences with synchronized RGB, depth, infrared, and 25-joint
3D skeleton data. The dataset is split into two parts with varying detection difficulty:
Part I features clearly separated actions (1076 videos, 51 classes, 66 subjects), while Part I
includes more challenging overlapping actions (1009 videos, 41 classes, 13 subjects). Under
the protocol, Part I uses data from 57 subjects for training and 9 subjects for testing (944 and
132 videos, respectively). Part II serves as an independent test set consisting of 13 unseen
subjects, used exclusively to evaluate cross-subject generalization—models are trained on
Part I and tested on Part II.

5.2. Implementation Details

ST-GCN is adopted as the skeleton encoder. The number of input channels is set
to the original 1/4, and the feature dimension is set to 512. For frequent learning, both
global filters 1V, and local filters 1V, are normal distributions with a standard deviation
of 0.02. For data augmentation, spatial Shear and temporal Crop are utilized to generate
different skeleton views. For contrastive setting, we set K = 32,768, T = 0.2, m = 0.999,
and A = 0.01. For optimization, we employ SGD with momentum (0.9) and weight decay
(0.0001), training the model for 300 epochs with a learning rate of 0.1. Then, we evaluate
our approach by comparing it to other methods across several protocols, including linear
evaluation, fine-tuning, and semi-supervised evaluation. All experiments are conducted on
PyTorch 1.4.0 using an RTX 3090ti (NVIDIA, Santa Clara, CA, USA). When training on the
NTU60 dataset with a batch size of 128, the memory usage of a single RTX 3090 graphics
card is 21 GB.

Linear Evaluation Protocol. We add a fully connected layer with a Softmax activation
function on top of the frozen pretrained model, and train the classifier using supervised
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learning. The classifier is trained for 120 epochs with an initial learning rate of 5, which is
reduced by a factor of 0.1 at the 80th epoch.

Fine-tuning Protocol. The fine-tuning protocol adds a linear classifier after the pre-
trained model and trains the entire model for action recognition tasks. Unlike the linear
evaluation approach, the pretrained model remains trainable in this protocol. We use
supervised learning to train the entire model and compare its performance with other
supervised methods.

Semi-supervised Evaluation Protocol. We first pre-train the encoder using all avail-
able unlabeled data. Then, we finetune the entire model with a small subset of labeled data,
selecting either 1% or 10% of the labeled samples at random. Specifically, we employ this
strategy to finetune the model using either 1% or 10% of the labeled data.

Performance Evaluation Measures. To ensure a fair and consistent comparison with
prior work, we adopt widely used quantitative evaluation measures for skeleton-based
action recognition. All reported results are based on Top-1 classification accuracy (%) under
the standard cross-subject (xsub) and cross-view (xview) protocols of the NTU RGB + D 60
and 120 datasets. In addition, we assess the quality of the learned representations through
multiple evaluation strategies, including linear evaluation, where the pretrained backbone
is frozen and a linear classifier is trained on labeled data; k-nearest neighbor (k-NN)
evaluation, which measures representation separability in feature space; and fine-tuning,
where all model parameters are updated for the downstream task. For semi-supervised
experiments, the model is trained on a small labeled subset combined with unlabeled
samples to evaluate generalization under limited supervision. All metrics are computed
per class and averaged (macro-average) over the dataset. These measures are consistent
with recent self-supervised and multimodal skeleton learning benchmarks, ensuring the
comparability and reproducibility of our experimental results.

Fair Comparison Protocol. To ensure a fair and transparent comparison with exist-
ing self-supervised and multimodal contrastive methods, we strictly adopted consistent
backbone architectures, augmentation strategies, and training configurations across all
experiments. Specifically, all methods use the ST-GCN backbone with identical input
modalities and data preprocessing. During pre-training, the backbone parameters are
unfrozen and updated jointly with the projection head, while during linear evaluation, the
backbone is frozen and only the classifier layer is trained. Data augmentation (Spatial Shear
and Temporal Crop), learning rate schedules, and optimizer settings (SGD with momentum
0.9 and weight decay 0.0001) are kept identical across all compared methods.

Dataset Preprocessing. Following the preprocessing strategy of SkeleMixCLR, we
apply a unified and reproducible pipeline to ensure consistency across datasets. For each
frame, 3D joint coordinates are centered at the hip joint and scaled by the average bone
length to achieve translation and scale invariance. All skeleton sequences are temporally
resampled to 64 frames using linear interpolation. Missing or noisy joints are linearly
interpolated from adjacent frames along the temporal dimension, and samples with severely
incomplete skeletons (typically more than 30% missing joints) are excluded to ensure data
integrity. After preprocessing, the joint coordinates are normalized to the range of [—1, 1]
for stable model convergence. We also adopt skeleton-specific augmentations such as
temporal cropping, joint jittering, and random rotation, consistent with SkeleMixCLR, to
enhance generalization and robustness against sensor noise.

Text Description Generation. We follow the GAP [24] framework and employ a
large-scale language model (GPT-3.5) as a knowledge engine to produce natural-language
descriptions of actions. Given each action label, the model automatically generates both
global descriptions and body-part-specific descriptions using structured prompts. For
example, for the action ‘put on a shoe,” the model outputs a global narrative (“The person
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bends down and puts their foot into the shoe’) and detailed part-level semantics (‘head tilts
slightly forward; hand reaches down and grasps the shoe; leg bends at the knee, bringing
the foot closer to the hand’). These descriptions are encoded using a pretrained CLIP
text encoder, whose embeddings serve as semantic supervision for the skeleton encoder
through a multi-part contrastive learning objective, allowing the model to align motion
patterns with language-based semantics.

5.3. Comparison with State-of-the-Art Methods

We first compare MICA with the advanced State-of-the-art methods. Table 1 shows
comparison results of the three stream (e.g., joint, bone, and motion) on NTU RGB + D 60,
NTU RGB + D 120, and PKU-MMD dataset using linear evaluation protocol. It is evident
that our MICA method achieves state-of-the-art performance across each benchmark, indi-
cating that our approach enables the model to effectively capture internal and contextual
attention to learn discriminative feature representations. This achievement underscores
the effectiveness of our approach in equipping the model to capture both internal and
contextual attention, a capability crucial for learning highly discriminative feature represen-
tations. By focusing on modeling internal relationships within actions as well as contextual
dependencies between them, our approach enhances the model’s ability to accurately
recognize complex action patterns. Importantly, this improvement is achieved without
relying on additional labeled data, making our method efficient and adaptable for scenarios
where labeled data are scarce. Furthermore, when compared to fully supervised methods
like ST-GCN, our MICA method exhibits substantial gains, underscoring its potential to
outperform traditional techniques in both accuracy and generalization across different
datasets and action recognition tasks.

Table 1. Comparison to the state-of-the-art methods for action recognition accuracy on the NTU
RGB + D 60, NTU RGB + D 120, and PKU-MMD I datasets under the linear evaluation protocol. G
denotes GCN or ST-GCN, R denotes GRU, T denotes Transformer, and M denotes MAE. J, B, and M
denote Joint, Bone, and Motion, respectively.

A Architecture . NTU60 NTU120 PKU-MMD
Publication o' g\ 'ppp  Modality e View X-Sub X-Set Part I
Linear Evaluation Single-stream Results (Arranged by Backbone Model and Publish Year)

SkeletonCLR [28] CVPR'21 efoflo]o ] 683 76.4 56.8 55.9 80.9
CrosSCLR [28] CVPR21 efofo]fo ] 78.7 84.9 68.7 69.6 -
AimCLR [46] AAAT'22 efoflo]o ] 743 79.7 63.4 63.4 -
CMD [67] ECCV'22 ofello]o T 79.8 86.9 70.3 715 -
RVCTL [68] CVPR23 oflolle]o ] 74.7 79.1 68.0 68.9 -
HYSP [31] ICLR'23 efoflo]o ] 78.2 82.6 61.8 64.6 83.8
HiCLR [30] AAAT'23 olfof e o ] 78.8 83.1 67.3 69.9 73.8
ActCLR [47] CVPR'23 efoflo]o ] 80.9 86.7 69.0 70.5 -
SkeAttnCLR [69] [JCAI'23 efoflo]fo ] 80.3 86.1 66.3 74.5 87.3
DMMG [70] TIP'23 efofo]fo ] 82.1 87.1 69.6 70.1 90.7
Skeleton-logoCLR [32] TCSVT'24 efofo]o ] 82.4 87.2 72.8 73.5 90.8
CStrCRL [33] TCSVT24 ofoflo]fo ] 78.9 84.0 68.8 69.3 -
STHMAE [17] Sensors'25 oflollo]e ] 843 87.0 743 75.6 -
MICA (Ours) This work efloflo]o ] 84.4 87.8 71.7 75.4 91.8
3s-CrosSCLR [28] CVPR'21 efofollo J+M+B 778 83.4 67.9 66.7 84.9
3s-AimCLR [46] AAAT'22 efofo]o J+M+B 78.9 83.3 68.7 69.6 87.8
3s-CMD [67] ECCV'22 olfef oo J+M+B 84.1 90.0 74.0 752 -
3s-CPM [71] ECCV'22 efofollo J+M+B 848 90.9 74.6 76.1 -
3s-ActCLR [47] CVPR'23 efofloflo J+M+B 851 91.4 75.4 76.0 -
3s-FDMAE [52] SPL/25 ofoflolle J+M+B 864 90.4 78.9 79.9 923
3s-MICA (Ours) This work elfofo]o J+M+B 85.3 90.6 77.4 76.0 93.0
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5.4. Ablation Studies

In this section, we conduct ablation experiments on NTU RGB + D 60, NTU RGB +
D 120, and PKU-MMD joint modality to better verify the role of different submodules in
our framework.

Effectiveness of FM. We analyze the impact of Lfp;. Specifically, we apply a forward
ablation strategy to assess the FM module. Feature Modulation leverages textual semantics
to guide the calculation of distribution differences. As shown in Table 2, experiments using
only FM demonstrate excellent performance on popular human action benchmarks. Specif-
ically, the joint modality on the NTU X-sub and X-view datasets achieves improvements of
1.8% and 1% over the baseline, respectively. These results validate the necessity of cross-
modal, instance-wise similarity calculations, as well as the feasibility and efficiency of FM.
The Frequency-domain Module (FM) effectively filters noise information through adaptive
frequency-domain filtering technology; more critically, it can accurately distinguish actions
with similar motion patterns from a high-level semantic perspective by means of prompts,
as specifically illustrated in the comparative example of ‘run” and ‘walk” actions in Figure 2.

Effectiveness of FreT. As shown in Table 2, combining FreqT with Ly resulted in a
performance improvement of 2.3% under the NTU RGB + D 60 X-sub protocol, increasing
from 82.5% to 84.8%. The FreqT strategy effectively enhanced the collaboration between
the time domain and frequency domain within the encoder, enabling the model to better
capture discriminative features related to actions. On other datasets and protocols, FreqT
also demonstrated robust performance gains, indicating its broad applicability across
different scenarios and a significant improvement in feature representation capability.

Effectiveness of FreS. As shown in Table 2, incorporating FreqS with the baseline
Ly consistently boosts performance, with a notable increase from 80.7% to 82.7% on the
NTU RGB + D 60 X-sub protocol. This improvement highlights the effectiveness of FreqS
in capturing spatial-frequency information crucial for recognizing complex actions. Across
other datasets and protocols, we observe that FreqS contributes stable performance gains,
demonstrating its generalizability and robustness.

Table 2. Exploration of different pre-training settings on the NTU-60, NTU-120, and PKU dataset.
FM, FreqT, and FreqS denote Language-guided Feature Modulation, Frequency-domain Temporal
block, and Frequency-domain Spatial block, respectively. w/ and w/o mean with and without the
corresponding module.

NTU RGB + D 60 NTU RGB + D 120 PKU-MMD
Pre-Training Settings -
X-Sub X-View X-Sub X-Set Part I Part II
w/o pre-training 80.7 85.5 69.0 68.2 88.1 55.0

w/ Lpy only 82.5.138 86.5.10 70.6416 69.7 .15 89.2. 1, 55.7 107

Lem + FreqT 83.0.23 86.6.11 70919 72543 90.3 12> 56.2.1

»CFM + FT’E!]S 82.7+2.0 86.8+1_3 71.1+2_1 71.8+3‘5 91.2+3_] 55.9+0‘9

FreqS + Lym + FreqT (ours)  84.2.35 87.8:23 71707 754.7, 91.8.137 563,13

Effectiveness of 1V, and V. As shown in Table 3, we demonstrate the effectiveness
of the global filter YW, and the local filter ;. Removing either W, or W, leads to a
performance decrease of 0.7% and 0.5%, respectively, indicating the contribution of each
filter to the overall model performance.

Efficiency Analysis of FreST. As summarized in Table 3, targeted ablation experi-
ments validate the design of FreST. Removing the adaptive thresholding reduces recogni-
tion accuracy, while eliminating the global W, or local W, filter causes further performance
drops of 0.7% and 0.5%, respectively, confirming their complementary roles. When the
complete FreST module is applied, the overall accuracy improves by 3.5% compared with
the baseline, with only 0.18 M additional parameters and 1.72 G FLOPs. These results
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indicate that the adaptive frequency selection and dual-filter structure achieve a favorable
balance between model complexity and recognition performance, providing scalability for
large-scale and real-time skeleton-based action recognition.

Table 3. Ablation study multiple analyses of model complexity on the proposed models. Acc denotes
classification accuracy, #Params refers to the number of model parameters, and ~FLOPs represents
approximate floating-point operations. w/ and w/o mean with and without the corresponding
module. + and v'indicate the inclusion of the corresponding component, while X indicates its
removal. We and W, represent the global and local frequency filters, respectively.

Spatial-Temporal Aug. (NTU-60-Xsub-]J) Semantic Compensation (NTU-60-Xsub-J)
Method Acc (%) #Params “FLOPs Method Acc (%)  #Params ~FLOPs
SkeleMixCLR [29] 80.7 190M  ~170G  SkeleMixCLR [29] 80.7 170 M ~M172G
+ Lrum 825,15 190M  ~170G  + L, FreST 842,55 208M ~M72G
Vv frequency spatial 827,20 190M  T170G XW 83.7_ 05 2.08M ~1.72G
/frequency temporal 830125 190M V170G X W, 835 07 208M ~172G
CrosSCLR [28] 77.8 245M  ~210G  ActCLR [47] 80.9 201M ~172G

5.4.1. Performance Comparison

Linear Evaluation. As illustrated in Table 4, we compare MICA with state-of-the-art
self-supervised methods on NTU-60 and NTU-120 under the linear evaluation protocol.
MICA demonstrates superior performance over other methods in both single-stream and
multi-stream settings. Specifically, MICA surpasses AimCLR by 7% and 7.5% on the X-sub
and X-view protocols, respectively.

Finetune Evaluation. Table 4 provides comparisons on NTU RGB + D (60 & 120)
under the finetune evaluation protocol, and our method leads 7% and 7.5% in X-sub and
X-view protocols, respectively, compared to the more than 3s-AimCLR. The results suggest
that our method captures more discriminative features and offers better robustness, further
reinforcing its potential for real-world applications in action recognition.

Table 4. Linear evaluation and finetune results on NTU-60 and NTU-120. Numbers in blue and red
reflect improvement and decline compared to SkeletonCLR [28], AImCLR [46], and ActCLR [47] with
the same backbone, respectively.

NTU-60 NTU-120
Stream Method X-Sub X-View X-Sub X-Set
Linear Evaluation Protocol
SkeletonCLR 68.3 76.4 56.8 55.9
Sinele-stream AimCLR 74.3 79.7 63.4 63.4
gle-strea ActCLR 80.9 86.7 69.0 70.5
MICA 84.2.5; 878,11 717297 754,40
3s-CrosSCLR 77.8 83.4 67.9 66.7
Multi-stream 3s-AimCLR 78.9 83.8 68.2 68.8
3s-ActCLR 85.1 91.4 75.4 76.0
3s-MICA 85.3.102 90.6 03 77450 76.0.100
Finetune Evaluation Protocol
SkeletonCLR 82.2 88.9 73.6 75.3
Singlo-stream AimCLR 83.0 89.2 76.4 76.7
& ActCLR 85.8 93.9 79.4 80.9
MICA 86.0 0 925 14 782 1, 80.6_053
3s-CrosSCLR 86.2 92.5 80.5 80.4
Multi-stream 3s-AimCLR 86.9 92.8 80.1 80.9
3s-ActCLR 88.2 93.9 82.1 84.6
35-MICA 88.3.0.1 941,05 823,02 849,03
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Semi-supervised Evaluation. Table 5 shows the comparisons on NTU RGB + D (60 &
120) under Semi-supervised evaluation protocol. In this setting, a portion of the labels is
available for training, while the remaining labels are withheld, testing the capacity of the
model to generalize from limited labeled data. Specifically, our method leads to 7% and
7.5% in X-sub and X-view protocols, respectively, compared to the 3s-AimCLR.

Table 5. Semi-supervised evaluation results on NTU-60 and NTU-120 dataset. The best scores are
shown in bold.

NTU-60 PKU-MMD
Method X-Sub X-View Part I Part IT
1% labeled data for semi-supervised evaluation:
MS?L [38] 35.2 - 36.4 13.0
3s-CrosSCLR [28] 51.1 50.0 49.7 10.2
3s-AimCLR [46] 54.8 54.3 57.5 15.1
3s-CMD [67] 55.6 55.5 - -
3s-MICA (Ours) 56.0 +0.4 55.8+0_2 62.9 +5.4 17.5 +2.4
10% labeled data for semi-supervised evaluation:
MS2L [38] 65.2 - 70.3 26.1
3s-CrosSCLR [28] 74.4 77.8 82.9 28.6
3s-AimCLR [46] 78.2 81.6 86.1 334
3s-SDS-CL [72] 77.2 83.0 - -
3s-CMD [67] 79.0 82.4 - -
3s-SelMixCLR [29] 79.9 83.6 87.7 41.0
3s-MICA (Ours) 80.2. 17 85.0. 20 88.6.,5 4221,

Quantitative Results. To conduct multiple analyses of model complexity, we explore
the #Params and FLOPs of our method as shown in Table 3. The addition of £j; does not
change the number of parameters, but it results in a 1.8% improvement over the baseline,
which is significant. The introduction of FreST increases the parameter count by 0.18 M,
and considering the performance boost, this additional parameter burden is acceptable.

Visualization. Figure 4 shows the t-SNE visualization of MICA and SkeletonCLR on
the NTU RGB + D 60 X-sub joint stream, based on 20 randomly selected action classes
(different colors indicate different classes). At the abstract level, MICA demonstrates clearer
class separation, indicating improved inter-class separability. At the concrete level, intra-
class compactness is enhanced, suggesting better clustering within the same class. MICA
outperforms SkeletonCLR in feature discrimination, effectively capturing the semantics of
the selected action categories.

Robustness and Sensitivity Analysis. To further verify the robustness of MICA, we
maintained the same random seed and key hyperparameter settings as SkeletonMixCLR
(init_seed(2), K = 32768, T = 0.2, m = 0.999) and evaluated multiple CLIP-based semantic en-
coders under identical training conditions on an RTX 3090 GPU (NVIDIA, Santa Clara, CA,
USA). The results summarized in Table 6 show that the framework achieves stable accuracy
across different encoders, with ViT-B/32 performing best (84.40%) while maintaining a
constant memory usage of 23.12 GB. These findings confirm that the proposed method
is robust to encoder variation and insensitive to minor hyperparameter perturbations,
ensuring both performance stability and practical efficiency.
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MICA (ours), j, 365

MICA(ours), j, 400

MICA(ours), b, 365

MICA(ours), b, 400

Figure 4. The t-SNE [73] visualization for ambiguous action groups on NTU RGB + D 60 dataset.
Different colors indicate different classes.

Table 6. A ablation study of MICA different CLIP text encoders streaming a NVIDIA 3090 on an
ntu-60 xsub joint stream connector with batch size set to 64.

CLIP Text Encoder Pre-Train Acc@1 (%) Memory (GB)
VIT/B-32 text/img 84.40 23.12
VIT/B-16 text/img 84.33 23.12
VIT/L-14 text/img 83.26 23.12
ResNet-50 text 83.67 23.12

5.4.2. Limitations

While our framework achieves competitive results, several limitations remain. First,
the performance may degrade when the input skeletons are severely corrupted or noisy, as
the feature extraction relies on relatively stable joint trajectories. Incorporating denoising
or uncertainty-aware modules could alleviate this issue in future work. Second, although
Table 3 reports parameter counts and FLOPs, we note that both the Frequency Modula-
tion (FM) and FreST modules introduce moderate computational and memory overhead,
especially when processing long temporal sequences. Nonetheless, these components
were designed with lightweight attention operations, maintaining a good balance between
accuracy and efficiency. In addition, since all evaluations follow the official cross-subject
and cross-view protocols of NTU RGB + D and PKU-MMD, k-fold cross-validation is
not applicable in this context, but we acknowledge this as an inherent limitation of the
standardized benchmark setting. Finally, our current implementation has been validated
on medium-scale benchmarks; scaling to larger datasets or real-time deployment would
require further optimization and possibly model compression techniques, which we plan
to explore in future work.

6. Conclusions

In this paper, we propose an innovative self-supervised framework for skeleton-
based action recognition, addressing key challenges in contrastive learning for cross-modal
alignment and spatiotemporal feature extraction. Our approach, Modeling Internal and
Contextual Attention (MICA), leverages a cross-modal dual-encoder structure with two
key components: Feature Modulation and the Frequency-domain Spatial-Temporal block
(FreST). Feature Modulation builds a robust skeleton-language feature space by enhancing
intra-modality self-similarity and inter-modality instance-wise cross-consistency, thereby
addressing the modality imbalance and enriching mutual information exchange. Mean-
while, FreST focuses on the frequency components of sparse key joints, enabling the model
to prioritize action-relevant features through compact signal energy. Extensive experi-
ments on the NTU-60, NTU-120, and PKU-MMD benchmarks validated the effectiveness
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of our approach, demonstrating significant improvements in performance across multi-
ple evaluation protocols, including fine-tuning, linear evaluation, and semi-supervised
learning.
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Abstract: This study presents a comparative performance analysis of three sensor
technologies—microphone, magnetic pickup, and laser Doppler vibrometer—for capturing
string vibration under varied excitation conditions: striking, plectrum plucking, and wire
plucking. Two different magnetic pickups are included in the comparison. Measurements
were taken at multiple excitation levels on a simplified electric guitar mounted on a stable
platform with repeatable excitation mechanisms. The analysis focuses on each sensor’s
capacity to resolve fine-scale waveform features during the initial attack while also taking
into account its capability to measure general changes in instrument dynamics and timbre.
We evaluate their ability to distinguish vibro-acoustic phenomena resulting from changes
in excitation method and strength as well as measurement location. Our findings high-
light the significant influence of sensor choice on observable string vibration. While the
microphone captures the overall radiated sound, it lacks the required spatial selectivity
and offers poor SNR performance 34 dB lower then other methods. Magnetic pickups
enable precise string-specific measurements, offering a compelling balance of accuracy and
cost-effectiveness. Results show that their low-pass frequency characteristic limits temporal
fidelity and must be accounted for when analysing general sound timbre. Laser Doppler
vibrometers provide superior micro-temporal fidelity, which can have critical implications
for physical modeling, instrument design, and advanced audio signal processing, but have
severe practical limitations. Critically, we demonstrate that the required optical target,
even when weighing as little as 0.1% of the string’s mass, alters the string’s vibratory
characteristics by influencing RMS energy and spectral content.

Keywords: non-contact sensing; sensor comparison; laser Doppler vibrometer (LDV);
electro-acoustic transducer; musical acoustics; string vibration; electric guitar; waveform
analysis

1. Introduction

The initial transient of a vibrating string contains critical information about the en-
ergy input, excitation mechanism, and interaction with the instrument body. In stringed
instruments such as the guitar, this short-lived phase is perceptually important for timbre
and identity recognition, and it plays a key role in both musical expression and sound
synthesis applications. Despite its significance, the initial transient is difficult to capture
with precision. It exhibits high-frequency content, non-linear behavior, and rapid temporal
evolution, requiring measurement techniques with excellent time and spatial resolution.
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Furthermore, the mechanical coupling between components complicates the isolation of
the string’s contribution using conventional acoustic recording methods.

Previous research has utilized various sensors to study instrument string vibrations,
including microphones [1,2], electromagnetic pickups [2—4], contact pickups [5], and more
recently, optical systems such as laser Doppler vibrometers (LDVs) [1,6], position sensitive
detectors (PSD) [7], and high-speed cameras [1,8,9]. However, comparative studies evaluat-
ing the strengths and limitations of these methods—particularly under controlled excitation
and measurement conditions—remain limited. Such studies have been conducted for in-
strument plate and body vibration measurements [10,11], but not for strings. Their results
cannot be directly transferred, as strings differ substantially in mass, dimensions, and
vibration amplitude. This gap hinders the ability to select suitable sensors for specific
applications, such as instrument design [12], modeling of instruments [13], strings [14,15]
and pickups [16], sound synthesis [17], and performance analysis [18].

This study provides a comparative evaluation of three sensor technologies—laser
Doppler vibrometer, microphone, and magnetic pickup—for measuring guitar string vi-
bration under varied excitation conditions. The laser Doppler vibrometer (LDV) provides
high-resolution, non-contact measurement of the string velocity by detecting the Doppler
shift of reflected laser light. This makes it particularly well suited for detailed analysis
of vibrational modes and transient behaviour. The electromagnetic pickup, integral to
the functioning of electric guitars, measures string motion through variations in magnetic
flux induced by the vibration of ferromagnetic strings near a magnet and coil. While this
signal reflects the transverse velocity of the string at the pickup location, it is inherently
shaped by the pickup’s position, design, and magnetic characteristics. The microphone
detects acoustic pressure variations in air generated by the vibrating string. Although
not commonly used with electric guitars, the focus on the very starting moments of the
string’s vibration means that we are not interested in the amplification that would come
from the vibration of a guitar body in an acoustic guitar. Additionally, the microphone
captures the radiated sound field, which is directly related to perceived timbre. Therefore,
it is worth investigating whether precise string movement data can be extracted from such
recordings. Together, these methods provide complementary perspectives on string vibra-
tion, ranging from precise physical characterization to musically functional signal capture.
Measurements were conducted using a specially constructed stand, a simplified electric
guitar platform, and three repeatable excitation methods. By analyzing the recordings, we
assess each sensor’s effectiveness in capturing selected vibro-acoustic phenomena related
to excitation method and measurement position. The findings offer practical guidance for
sensor selection in experimental design.

2. Experimental Method
2.1. Experimental Setup

The objective of the experimental setup was to eliminate as many external variables
from the measured string vibrations as possible. To achieve this, a specialized stand was
utilized to provide a stable mounting platform for the setup. A heavily simplified electric
guitar served as the mounting for the pickups and string. It retains the proportions of a
standard instrument, incorporating a guitar bridge, nut, key, and pickups, while featuring
a simplified shape. This design ensures that the string vibrations are representative of a
standard guitar while allowing for more repeatable mounting. The exact dimensions and
design considerations that went into the creation of this simplified model are described
in [4]. The corpus is clamped into the stand using dense foam, which provides stable
placement while limiting vibration transfer between the instrument and the stand. This
setup is shown in Figure 1. All measurements were conducted in a large anechoic chamber
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in the Department of Mechanics and Vibroacoustics of the AGH University of Krakow to
minimize the impact of noise and interference on the experimental results.

N
” «

Figure 1. Simplified electric guitar model mounted in the experimental stand.

The distance between the guitar bridge and the nut was 645 mm. The guitar pickups
were mounted to the instrument and so the measuring point was chosen above them
at 42 mm and 157 mm from the guitar bridge. To better observe certain vibro-acoustic
phenomena caused by different excitation methods, the measuring point was selected on
the shorter segment of the string, as divided by the excitation point. Consequently, the
excitation point was chosen at 240 mm from the bridge to avoid proximity to any nodes of
the first ten harmonic frequencies (excitation point to string length ratio equal to 0.372).

Experiments were conducted using two string diameters: a 1.17 mm (0.046 inch)
steel core wound string and a 0.28 mm (0.011 inch) unwound steel string. D’ Addario XL
Nicklewound strings (D"Addario & Co., Farmingdale, NY, USA) were used. Strings were
tuned to E2 (82.41 Hz) and B3 (246.94 Hz), respectively.

2.2. Measurement Methods

Three separate methods were utilized to measure the vibration of the string. To
allow for the highest level of comparability between achieved results, the aim is for them
to measure the vibration of the string at the same time, at the same point, and in the
same direction.

Firstly, a Polytec VibraGo single-point laser Doppler vibrometer (LDV) was used
(Polytec GmbH, Waldbronn, Germany). The vibrometer was positioned approx. 2 m away
from the string and oriented perpendicularly to it. The vibrometers autofocus function
was used to focus the laser onto the string. Due to the minimal size of the point at which
vibrations are measured, it was not possible to conduct measurements without the use
of a reflective sticker placed on the string. Without this sticker, the string would move
outside the laser beam, resulting in sudden jumps in the recorded signal and incorrect
measurements. A 3 x 4 mm rectangle of reflective tape, weighing 0.0056 g, proved sufficient
to address this issue. This sticker and its influence on the vibration of the string will be
analyzed and discussed in detail in Section 5.
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The second measurement method involved a GRAS G46AE measurement microphone
positioned near the string (GRAS Sound & Vibration, Holte, Denmark). The placement
was as close as possible to the selected measurement point; however, due to the path of
the laser vibrometer, the microphone had to be elevated. Consequently, the measurement
direction is not identical.

The final measurement method utilized electromagnetic pickups mounted in the
simplified electric guitar. Two pickups were used as follows: a single-coil Seymour Duncan
SSL-5L and a humbucker Seymour Duncan SH-4 JB (Seymour Duncan, Santa Barbara,
CA, USA). Both pickup configurations were employed to observe the differences in their
measurement results. A humbucker consists of two coils wired in opposite polarity and
positioned next to one another. This configuration cancels electromagnetic interference;
however, its wider sensing aperture acts as a low-pass filter, averaging the string’s motion
over a larger area, which typically corresponds to a warmer perceived tone. In contrast,
a brighter, more articulate sound is typically associated with single-coil pickups. It is
not feasible to mount both pickups in the same position and orientation; therefore, they
were left in their separate mounting locations, and measurements were conducted over
both pickups.

All measurement instruments were recorded using a National Instruments NI 9234
input module (National Instruments Corporation, Austin, TX, USA) with a sampling rate
of 51,200 Hz. The positioning of all measurement methods is shown in Figure 2.

Figure 2. Alignment of (a) excitation mechanisms and (b) measurement sensors.

2.3. Excitation Mechanisms

In order to eliminate string excitation as a variable, specialized mechanisms and
solutions were designed and prepared for each excitation method. The first mechanism
was designed to replicate a guitarist’s use of a plectrum. This requires the plectrum to
strike the string with an initial velocity and continue its movement along an arc trajectory
until the string slips off the plectrum and rings out. The mechanism performs this through
incorporating a leaf spring from a hair clip, connected to a hinge on one side and a latch
on the other. When closed, the spring is under tension and bounces away upon release.
By attaching a nylon guitar pick to the free end of the spring, this motion can be used
for the repeatable plucking of a string. A hair tie is used to catch the spring and dampen
its vibration. This method of string excitation has been demonstrated to be repeatable
in previous research [4,19]. The constructed mechanism is illustrated in Figure 3a. More
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advanced automated plucking robots have been utilized to achieve higher levels of plucking
repeatability [20,21]; however, such a solution was impractical due to spatial limitations, the
required direction of plucking away from the guitar body, and the need for an unobstructed
path from the vibrometer to the string.

(b)

Figure 3. Constructed excitation mechanisms: (a) Plucker using a guitar plectrum mounted to a

spring to mimic a guitar player. (b) Striker using a sideways-mounted guitar plectrum, mounted to
a pendulum.

The second method of string excitation aims to provide a more defined, isolated pluck.
A pluck requires the displacement of the string followed by its release. To achieve this, a
copper wire is used. The wire is looped through the string at the excitation point and slowly
pulled away from the instrument body. At a certain point, the wire breaks, releasing the
string and allowing it to vibrate. Due to the repeatability of the copper wire, this method
has previously been used for guitar string plucking [22,23] and has demonstrated a high
level of repeatability [24]. In our experiment, the wire was pulled manually. Although au-
tomation of this process is possible for enhanced repeatability, the most common solution
employs a solenoid [24]. However, this method is not viable when using electromag-
netic guitar pickups, as the pulling coil generates significant electromagnetic interference,
disrupting measurements.

The final method induces string vibration through a striking action. This is imple-
mented using a pendulum mechanism with a nylon plectrum mounted perpendicular
to the string. The pendulum is displaced to a predetermined angle and then released,
allowing it to accelerate under gravity and strike the string with the edge of the plectrum.
After impact, the pendulum rebounds and can be caught to prevent unwanted noise or
interference with the string’s vibration. The edge of the plectrum serves as the contact
point to minimize the contact area with the string, thereby reducing damping effects on
the induced vibrational modes. The constructed pendulum mechanism is illustrated in
Figure 3b.

All excitation mechanisms were configured to induce initial vibrations at the same
point and in the same direction, perpendicular to the guitar body, aligning with the mea-
surement direction. Since the focus of this research is on sensor technologies rather than
the differences between excitation methods, the methods were not normalized to one an-
other. To ensure the comparability of recorded results between methods, a string excitation
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normalization methodology would be required [25]. The absence of such a method renders
direct comparisons of amplitude and spectral content between excitation types impossible.

2.4. Experimental Procedure

The various components of the experimental method described in the preceding
sections are brought together in the procedural flowchart shown in Figure 4. The diagram
outlines the research process, from the initial preparation of the experimental setup to the
iterative data acquisition loop, and the final stages of signal processing and analysis.

/ Preperation and setup \ Experiment \
;/ Select, mount and tune 3
K string: E2 or B3

3

Select measurement point:
on single-coil or humbucker

Mount simplified electric
guitar intest setup in
anechoic chamber

Position sensors at
measurement point, attach
reflective tape to string and
focus LDV laser beam

Calibrate all mechanisms
to excite string at the
same point

Select excitation method:
Plectrum pluck, Wire Pluck
or Striking Pendulum

No

/ Analysis
Select pendulum deflection:
Parse each recorded pluck \_| | \_Small. Medium or Large Y
separately
Start recording
Galculate signal features

Check tuning to verify lack
Conduct outlier and of tuning drift during
statistical analysis

measurement
of results
\Result Interpretation /

Figure 4. Diagram showing the experimental procedure including preparation, experimental record-
ing, and data analysis.

AN

Trigger excitation until ten
full string decays have
been recorded

More
‘experimental

conditions
require
esting?

Yes

3. Comparison of Sensor Performance

The focus of this paper is the capacity of each sensor to accurately record string
vibrations, with particular emphasis on the initial phase of excitation. Thus, we will
begin the comparison of each technology by investigating their ability to record specific
phenomena. This will show their practical usability in the task of precise waveform analysis
of a guitar string.

3.1. Sensor Differences Overview

The plucker mechanism equipped with a guitar plectrum (Figure 3a) provides a string
excitation method that most closely resembles the actual playing conditions of a guitar.
For this reason, it was selected as the starting point of the analysis. Figure 5 illustrates the
moment of plucking as captured by all four sensors, whereas Figure 6 presents a segment
of the same sound event two seconds after the initial pluck.

55



Sensors 2025, 25, 6514

(a) Vibrometer
02 I | I
015 — .
01 —
o 005 —
2 o
2
5-005 —
S
< -01
-0.15 |
-0.2 | | |
0 5 10 15 20
(b) Microphone
T 1 T
04 — —
02 —
€ o
2
S.h5 | .
g-02
<
_04 — ot
| | |
0 5 10 15 20
(C) Humbucker
0.04 T ] I
002 —
g o _
2
=
£
<-002 —
-0.04 | | |
0 5 10 15 20
(d) Single Coil
0.04 I I I
0.02
)
2
=
£
<-0.02

-0.04
0 5 10 15 20

Time [ms]

Figure 5. Close-up waveform comparison of an initial phase of the string plucking excitation, obtained
using the plucker with a plectrum measured over the humbucker, for all four recording methods:
(a) vibrometer, (b) microphone, (¢) humbucker, and (d) single coil. The single coil measurements are
not conducted in the same place along the string.

The first observation concerns the signal characteristics captured by each sensor. The
microphone recording differs markedly from the other waveforms and also exhibits an
earlier onset which is clearly visible in Figure 5, where the microphone signal precedes the
responses of the other sensors by several milliseconds. This occurs because the microphone
is the only sensor that detects air vibrations rather than the string itself. In the initial phase
of the sound event (Figure 5), it registers the impulse-like noise generated by the excitation
mechanism, which obscures the actual string vibrations. At this stage, no fundamental
period is visible, and the waveform exhibits a noise-like character. In later stages, however,
the signal becomes periodic, as illustrated in Figure 6. Combining microphone data with
that obtained from any of the three remaining sensors may therefore provide a means
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of separating the excitation mechanism’s sound from the string vibration. The gradual
transition from a noise-like to a periodic signal is visible in the comparison between
Figures 5 and 6, reflecting the decay of the excitation mechanism’s transient.

(a) Vibrometer
0: I | I
0.08 —
0.06 =1
o 004 —
°
2 002 .
E
< 0 7]
-0.02 —
-0.04 | I |
0 10 20 30 40
(b) Microphone

0.04 T T T

-0.06 ! ! !
0 10 20 30 40

(c) Humbucker
0.02 T T T

Amplitude [-]
S
e

~0.02
-0.03 ! L !
0 10 20 30 40
(d) Single Coil
0.02 T I T
0.01 —
o
S o —
2
s
£
< -0.01 —
-0.02 ' ' '
0 10 20 30 40

Time [ms]

Figure 6. Close-up waveform comparison of the string plucking excitation, obtained using the
plucker with a plectrum, two seconds after the pluck measured over the humbucker, for all four
recording methods: (a) vibrometer, (b) microphone, (c) humbucker, and (d) single coil. The time scale
is doubled compared to Figure 5. The single coil measurements are not conducted in the same place
along the string.

The vibrometer signal is inverted relative to the two guitar pickups, since they measure
string vibrations from opposite sides. Although their waveforms appear inverted, they
remain consistent in timing, demonstrating that the sensors are phase-aligned apart from
this polarity difference. A notable difference concerns the level of detail present in the
waveforms. The microphone retains most of the high-frequency components, though many
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of these likely originate from the excitation mechanism rather than the string. During the
initial phase of the sound event, the vibrometer and both pickups produce very similar
waveforms, with the vibrometer exhibiting the greatest level of detail, followed by the
single-coil pickup, and the least from the humbucker. This order is consistent with the
humbucker’s inherent low-pass filtering properties. After two seconds, this similarity
significantly diminishes, with only the humbucker and vibrometer exhibiting comparable
waveforms. The single-coil diverges from the vibrometer and humbucker signals, dis-
playing mixed traits that partially resemble the microphone, suggesting a progressive loss
of correlation between sensors over time. Although the microphone signal has become
periodic, it superficially resembles the vibrometer signal, potentially due to measuring a
different physical phenomenon or from the slightly different measurement perspective,
as described in the experimental setup. The single-coil pickup waveform displays mixed
characteristics of both the vibrometer and the microphone, which may in part also be
attributed to the fact that the single coil measurements were not obtained at the same
position along the string, as noted in the figure captions.

3.2. String Excitation When Striking

When a string is struck with a plectrum, the plectrum remains in contact with the
string until the point of maximum displacement, after which the string rebounds and
pushes the plectrum away. Consequently, the resulting vibration can be divided into two
phases: (1) while the plectrum is in contact with the string and (2) after it has disengaged. In
the first phase, the vibration is constrained not only at the string ends but also at the contact
point. This effect has been theoretically described as the independent vibration of string
segments, effectively creating shorter strings with correspondingly higher fundamental
frequencies [26]. As a result, string vibrations during the onset are expected to exhibit a
higher base frequency compared to the subsequent steady-state phase.

Figures 7 and 8 present waveforms recorded with different methods for two separate
strikes, measured above the humbucker and the single coil, respectively. As noted earlier,
the microphone signal is dominated by the excitation mechanism, which obscures the
crucial initial phase of the event. By contrast, the vibrometer and humbucker clearly reveal
the phenomenon of the string being divided by the plectrum: during the first 20 ms, four
short vibration periods (indicated in red) can be observed before the signal transitions to
the expected fundamental period of the entire string (indicated in green). In the single coil
data, traces of the phenomenon are present, though the distinction between short and long
periods is less pronounced than in the vibrometer and humbucker. It should be noted that
although differences in measurement position (as in Figures 7 and 8) could influence the
visibility of the phenomenon, the vibrometer consistently detected it at both positions. This
indicates that the poorer performance of the single-coil pickup is attributable to the sensor
characteristics rather than the measurement location.

Another marker of this effect is visible in the vibrometer and humbucker signals:
during the initial short periods, the waveform exhibits a gradual increase in amplitude,
reflecting the continued displacement of the string by the moving plectrum until disengage-
ment occurs. This amplitude modulation is not evident in the single coil or microphone
recordings, further highlighting the advantage of certain measurement methods.

The ratio of the short-period oscillations to the final fundamental period provides an
estimate of the excitation point on the string, which, in this case, corresponds to 0.359 of
the total string length. The vibrometer data, characterized by a sharper and more detailed
waveform, facilitates precise identification of periodic markers. In contrast, the smoother
humbucker waveform may be more effectively analyzed using autocorrelation rather than
relying solely on visual inspection of waveform peaks.
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Figure 7. Comparison of striking excitation waveforms measured over the humbucker, for different
recording methods: (a) vibrometer, (b) microphone, and (c¢) humbucker. Two phases can be observed
as follows: 1—vibrations of a divided string segment, and 2—vibrations of the entire string. Red and
green sections represent vibration periods in both phases.

3.3. Plucking Position and Measuring Point Estimation

Several methods have been proposed for estimating the plucking and measurement
positions of a string based on recorded signals. These approaches include autocorrelation
of spectral peaks [27], parametric pitch estimation [28], and, when precise recordings of
string vibrations are available, analysis of wave reflection timing [26,29]. By capturing
the temporal evolution of the string’s transverse displacement with high precision, it is
possible to examine the relative phase and amplitude content of its vibrational modes. The
proportion and timing of reflected wave components provide sufficient information to infer
the excitation position.

Wave reflections are most clearly observable in cases of clean excitation; thus, plucking
with a copper wire will be analyzed. To enable proper identification of waveform features
as successive reflections, a finite-difference simulation of an idealized string was performed
and compared to the experimental recordings, as shown in Figure 9. The simulation was
based on the one-dimensional wave equation:

u  ,3%u
2~ S M)

where u(x, t) represents the displacement of a string and c is the transverse wave velocity:

_ | T
c= Ml (2)

where Tj is the tension of a string, p is the density of the string, and A is the area of
the cross-section of the string. The excitation and readout points in the simulation were
adjusted to match those of the experiment.
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Figure 8. Comparison of striking excitation waveforms measured over the single coil, for different
recording methods: (a) vibrometer, (b) microphone, and (c) single coil. Two phases can be observed
as follows: 1—vibrations of a divided string segment, and 2—vibrations of an entire string. Red and
green sections represent vibration periods in both phases.

The vibrometer recordings (Figure 9) correspond closely with the simulation results,
allowing straightforward identification of all traveling impulses along the string. The
fine temporal detail captured by the vibrometer enables accurate measurement of inter-
impulse distances, yielding the results presented in Table 1. Among the tested sensors, only
the vibrometer provides the level of precision required for such waveform analysis. The
humbucker captures some, but not all, of the relevant impulses, while the single coil and
microphone do not exhibit the necessary features.

Table 1. Comparison of physical measurement and estimation based on signal locations of measure-
ment and excitation points.

Physical Measurement Signal-Based Estimation

Excitation Location Moﬂ ~ 0.372 (414 — 184) samples ~ 0.381
645 mm 604 samples

Measurement Location M ~ 0.243 (564 — 414) samples ~ 0.248
645 mm 604 samples
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Figure 9. Analysis of plucking data obtained from vibrometer (a) and humbucker (b) observing
string plucked by the copper wire, and from the finite-difference simulation (c). P1-P5 are subsequent
impulses (straight or inverted, as shown on bottom, simulated plot) travelling over the measurement

B
point. Ty = A + B+ C + D is a single vibration period representing the fundamental frequency. T
0

allows us to estimate excitation position, and T estimates measurement point, both as a fraction of
0
a string length.

4. Measurement Method Characteristic Comparison

In this chapter, we will focus on a more general comparison of the sensors and their
characteristics.

4.1. Signal-to-Noise Ratio

A way to evaluate the performance of each measurement technique is to calculate
signal-to-noise ratio. This can be achieved through isolating segments of the recording in
which there is no vibration of the string and comparing it to segments after plucking the
string. The beginnings of plucks were located. Two second segments before and after these
moments were cut to constitute the noise and signal signals. Plucks containing transient
noise prior to string excitation were excluded from the analysis. To ensure comparability,
all methods used the same signal segments for calculation. The signal-to-noise ratio (SNR)
values were calculated using the formula:

®)

Pyional + Proi
SNRyg = 10 10g10 ( signal n01se>

Proise

In Equation (3), Psignal is the power of the signal segment and Ppise is the power of
the noise segment. Given that the same level of background noise was present during
the recording of the signal, the form of SNR that sums both powers in the numerator was
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selected as more appropriate. Figure 10 shows a comparison of SNR values calculated for
each recording method.

60 1
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Figure 10. Comparison of SNR values calculated for different recording methods across N = 10
recorded strikes. Mean, median, IQR, typical values, and outliers are presented. Note: The humbucker
measurements are not conducted in the same place along the string.

A few conclusions can be drawn from these results. The most important is the much
lower values calculated for the microphone. This is due to two factors. Firstly, this reflects
the inherently weak acoustic radiation of a single unamplified string in free air. Since the
vibrating string is not amplified by any mechanical system, such as an acoustic guitar body;,
the signal level is low. Secondly, despite recording in an anechoic chamber, the microphone
is still susceptible to noise generated by the operation of the plucking mechanisms. This
shows the clear advantage of the optical and electro-acoustic methods in this experimental
use case. The anechoic chamber provided both vibrational isolation and a low level of
electric interference leading to high SNR values for these methods. The similar levels
achieved by the single coil with 43.66 dB (SD = 2.9, N = 10) and humbucker with 43.74 dB
(SD =29, N = 10) suggest that the background electromagnetic interference was very
low, rendering the interference cancellation provided by the humbucker unnecessary.
Nonetheless, this factor should be considered when recording in less optimal environments.
The highest SNR values were recorded for the vibrometer at 49.1 dB (SD = 6.9, N = 10);
however, the advantage over the magnetic pickups was not substantial.

4.2. Response to Varying String Excitation Levels

An aspect worthy of investigation is how each method captures the differences induced
by variations in the initial striking speed. To this end, signals were recorded for three
different initial pendulum deflection. To ensure the statistical reliability of the findings and
to assess the reproducibility of each measurement, a total of N = 10 trials were recorded
for each experimental condition. The strikes were recorded using a 240 frames-per-second
video camera, and the velocity of the plectrum at the moment of striking was calculated
through frame-by-frame analysis using the angular displacement and the length of the arm.
The results are presented in Table 2.

To compare the sensors, each pluck was extracted with 0.5 s of time before the strike
and 7 s of decay. The Root Mean Squared (RMS) values were calculated and averaged
within each measurement series. The results obtained are presented in Figure 11. The focus
is not on the absolute values but on the overall shape, which illustrates how each sensor
records signals at varying dynamic levels. Consequently, the y-axis limits have been set so
that the top and bottom positions for each sensor align at the same point.
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Table 2. Measured velocity of the pendulum at the moment of striking for various initial pendulum

deflections.
. .re . Measured Strikin
Pendulum Deflection Initial Deflection (°) . 8
Velocity (m/s)
Small 37 0.49
Medium 75 1.12
Large 112 1.74
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Figure 11. Comparison of average RMS of recorded signals for different initial pendulum displace-
ments by different methods: (a) vibrometer (b) microphone (c) humbucker pickup, and (d) single
coil pickup. All results are presented based on N = 10 trials, with the mean and standard deviation
presented. Note: The humbucker measurements are not conducted in the same place along the string.

The obtained results demonstrate clear differences in the dynamic response and
linearity of the sensors. It is important to note that a linear increase in striking velocity
does not necessarily correspond to a linear increase in the generated string vibration energy.
These results do not allow for the assertion of which shape is the most accurate and may
only be used for comparative purposes. All methods successfully registered increased
signal energy with higher striking velocity, as indicated by the non-overlapping standard
deviation bars for each of the three dynamic levels across all sensors. The increases recorded
by the vibrometer and the single coil exhibit very similar shapes. In contrast, the humbucker
demonstrates a more linear shape, while the microphone is a clear outlier, as its results
curve in the opposite direction. This indicates that the measurement methods possess
different dynamic characteristics, with the vibrometer and single coil being the most similar.
Lastly, since all methods effectively resolved the three dynamic levels, we can conclude
that they all possess a sufficient dynamic range for typical guitar analysis.

4.3. Filter Transfer Functions

The next step was to visualize the spectral difference between the signal recorded
between each method. To this end, the Filter Transfer Function was calculated for each
method in relation to the vibrometer. It was chosen as the baseline due to the high quality
of results it produced together with low noise. Recordings conducted for the same plucks
were cut to the first two seconds, normalized to —23 LUFS [30], and their transfer functions
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were calculated and smoothed. This was performed for three strikes conducted using the
medium setting of the pendulum. The achieved results are presented in Figure 12.

40
Vibrometer (ref)
—— Microphone
—~ 301 —— Humbucker
% Single Coil
Y 201
c
()
—
& 10]
[a)]
g 01 ¥\/\/\__,\’_/_\
8}
2 ~
w0 —101
-20 T y T T . :
0 500 1000 1500 2000 2500 3000 3500 4000

Frequency (Hz)

Figure 12. Comparison of smoothed average Filter Transfer Functions calculated for each method
using the vibrometer as the reference. All values calculated across N = 10 strikes with the solid line
representing the mean value and the shaded area showing standard deviation. Note: The humbucker
measurements are not conducted in the same place along the string.

The functions obtained for both electromagnetic pickups are much closer to the results
acquired with the vibrometer than those obtained from the microphone. This difference for
the microphone increases with rising frequencies, likely due to a combination of captured
noise captured and the influence of frequency-dependent acoustic radiation from the string.
The characteristics of the pickups exhibit notable similarities, with the primary distinction
being the poor performance of the humbucker at frequencies below 1 kHz and the single
coil in the 1-3 kHz range, where values exceed 10 dB. Such a comparison between the
magnetic pickups is not unexpected, as it aligns with previous theoretical and experimental
research [31,32] which often frames a humbucker as having a low pass characteristic. The
two coils wired in series in the humbucker increase the total inductance, capacitance,
and resistance of the circuit. This, in turn, lowers the resonant frequency and reduces
the Q-factor of the pickup’s RLC circuit. The higher inductance impedes high-frequency
current changes, while the increased resistance dampens the resonance. This results in
an attenuation of high frequency content. Additionally, the wider magnetic aperture of
the humbucker is sometimes mentioned as averaging string motion over a larger region,
further filtering out higher spatial harmonics. It is worth noting that both magnetic pickup
designs perform poorly at higher frequencies, with their frequency response functions
deviating further from the reference vibrometer as frequencies increase.

5. Influence of the Reflective Tape on the String’s Vibration

As described in Section 2.2, measurement of string vibration using the vibrometer
required the use of a reflective tape affixed to the string. Without this tape, the string would
move out of the laser’s path, resulting in artifacts and inaccurate measurement results.
This issue occurred despite attempts made while measuring the thicker string, with the
excitation direction parallel to the laser’s direction. The use of this tape does; however,
raise the question of its influence on the measured string vibration. The smallest tape size
that yielded accurate results was 3 x 4 mm. Despite using this tape, when plucking the
string with a 0.14 mm diameter copper wire, the string’s sticker moved out of the laser’s
path. This constitutes a strong pluck, exceeding the dynamics of regular guitar playing
techniques. It illustrates issues that would arise at lower levels if a smaller reflective tape
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size were used. A spectrogram of the recording of this pluck using different methods is
presented in Figure 13.
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Figure 13. Spectrogram of pluck conducted with 0.014 mm diameter wire recorded with vibrometer,
microphone, and humbucker.

When analysing the spectrogram of the vibrometer recording between 0.5 and 1.3 s,
broad spectrum interference is present in the signal. This issue is not present in the
recordings conducted using the microphone and humbucker, indicating that it is not a
recording of a true phenomenon in the string’s vibration. This noise is caused by the
string vibrating at a magnitude which results in the sticker leaving the lasers path and
thus making the resulting recording unusable. It is also worth noting that this happens
despite the string being initially plucked in the direction of the laser. This is the reason
why this noise is not present from the beginning of the pluck despite the string’s vibration
magnitude being highest at that moment. The string begins its vibration in the direction it
was plucked, but as the vibration decay progresses, this plane of vibration dissolves into
vibrations in both transversal polarizations [6]. These results show that the size of reflective
tape cannot be further decreased to reduce weight.

Weighing the whole sheet, calculating the area density, and multiplying it by the
area of the used 3 x 4 mm tape yields a weight of 0.0056 g. Comparing this weight to
the effective segments of the thicker and thinner strings, 4.4 g and 0.3 g, respectively,
demonstrates how this additional weight can pose issues when measuring thin strings.
Lighter reflective tapes were also tested but their lack of rigidity caused them to bend
and sway when affixed to the string resulting in incorrect measurements. It should also
be noted that the sticker can influence the string’s vibration not only through weight but
through the increased resistance when moving against the air during vibration.

To show this measurement, recordings were conducted using the humbucker, with
the thinner 0.28 mm string being plucked using a wire. Measurements were conducted
without and with the reflected tape added to the string. A comparison of the achieved
spectrums is shown on Figure 14.

The influence of the sticker is clearly evident, resulting in significant damping of
certain harmonics and amplification of others. This is particularly visible in the 400-800 Hz
and the 1400-1800 Hz ranges. The impact is also visible in the time envelope of the recorded
sound. A comparison of RMS envelopes is shown on Figure 15.
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Figure 14. Magnitude spectrum comparison of wire plucks recorded using the humbucker for the
0.28 mm string without and with the vibrometer reflective tape adhered to the string.
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Figure 15. RMS envelope comparison of wire plucks recorded using the humbucker for the 0.28 mm
string without and with the vibrometer reflective tape adhered to the string. “a.u.” denotes “arbi-

trary units”.

The additional mass clearly influences the temporal characteristics of the string’s vi-
bration. While the initial pluck is higher, the reflective tape introduces additional damping,
evident in the faster decay of the blue curve.

These differences exceed the limits of imperceptibility, and such an influence on the
measured phenomena is unacceptable for a measurement method. This indicates that,
while laser vibrometry can achieve high precision, its potentially invasive nature, when
requiring a target, presents a significant and sometimes prohibitive trade-off for lightweight
structures such as guitar strings. It is important to note that a string gauge of 0.28 mm
(0.011 inch) is realistic, as typical electric guitar sets have a high E string ranging from
approximately 0.20 to 0.3 mm (0.008-0.012 inch).

Measuring the Influence the LDV Optical Target Tape Has on a String’s Vibration

To better understand how the use of a vibrometer reflective sticker affects string
dynamics, a series of experimental measurements were conducted. The experimental setup
was identical to the previous recordings, with the exception of the string, which was a
1.12 mm (0.044 inch) with an active weight of 4.14 g, tuned to E2 (82.41 Hz). The vibration
of the string was measured using all recording methods for an empty string (NoS) and
with reflective stickers of various sizes attached to the string at the measurement point.
Figure 16 shows the used fragments of reflective tape, and Table 3 presents a comparison
of their parameters.
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Figure 16. Reflective stickers used as optical targets for comparison. The labels S1-S5 indicate the

configuration names assigned to each sticker.

Table 3. Dimensions and weights of the reflective stickers used.

Configuration Sticker Sticker Area .
Ngame Dimensions [mm] [mm?] Sticker Mass [g]
NoS 0x0 0 0
S1 3x2 6 0.003
S2 4x3 12 0.006
S3 6 x4 24 0.013
S4 8 X 6 48 0.025
S5 12 x 8 96 0.05

The first aspect worth investigating are the spectrums of the recorded signals.
Figure 17 presents a comparison of spectra from a single excitation recorded for each
tape configuration.
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Figure 17. Average spectra of excitation series obtained from manual wire plucking, recorded with
the humbucker for each sticker configuration. Results are averaged over N = 10 trials.

Analysis of the recorded, averaged spectra indicates that even the addition of the
smallest sticker, S1, significantly alters the proportions of the harmonics. A sizeable
decrease in the magnitudes of the first and second harmonics is observed, while the third
and fourth harmonics are diminished to a lesser extent. As the tape size increases, this
tendency remains but a clear characteristic of change does not manifest. This suggests
that the sticker’s effect is not purely mass-related but may depend on complex modal and
aerodynamic interactions. Certain partials can be significantly affected, such as the fourth
harmonic in S2 and the fifth harmonic in S5, which are notably stronger than for other
stickers. A measurable shift in the string’s base frequency was not observed for any sticker
size. In the absence of a discernible trend, it is worthwhile to investigate signal parameters.
The first parameter is the RMS of the signal, as presented in Figure 18.
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Figure 18. Average RMS values and standard deviations of humbucker recordings for wire plucking
with various sticker configurations on the string. Results are averaged over N = 10 trials with the
mean and standard deviation shown.

Analysis of the RMS clearly indicates that the addition of reflective tape consistently
reduces the signal’s energy. This observation holds true even for the smallest size, S1.
Notably, the change is not consistent, with S1, S2, and S3 exhibiting similar values, al-
though measurement uncertainty makes this relationship unclear. Another approach worth
analyzing is investigating to what range the addition of a sticker influences the timbre of
the played note. To this end, Figure 19 shows the change of spectral centroid over time for
different stickers. Spectral centroid is an important parameter to investigate as it has been
shown to highly correlate with listener perception of a sound’s brightness [33].
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Figure 19. Average spectral centroid over time for wire plucking series, recorded with the humbucker
for each sticker. Each configuration result represents N = 10 trials with the solid line representing the
mean value and the shaded area showing standard deviation.

These results show, that although all configurations exhibit similar values initially,
they begin to diverge after the first second and demonstrate significant differences during
the third second of sound decay. These differences increase from the NoS values as the size
of the sticker increases.

These results clearly illustrate the influence of the reflective sticker on string vibration.
The differences are measurable and exceed the limits of perceptibility [34]. They are evident
in both temporal and spectral analyses, as well as in the timbral features of the signal. This
influence is observed even at a sticker size that is too small to provide a reliable optical
target for the LDV, resulting in artifacts in the recorded signal. These results lead to the
conclusion that when measuring instrument strings, LDVs cannot be used as a non-contact
measurement method that does not influence the measured object.
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This magnitude of change occurs despite the tape weighing only 0.1% of the string’s
mass. Several factors may contribute to this phenomenon. Firstly, the mass added by the
sticker is concentrated in a small area. When converting the masses of the string and tape
to linear density, the tape can constitute up to 10% of the string’s density at that point. This
means that it can disrupt the linear distribution of mass along the string, altering vibration
modes and diminishing harmonicity. Secondly, the sticker adds not only mass but also
surface area in the direction of initial excitation. This results in increased drag on the string,
which enhances damping. Once again, this increase is localized, potentially disrupting the
string’s natural vibration. Thirdly, due to imperfect mounting, the sticker is not perfectly
symmetrical on the string. Additionally, it is not perfectly stiff. These factors may cause
evolving changes in vibration polarisation and type.

6. Discussion

The experimental results indicate that the choice of measurement technology is not
neutral and involves significant trade-offs between precision and practicality. Each sensor
captures a distinct aspect of the string’s vibration, and no single method can be regarded as
universally superior. Therefore, the selection is dependent on the specific research setup
and question.

The laser vibrometer is considered the standard for non-contact, high-precision mea-
surement. Its primary advantage is its ability to directly measure the mechanical motion of
the string, providing exceptional immunity to confounding factors such as instrument body
resonance and ambient acoustic noise. Inherent limitation to a single axis of measurement
can be beneficial for analyzing the polarization modes of the string’s vibration. Moreover,
its designation as a measurement tool ensures a high level of reliability and repeatability.
Nonetheless, this advantage is accompanied by a significant monetary cost. The method is
sensitive to setup, requiring precise targeting of the laser on a reflective point. Critically, our
results indicate that measuring a string’s vibration requires a reflective sticker. This tape
influences the string’s vibration and renders the measurement of thin strings impossible.
Even for thicker strings, the influence of the additional weight added to the string must be
accounted for. This limitation needs to be recognized during experimental planning. The
need for precise targeting also makes it highly impractical for studies involving human mu-
sicians, as any movement of the instrument renders the measurement unstable, confining
its use to highly controlled laboratory settings.

In contrast to the vibrometer’s isolated focus, the microphone offers a more general
perspective on the vibration. It is also a specialized and calibrated measurement tool. It does
not isolate the vibration of the string, being susceptible to the vibration of other elements,
sound created by the test procedure and outside noise. The measurement of air vibration
generated by the string instead of the string itself adds a level of delay and filtration. This
means that the microphone is not adequate when conducting precise waveform analysis. It
captures the holistic acoustic event as a human ear would perceive it, making it the most
valid method for perceptual or psychoacoustic research.

Magnetic pickups offer a pragmatic compromise. They are low-cost, easy to position
reliably, and share the vibrometer’s immunity to ambient acoustic noise. However, they are
susceptible to electromagnetic interference. They require ferromagnetic strings to function
and, more importantly, act as inherent filters that influence the signal. No guitar pickups
are designed for measurement purposes with a flat frequency response. Despite this, our
measurement results show their ability to register precise waveform events at a level similar
to the vibrometer.
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Sensing-Method Selection Based on Application Requirements

When designing a measurement setup, the stated experimental goal will dictate which
of the tested technologies can be used. The presented results can be employed to establish
a practical set of systematic guidelines concerning use cases, strengths, and limitations
that must be considered during experiment planning. Table 4 presents a comparison of
measurement methods and what investigations they are appropriate for based on our

results and analyses.

Table 4. Comparison of measurement methods regarding utilization use cases.

. Precise String Sound Instrument Observing
Studied Performance . . o
Problem Waveform Models Analvsis Synthesis Timbre Vibration

Analysis Validation y Data Analysis Polarities
LDV Yes ! Yes No Yes No Yes
Microphone No No Yes Yes Yes ! No
Magnetic
a8 Yes Yes Yes Yes Yes No
Pickups
! Most appropriate.
Additionally, sensor technology limitations mean that not all methods are possible
to use depending on the requirements specific to every experimental situation. Table 5
presents which methods can be used depending on measurement scenarios.
Table 5. Comparison of measurement methods in regards to limitations resulting from experimental
scenarios.
Instrument Excitation . .
Scenario Nonff: rrous Light Strings Mount Mechanism Nmsy Electromagnetic
Strings o . Environment Interference
Instability Noise
LDV Yes No! No Yes Yes Yes
Microphone Yes Yes Yes No Yes No
Magnetic Pickups No Yes Yes No Yes No ?
! Due to requirement for optical target. 2 Single coil—no, Humbucker—conditionally yes.
To assist experimental design, the main takeaways regarding each measurement
technology have been summarized in Table 6 for easy referencing.
Table 6. Comparison of measurement principles, strengths, limitations, and ideal use cases of
different sensing methods for string vibration analysis.
Laser Doppler Vibrometer . -
Feature PP Microphone Magnetic Pickups
(LDV)
. . Measures string velocity from
Measures transverse string Measures acoustic pressure e .
.. . . . s variations in magnetic flux
Principle velocity directly via Doppler ~ variations generated by induced by vibratin
shift of reflected laser light. the instrument. y 5

ferromagnetic strings.
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Table 6. Cont.

Laser Doppler Vibrometer

F r icrophon netic Pick
eature (LDV) Microphone Magnetic Pickups
High Precision: Exceptional . .
micro-temporal fidelity; Pragmatic Compromise:
P yr Perceptual Relevance: Good balance of high-fidelity
resolves fine L . L
. Captures the holistic acoustic =~ waveform capture, practicality,
waveform details;
Hieh SNR: Hichest event as a human would and low cost;
Strengths si fr;lal to n.C)isegratio ina hear it; Non-Invasive: Does not
& . Calibrated: Standardized require altering the string;
controlled environment; . . .
measurement tool for Acoustic immunity:
Robustness: Unaffected by . . .
. . acoustic analysis. Unaffected by ambient
acoustic and electromagnetic o
. acoustic noise.
interference.
. . Inherent Filtering: Filters
Low Precision: Inadequate for . - &
. . . e signal with non-flat frequency
Invasive: Requires reflective  resolving fine-scale waveform reapONSe. POOF performance
sticker that adds mass, phenomena on the string itself; P - poorp
. . over 5 kHz;
unacceptably altering the Low SNR: Low signal level
- . . . i . Interference: Vulnerable to
vibration of thin strings; means it is susceptible to noise .
. s - . electromagnetic interference;
. High Cost: Significantly more from the excitation mechanism .
Limits - . Non-universal: Only
expensive than other methods; and ambient sound; . .
.1 . e . functions with
Practicality: Highly sensitive =~ Indirect Measurement: o
. ferromagnehc strings;
to setup and movement, Captures the radiated sound,
o . . . Consumer product: No
limiting its use to controlled not the direct string motion, .
. . . . measurement equipment,
laboratory settings. introducing medium-related . s
o uncertain repeatability, and
filtering and delays. .
performance limits.
High-precision physical . Applied guitar research
grprecision paysica’ Psychoacoustic research, ppued s esearch,
modeling and validation in . . performance analysis, and
. perceptual timbre analysis of .
controlled lab settings, but o waveform-accurate modeling
the entire instrument, or e
Use Case only for systems where the where target stability cannot

required optical target does
not significantly alter the
object’s dynamics.

studies where the radiated
sound is the primary subject
of interest.

be maintained or the
invasiveness of an LDV target
is unacceptable.

7. Conclusions

In this study, three sensor technologies—microphone, magnetic pickups, and laser
Doppler vibrometry (LDV)—were compared for their ability to capture the vibration of
a guitar string under controlled excitation. The results showed that the choice of sensor
strongly affects which aspects of string motion can be observed during the transient and
decay of string motion.

The experiments confirmed that no single sensor can be considered universally supe-
rior. Instead, each method was found to be best suited to different research contexts. Laser
Doppler vibrometry (LDV) offers unmatched precision in controlled laboratory studies;
however, it necessitates an optical target, which, despite its low weight, influences the
string’s vibration. This influence is measurable in temporal, spectral, and timbral analyses.
It must be taken into account when analysing results and renders the LDV ineffective
for thin strings. Magnetic pickups provide a pragmatic balance of accuracy and usability
for applied guitar research at a low cost. They allow precise waveform analysis but their
inherent signal filtering must be taken into account when conducting more general timbre
analysis. Microphones remain most relevant when perceptual or psychoacoustic questions
regarding a full instrument are of interest rather then precise measurement of a single ele-
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ment vibration. In this configuration, the microphone did not provide sufficient precision
for string vibration analysis.

Future work should address limitations of this study by exploring lighter or non-
invasive optical markers, quantifying their impact on the measured physical system, im-
plementing fully automated plucking mechanisms which minimise both acoustic and
electromagnetic interference, and investigating how non-ideal measurement environments
and scenarios influence the usability of specific measuring solutions. Further studies of
sensor fidelity in the time domain would also clarify their relative suitability for waveform-
accurate modeling and synthesis.

Overall, this study demonstrates that the choice of sensing technology represents a
crucial methodological decision in guitar acoustics, with significant implications for experi-
mental design and applied research in musical acoustics, particularly in physical modeling.
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Abstract: Underwater imaging is affected by spatially varying blur caused by water flow
turbulence, light scattering, and camera motion, resulting in severe visual quality loss and
diminished performance in downstream vision tasks. Although numerous underwater
image enhancement methods have been proposed, the issue of addressing non-uniform
blur under realistic underwater conditions remains largely underexplored. To bridge
this gap, we propose PMSPNet, a Progressive Multi-Scale Perception Network, designed
to handle underwater non-uniform blur. The network integrates a Hybrid Interaction
Attention Module to enable precise modeling of feature ambiguity directions and regional
disparities. In addition, a Progressive Motion-Aware Perception Branch is employed
to capture spatial orientation variations in blurred regions, progressively refining the
localization of blur-related features. A Progressive Feature Feedback Block is incorporated
to enhance reconstruction quality by leveraging iterative feature feedback across scales. To
facilitate robust evaluation, we construct the Non-uniform Underwater Blur Benchmark,
which comprises diverse real-world blur patterns. Extensive experiments on multiple
real-world underwater datasets demonstrate that PMSPNet consistently surpasses state-
of-the-art methods, achieving on average 25.51 dB PSNR and an inference speed of 0.01 s,
which provides high-quality visual perception and downstream application input from
underwater sensors for underwater robots, marine ecological monitoring, and inspection
tasks.

Keywords: underwater image enhancement; underwater non-uniform blur; multi-scale
perception; hybrid interaction attention

1. Introduction

With the advancement of marine science and technology, high-definition underwater
imaging has become increasingly vital for underwater applications such as underwater
robotic navigation, seabed topographic mapping, and aquatic life monitoring [1,2]. How-
ever, underwater imaging is affected by a variety of factors, including light absorption,
scattering effects, and relative motion between the camera and the dynamic scene, resulting
in image degradation, especially the non-uniform spatial blur distribution. We perform
Fourier analysis on underwater images, extract the direction and intensity of localized
frequency domain energy, and map them into blur direction and intensity heatmaps to vi-
sualize underwater blur patterns. As illustrated in Figure 1, real-world underwater images
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commonly exhibit non-uniform blur that varies in spatial extent and directional orientation,
violating the common assumption of uniform blur kernels. Such degradation obscures
critical visual cues, impairing the performance of downstream computer vision tasks. In
autonomous underwater systems, the loss of structural information and motion cues due to
non-uniform blur can lead to perceptual errors and decision-making biases, thereby posing
challenges to the robustness and reliability of underwater operations.

)

(ii)

(iii)

Figure 1. Illustration of non-uniform blur in underwater images. (i) The raw underwater images.
(ii) The estimated blur trajectories, where the arrow directions and positions represent the motion
blur vectors. (iii) The corresponding blur intensity heatmaps, where warmer colors indicate stronger
blur magnitude.

To mitigate underwater image degradation, numerous hardware-based solutions
have been developed, including specialized underwater cameras, structured lighting sys-
tems, and active imaging techniques such as laser illumination and time-gated imaging.
These approaches aim to reduce visibility loss and scattering effects during image ac-
quisition, thereby alleviating certain forms of blur. However, despite their potential to
enhance raw image quality, such systems are commonly challenged for deployment in
real-world environments due to their high cost, large physical footprint, and sensitivity to
the environment. More critically, hardware-based methods do not explicitly address the
underwater non-uniform blur arising from camera motion, moving objects, or dynamic
water flow. This limitation has spurred increasing interest in algorithmic deblurring tech-
niques, which can restore image sharpness directly from captured data without the need
for auxiliary hardware.

Numerous studies have investigated traditional image enhancement techniques to
address underwater image degradation. These methods typically leverage handcrafted
priors and physical modeling to compensate for light attenuation and scattering. Common
strategies include histogram equalization, white balance, gray-world assumptions, and
Retinex-based methods for illumination decomposition. Some approaches further adapt
atmospheric dehazing techniques, such as the Dark Channel Prior (DCP), to estimate the
transmission map of underwater scenes. While these methods are relatively easy to deploy
and interpretable, they generally assume static scenes and well-defined image structures,
rendering them ineffective in the presence of the spatially non-uniform blur prevalent in
real-world underwater environments. As a result, they commonly fail to recover fine image
details and maintain structural consistency, limiting their utility in supporting high-level
visual tasks.

With the growing application of deep learning (DL) in image restoration, learning-
based methods for underwater image enhancement (UIE) have attracted increasing at-
tention. Convolutional Neural Networks (CNNs) and Generative Adversarial Networks
(GANSs) are employed to correct color distortions, enhance contrast, and improve the
visibility of underwater images, owing to their powerful feature extraction and represen-
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tation learning capabilities. More recently, Transformer-based architectures have been
introduced into underwater image enhancement and restoration tasks, demonstrating
promising performance due to their global receptive field and long-range dependency
modeling. However, most of these methods remain focused primarily on enhancing the
visual quality of the image, lacking explicit mechanisms to model underwater image blur.
Furthermore, the enhancement performance of the above networks often scales with their
architectural complexity, which increases significantly in Transformer-based designs. This
imposes substantial computational burdens, making real-time deployment in underwater
applications impractical. Consequently, the performance of existing enhancement algo-
rithms is frequently compromised under non-uniform blur conditions, underscoring the
urgent need for dedicated deblurring frameworks tailored to the unique challenges of
underwater environments.

Focusing on the challenge of non-uniform blur in underwater images, we propose
PMSPNet, a Progressive Multi-Scale Perception Network. PMSPNet perceives and models
blur features from multiple perspectives, encompassing both local and global receptive
fields, contextual semantic information, as well as the direction and intensity of the blur. By
integrating these diverse perceptual cues, the network effectively maximizes blur removal
while enhancing overall image quality.

The main work of this article is summarized as follows:

*  We propose a Progressive Multi-Scale Perception Network to effectively eliminate non-
uniform blur in underwater images, enabling real-time underwater image enhancement.

¢ Weintroduce a Hybrid Interaction Attention Module that extracts and integrates local
and global blur features to capture multi-view information and accurately perceive
the direction and intensity of underwater blur.

*  We design a Progressive Motion-Aware Perception Branch and a Progressive Feature
Feedback Block to enable progressive fine-tuning of features, precise localization of
blur, and efficient recovery of reconstruction details.

¢ We construct a Non-uniform Underwater Blur Dataset to provide a benchmark for
evaluating underwater image deblurring algorithms. Extensive experiments demon-
strate that the proposed method outperforms state-of-the-art approaches, validating
its robustness and effectiveness.

The remainder of this article is organized as follows. Section 2 introduces related work.
Section 3 describes the PMSPNet network. Section 4 presents the analysis and discussion
of the experimental results, and Section 5 of this article concludes with a summary of the
article and discusses potential future research areas.

2. Related Work
2.1. Hardware-Based Approach

To address the challenges of underwater image degradation, numerous hardware-
based methods have been proposed. These approaches employ specialized imaging systems
to capture higher-quality data at the point of acquisition, thereby reducing dependence
on post-processing algorithms [3]. Some systems utilize auxiliary light sources or polar-
ization filters to suppress scattering and backscatter effects [4,5]. In contrast, others adopt
structured light or multi-camera setups to reconstruct clearer underwater scenes [6,7].
Notably, high-speed cameras and inertial measurement units (IMUs) have been leveraged to
estimate and compensate for camera motion, thereby mitigating motion blur during image
capture [8]. In parallel, the emergence of IoT-enabled sensor networks has driven research
on adaptive routing, data reliability, and energy efficiency, which are critical for real-time
underwater monitoring and communication systems [9-11]. These studies explore strategies
such as cross-layer optimization, secure data aggregation, and energy-aware routing to
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improve the dependability and scalability of sensor-based infrastructures [12-14], providing
complementary insights into the broader landscape of underwater sensing and communica-
tion. Integrating underwater image restoration techniques with efficient IoT-based sensing
systems represents a promising direction, enabling both high-quality perception and reliable
data delivery in challenging underwater environments. Although such hardware-enhanced
systems can yield superior image quality under controlled conditions, they are commonly
constrained by practical limitations, including high cost, limited deployment flexibility, and
susceptibility to failure in dynamic or harsh underwater environments. Consequently, there
is a pressing need for software-based solutions that can adaptively enhance underwater
images without relying on specialized equipment, offering greater practicality, scalability,
and robustness in real-world applications.

2.2. Traditional Approach

Traditional approaches to underwater image enhancement typically rely on physical
priors or hand-crafted models to address degradation caused by absorption, scattering,
and turbidity [15]. Zhou et al. employed a modified underwater image formation model
incorporating depth estimation and color correction to effectively mitigate the effects of
light absorption and scattering [16]. Ma et al. proposed an improved Retinex-based varia-
tional model that integrates information entropy smoothing and non-uniform illumination
priors, enabling effective handling of uneven lighting in underwater images [17]. Liu et al.
introduced an illumination-constrained, structure-preserving Retinex model with adaptive
channel compensation and joint estimation of illumination and reflection, demonstrating
competitive performance on turbid underwater images in both subjective and objective
evaluations [18]. Zhou et al. combine pixel distribution remapping with a Retinex varia-
tional model and noise-texture priors, achieving notable improvements in color correction
and contrast enhancement [19].

Beyond physics-based models, some methods focus on enhancing images by improv-
ing contrast, correcting color, or reducing haze based on prior knowledge or statistical
assumptions without explicitly modeling the underwater imaging process. Zhang et al.
proposed a principal component fusion method (PCFB) that enhances underwater images
by fusing contrast-enhanced foregrounds and dehazed backgrounds using principal com-
ponent analysis [20]. Zhang et al. introduced a multi-channel adaptive fusion approach
that addresses color distortion and contrast loss through adaptive channel correction and
dual-branch enhancement [21]. To accommodate images across different color gamuts,
Zhang et al. proposed the RAG-IMF method, which integrates global-local color correction
and multi-channel fusion in both RGB and LAB color spaces, thereby extending color gamut
and improving quality metrics [22]. Similarly, Jha et al. developed the CBLA method, which
performs RGB-based color correction and LAB-based contrast and naturalness restoration
for effective underwater enhancement [23]. To preserve fine details, recent works have also
explored multi-scale representations and frequency-domain techniques, leading to more
robust enhancement across a variety of underwater scenes [24,25].

While the above approaches offer strong interpretability, their performance tends
to degrade in highly dynamic underwater environments, where the underlying model
assumptions are frequently violated. As a result, they are generally less effective in handling
complex, non-uniform degradations such as motion blur and spatially varying illumination.

2.3. Data-Driven Approach

With the rapid advancement of deep learning, data-driven approaches have emerged
as a powerful alternative for UIE [26]. Unlike traditional methods, data-driven techniques
can implicitly model complex nonlinear degradations and adapt to diverse underwater
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conditions through training on large-scale datasets. Xue et al. addressed the limitations
of conventional color spaces by introducing a learnable Underwater Scenes Orient (USO)
color space and a Scene-Adapted Semantic-Aggregated Degradation-Decoupling (52D2)
framework [27]. Park et al. proposed a lightweight enhancement framework based on an
adaptive standardization and normalization network, which effectively corrects distorted
feature distributions and improves image contrast and brightness, all while maintaining
low computational complexity [28].

In parallel, Generative Adversarial Networks (GANSs) [29,30], particularly diffusion
models [31,32], have further improved the capacity of neural networks to learn complex
mappings between degraded underwater images and their high-quality counterparts.
These models have demonstrated significant improvements in addressing color distortion,
motion blur, and low contrast [33,34]. The recent success of Transformers in computer
vision has further accelerated progress in underwater image enhancement [35,36]. Their
powerful global modeling capabilities and context-aware mechanisms significantly improve
detail restoration and color correction, resulting in more natural and visually appealing
enhancement outcomes. Yang et al. introduced a progressive aggregation framework that
utilizes a feature-prompted Transformer, combining global-local attention with multi-scale
feature aggregation, to enhance detail preservation, color fidelity, and blur removal [37].
Huang et al. proposed an underwater enhancement network incorporating a cross-wise
Transformer module and a feature supplementation strategy to capture inter-stage de-
pendencies and compensate for feature loss [38]. Moreover, techniques involving multi-
domain feature extraction, physics-guided priors, and unsupervised learning have been
actively explored to improve the perceptual and generalization abilities of enhancement
networks [39-42].

Despite their promising results, data-driven methods also face notable limitations.
Convolutional Neural Networks (CNNs) struggle to capture long-range dependencies due
to their localized and static receptive fields. Although Transformers effectively address this
issue, their high computational cost limits their practicality, especially for deployment on
resource-constrained edge devices. GAN-based models, while exhibiting strong feature
generation capabilities, often suffer from limited generalization across diverse underwater
scenes. Furthermore, the aforementioned methods require large volumes of training data,
yet datasets specifically addressing underwater blur remain scarce. Therefore, the models
are prone to domain bias, making them less effective in handling complex and variable
non-uniform underwater blurred images.

3. Methods

To address the challenges, we propose PMSPNet, a Progressive Multi-Scale Perception
Network, as illustrated in Figure 2. The network incorporates a Hybrid Interaction Atten-
tion Module (HIAM) to capture local details and global contextual dependencies, enabling
an initial coarse perception of image blur features. Building upon this, we introduce the Pro-
gressive Motion-Aware Perception Branch (PMAB) and the Progressive Feature Feedback
Block (PFFB), which can incrementally guide and refine the network’s perceptual capability,
thereby achieving accurate localization and representation of non-uniform blur regions.
Furthermore, to facilitate more realistic and comprehensive training and evaluation, we
construct a dedicated Non-uniform Underwater Blur Dataset (N2UD), which encompasses
a wide range of blur patterns encountered in real-world underwater environments.
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Figure 2. PMSPNet network architecture. Core components include the Hybrid Interaction Attention
Module (HIAM), Progressive Motion-Aware Perception Branch (PMPB), and Progressive Feature
Feedback Block (PFFB). The data come from the Non-uniform Underwater Blur Dataset (N2UD).

3.1. N2UD

To address the scarcity of underwater blur datasets, we constructed a specialized
dataset by filtering an existing publicly available underwater image dataset. Specifically,
we combined quantitative blur metrics with manual visual inspection to identify and select
images exhibiting non-uniform blur. The resulting collection forms a new benchmark,
termed the Non-uniform Underwater Blur Dataset (N2UD), which serves as a representa-
tive testbed for evaluating underwater deblurring algorithms under complex and realistic
degradation conditions. As illustrated in Figure 3, N2UD includes underwater images
affected by non-uniform blur across various resolutions and scenes, ensuring diversity and
practical relevance.

Figure 3. The N2UD dataset, which contains various underwater environments and different degrees

of non-uniform blur.

The quantitative blur metrics of which can be expressed as

1 dy+dc+dg+dén>1
0 otherwise ’

isBlurred = { (1)
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where Jy; denotes the underwater image sharpness measure, Jc represents the global
contrast level, J; is the mean image gradient, and Jy corresponds to the high-frequency
energy. When IsBlurred equals 1, it signifies that the image exhibits non-uniform blurring.
The underwater image sharpness measure Jy; is defined as

1 ks Iy
Su = {1 il iy 552 20 1°g<1 +e) =4 )
0

mm
otherwise

where the image is converted to the YUV color space and then partitioned into kq x kp

non-overlapping blocks; I I(na)x and I]Enlzl

values, respectively, for the (i, j)th block; € is a small constant (10~°) to avoid division by

represent the maximum and minimum luminance

zero; and Uy is the corresponding threshold, set to 2.0. The ¢ is expressed as

QALY
o = <& &)
0 0therw1se

where I](HII)XB is the LAB color space of the input image Irgp, 0(-) is the standard deviation,
and C; is the corresponding threshold, set to 0.15. The  is expressed as
562{1 N Lt Dyt M (XY)<Gt @

0 otherwise

where N is the total number of pixels in the image; W, H are the width and height of
the image, respectively; and Gy is the corresponding threshold, set to 15. The M(+) is the
gradient magnitude calculation for each pixel point, which is expressed as

M(x,) = /Ga(x, 1) + Gy (x,y)2, (5)

where Gy (-, -) and Gy (-, -) respectively perform Sobel filtering on the horizontal and vertical
gradients of the grayscale image Igray of the original image Irgp. The dy is expressed as

Thla Yyl [Flxy)| , (6)
0 otherwise

{1 el 1Zy 1 [Fur(xy)| < H,
oy =

where H; is the corresponding threshold, set to 0.2. Fyp(+) is expressed as

Firr(x,) = F(x,y) - Mask(x,y), %

where F(x,y) and Mask(x, y) are expressed as

—1W—
= FS Z Z Igray u, V 72&(# W))/ (8)

0 VE Tyl <

Mask =
ask(x,y) {1 otherwise ! ©)

where FS(-) is a frequency shift that centers the zero-frequency (DC) component,
and Mask(x,y) € {0, 1} is a circular low-pass suppression mask centered at
(cu,co) = (&, %), with radius r = w.
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Considering that existing blur metrics may not fully capture the spatial variations of
blur, we conducted manual visual inspections of each candidate image to refine the dataset.
Based on evaluations by multiple experts specializing in visual perception, we retained
only those images exhibiting noticeable non-uniform blur. This process ensures that the
dataset accurately reflects the complex and spatially varying blur characteristics commonly
observed in real-world underwater environments.

3.2. Hybrid Interaction Attention Module

To enhance the network’s capacity for deep feature extraction and precise localization
of blurred regions in underwater scenes, we propose a Hybrid Interaction Attention Module
(HIAM), as shown in Figure 4. Unlike traditional hybrid methods [43,44], HIAM, a cross-
scale dual-channel design, utilizes an interactive cross-attention fusion dual-attention
strategy for adaptive weighting control. This hybrid design enables collaborative modeling
of localized blur features and global semantic structures, achieving coarse estimation of
blurred feature extraction and localization.

Q HIAM

DSC DSC -
Fa AVG MAX
y
A
—Q>8 Softmax <
Q
K o= O)
=) \
— >
]
= DSC
—I—PE RelLU
PFFB
PMPB
= )
b~ S S s 2
S S T8 =§ 3
= > 8§ S§8/§ %%
>3 ~ N 2 5 S I
5 S <S8 Tod
Q S

Residual Connection

.
L

Figure 4. PMSPNet network components, including HIAM, PMPB, and PFFB.

Specifically, given an input feature I € RE*H*W

, the process is represented as
F, = Convaxa(La(L ) + Ga(Q K, 1)), (10)

where Convs,3(-) indicates 3 x 3 convolution operation. The calculation process for other
characters is as follows.
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Firstly, we obtain Q, K, and V as follows:
Q, K,V = DSC(Convyx1(Convsy3(L LI))), (11)

where Convy 1 (+) indicates 1 x 1 convolution operation, and DSC(-) indicates depthwise
separable convolution. Subsequently, Q, K, and V' are obtained by

Q' = (Pu(DSC4(Q)) + Pa(DSC,(Q)))Wo, (12)
K = (P(DSCi(K)) + Pa(DSCy(K))) Wk, (13)
V' = (P (DSCy(I)) + Po(DSCy (1)) )Wy, (14)

where P,,(-) and P,(-) are adaptive global max pooling and average pooling, and
Wo, Wi, Wy € RE*4 are trainable matrices. S, can be given by the following;:

S, = Usig(asoft(i)v )/ (15)

where 0gig(-) and g () are Sigmoid and Softmax activation functions, and d is the
dimension of the key vector. Thus, L,(I, S,) can be expressed as

(K)T
vd

Lo(I,S,) = Convss(2®) (v o s,)), (16)

where © is a pointwise multiplication operation. G, (Q,, K',1) can be expressed as

G,(Q,K,I)=S,0I+L (17)

3.3. Progressive Motion-Aware Perception Branch

To further enhance the modeling of aware features in underwater non-uniform blur
scenarios, we introduce a Progressive Motion-Aware Perception Branch (PMPB), as de-
picted in the lower part of Figure 4. This module progressively refines the localization of
non-uniform blur features in a coarse-to-fine manner, thereby strengthening the network’s
multi-level perception of structural details.

Specifically, a two-dimensional Butterworth filter is applied to the input image to
perform frequency adjustment. This operation amplifies the response of blurred regions
across varying frequency components, improving the network’s sensitivity to related
features [45,46]. The filtering process is defined as

I, = L2R(Concat(Hy¢(L), A, B)), (18)

where L2R(-) converts the image from LAB to RGB color space; Concat(+) is a channel

splicing operation; and L = ISAB, A= IIE”XB, and B = I](QB are the luminance and color

channels in the LAB space, respectively. H(-) represents high-frequency extraction
operations, expressed as

Hie(L) = éR(f-‘spa’tial)r (19)

where R(-) denotes the real part of a complex number. ispatial can be expressed as
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Lspatial - ]:_1(1:5)/ (20)
where F~1. is the inverse fast Fourier transform (IFFT). Ls can be expressed as

L; =1S(L), (21)

L=L1 (1-Hpy), (22)

where IS(+) indicates that the centralized spectrum diagram will be restored to its original

CBxlexW

layout. L € can be expressed as

L = FS(F(L)), (23)
where F () is the fast Fourier transform (FFT).
The Butterworth filter Hy,,, is constructed as

1

1+ Do 2n’
( \/(u,%)er(v,%)ere)

wa(u/ ZJ) = (24)

where Dy is the cutoff frequency, 7 is the filter order, and € is the anti-decimation constant,
set to 1076.

Subsequently, the frequency domain enhanced image Iy, is subjected to initial feature
extraction, which is denoted as

I; = ore (COI’IV1><1(Ib) + ConV3><3(0're (COHV3><3(Ib))))/ (25)

where 0ye (+) is the ReLU activation function.

Finally, we introduce Deformable Convolution [47] to adaptively adjust the sampling
position for more accurate perception and feature extraction of the non-uniform blur region,
which is expressed as

K
5= wy Y G(q,po+pr + Lpp) - L), (26)
k=1 qgeN (po+pr+2pg)

where I5? is the value of the output feature map at position po; wy is the weight of the kth
position of the convolution kernel; N is a bilinear interpolating neighborhood; G(g, -) is
the interpolated weight, satisfying }°, G(q, -) = 1; pj is the kth standard sampling offset in
the convolution kernel; Ap, is the learnable offset of the kth position; and I? is the value of
the input feature I; at position 4.

The fine features are fed into the backbone to provide it with feature guidance, which
is expressed as

F, = I, + Convsy3(Concat(F,, Ip)). (27)

3.4. Progressive Feature Feedback Block

To achieve lossless extraction of hierarchical semantic features during reconstruction,
we propose a Progressive Feature Feedback Block (PFFB), as illustrated in Figure 4. This
module facilitates inter-layer information interaction by constructing a hierarchical feed-
back pathway, allowing recovered features from subsequent stages to guide and refine the
representation learning in previous stages. The structure of the PFFB is represented as
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Fe = Ure(Dscl (Fatt + Fm))/ (28)

where F,i can be expressed as
Far = Usoft(MLPLZ (Pm (Fm> + Pm(Fm))) © DSCZ(Fup + Fcu)r (29)

where F;; = DSC3(Fyp + Feu), MLP1 5 () is a multilayer perceptron, and Fyp and Fy are
the previous and current level recovery features in the decoder, respectively.

3.5. Loss Function

To increase visual quality and perceptual fidelity of the restored image, we design
a composite loss function that jointly enforces constraints on color accuracy, structural
consistency, frequency response, and perceptual realism. This multi-objective formulation
ensures that the restored images align closely with ground truth data and exhibit enhanced
perceptual quality. The overall loss is defined as

Lt = Leharb + At - Lige + Mab * Liab + AMech * Lich + Lvgg + Leolors (30)

where Lenarb, Litt, Liabs Lichs Lvgg, and Lo are charbonnier loss, fast fourier transform
loss, LAB color loss, LCH color loss, perceptual loss, and color constancy loss, respectively.
At Mab, and Ay, are the corresponding weighting coefficients, set to 1 x 1071,1 x 107°,
and 1 x 1072, respectively. Lu,app is defined as

z| =
=

I
—

Ccharb (x/ ]/) = (xi - yi)z + 62/ (31)

where x and y are the predicted image and ground truth, and N is the total number of
pixels in the image. L is defined as

Lege(x,y) = [[F(x) = F W)y, (32)
where || - || is L1 loss. L, is defined as
Liap (x,y) = Li(x,y) + - Lap(x,y), (33)

where a is the weighting coefficient, set to 1. £;(-) and L, (-) are the brightness and color
channel loss in the LAB channel, defined as

1 N . .
Llxy) =5 L 1L -1 (34)
i=1
1 & ik Py 1 & ik (i)
Lap(x,y) =YY P Jog(———) & —— Y Y P log(Py +€),  (35)
N =3 P 4 e N =3

where P;Si’k) and Py(i'k) are the softmax weights for the kth bin at the ith pixel position of
images x and y. £y, is defined as

Lich = Ly + Lic + Ly, (36)

where £} and £ represent brightness and chromaticity L1 loss (reference Equation (34)),
and Ly, represents hue distribution loss (reference Equation (35)) in LCH color space.
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In addition, Lygg utilizes the multi-scale features of the VGG19 network to measure the
differences between the enhanced image and the reference image in the high-level semantic
space. Lor achieves color balance consistency by minimizing the pairwise Euclidean
distances between the R, G, and B channels.

4. Experiments
4.1. Datasets

We train and evaluate the proposed network using the constructed N2UD dataset and
compare its performance against state-of-the-art methods on N2UD and three publicly avail-
able underwater image enhancement benchmarks: EUVP [48], LSUI [49], and UIEB [50].
Additionally, to assess the practical benefits of the enhanced images in real-world scenarios,
we conduct downstream task evaluations on the DUO dataset [51], demonstrating the
model’s effectiveness in supporting higher-level underwater vision tasks.

4.1.1. N2UD

The N2UD dataset comprises 3201 real underwater image pairs, each consisting of a
non-uniformly blurred image and its corresponding reference. Among these, 2246 pairs
were used for training, 624 for testing, and 322 for validation. The dataset consists of
several publicly available underwater image enhancement datasets. Using a combination
of quantitative blur metrics with manual visual inspection, we screened high-quality
non-uniform blur image pairs. Specifically, the dataset includes 555 images from the
EUVP dataset, 2190 from the LSUI dataset, and 465 from the UIEB dataset. The selected
images span a range of resolutions, from 256 x 256 to 1280 x 720, and diverse underwater
environments and imaging conditions. The dataset is available at https://github.com/UI2
025/N2UD, accessed on 28 August 2025.

4.1.2. EUVP

The EUVP dataset is designed to support the enhancement of color and structural
details in real-world underwater images. It employs multiple underwater sensors (GoPros,
Aqua AUV’s uEye cameras, low-light USB cameras, and Trident ROV’s HD camera) to
capture underwater images and conduct marine exploration and human-robot cooperative
experiments in different locations under various visibility conditions. It contains both
paired and unpaired collections of approximately 20,000 images, covering a broad spectrum
of underwater environments, lighting conditions, and viewpoints. The dataset includes
both real and synthetically degraded underwater images at various resolutions, making it
suitable for training and evaluating deep learning-based underwater image enhancement
models. The dataset is available at https://irvlab.cs.umn.edu/resources/euvp-dataset,
accessed on 17 May 2025.

4.1.3. LSUI

The LSUI dataset, filtered and screened based on various real underwater image
data, is a large-scale collection of 4279 real-world underwater images captured across
multiple scenes, including shallow waters, deep sea, coral reefs, and shipwrecks. It en-
compasses a wide variety of conditions in terms of lighting, water quality, and color
degradation. LSUI emphasizes real data distributions and high scene complexity, making it
well-suited for studying naturally occurring underwater degradations. The dataset is avail-
able at https:/ /lintaopeng.github.io/_pages/UIE%20Project%20Page.html, accessed on 17
May 2025.
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4.1.4. UIEB

The UIEB dataset collects and processes underwater images on different platforms
and includes private underwater shooting videos. It is one of the most widely used
benchmarks in underwater image enhancement. It includes 890 real-world underwater
images of varying resolutions, most of which have been enhanced by domain experts to
form a high-quality paired dataset. It is commonly used for both subjective and objective
evaluation of enhancement algorithms. In addition, UIEB includes a challenging subset,
Challenging-60, comprising 60 challenging unpaired samples used to test algorithmic
robustness under extreme conditions. The dataset is available at https:/ /li-chongyi.github.
io/proj_benchmark.html, accessed on 17 May 2025.

4.1.5. DUO

The DUO dataset is a high-quality benchmark designed for underwater object de-
tection (UOD) tasks. These data were obtained by collecting underwater images through
underwater photography and labeling them, and they were used to study the perception de-
cisions and sensor sensitivity issues of underwater robots. It contains 7782 images captured
from diverse underwater environments, including shallow and deep water, turbid regions,
and varied lighting conditions. The dataset features a wide array of target types, including
starfish, sea urchins, and fish, along with substantial variation in scene structure, imaging
quality, and target scale. All images are provided at a uniform resolution of 1920 x 1080,
with 6671 images allocated for training and 1111 for testing. In this work, we utilize
the trained enhancement model to augment the DUO dataset and perform downstream
detection tasks, thereby validating the positive influence of our method on higher-level
vision applications. The dataset is available at https://github.com/chongweiliu/DUO,
accessed on 18 May 2025.

4.2. Experimental Configuration
4.2.1. Implementation Details

The proposed network was implemented using the PyTorch 2.0.1 framework and
trained on a Linux-based system equipped with a GeForce RTX 3090 GPU (24 GB), 250 GB
of memory, and 80 Intel(R) Xeon(R) Gold 5218R processors (2.10 GHz). The training was
performed using the Adam optimizer with an initial learning rate of 1 x 10~%. A cosine
learning rate scheduling strategy with a warm-up phase was employed, in which the
learning rate was gradually increased during the first 10 epochs, after which it followed a
cosine decay schedule. The network was trained for 200 epochs with a batch size of 8. To
improve the model’s robustness and generalization capability, standard data augmentation
techniques such as random horizontal and vertical flipping were applied during training.
To prevent overfitting and ensure stable convergence, an early stopping mechanism was
employed, in which training was terminated if the validation loss failed to improve for
10 consecutive epochs. Furthermore, random seeds were fixed across all experiments to
guarantee reproducibility of the reported results.

4.2.2. Evaluation Metrics

To comprehensively assess the performance of the proposed method in restoring
underwater images affected by non-uniform blur, we employed a diverse set of evaluation
metrics covering full-reference, no-reference, perceptual, and sharpness-based aspects. For
full-reference evaluation, we used the Peak Signal-to-Noise Ratio (PSNR), the Structural
Similarity Index (SS5IM), and the Feature Similarity Index (FSIM) to quantify pixel-level
fidelity and structural consistency between the restored images and their ground-truth
counterparts. To evaluate perceptual quality, we adopted LPIPS [52], which measures
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perceptual similarity using deep feature representations and aligns better with human
visual perception.

For no-reference evaluation, we employed underwater-specific quality metrics, in-
cluding UIQM [53] and UCIQE [54], to evaluate key visual attributes such as color fidelity,
contrast, and clarity. Additionally, we introduced NIQE [55], a natural image quality eval-
uator, and URanker [56], a human preference-based perceptual scoring model, to further
assess image naturalness and subjective quality. To evaluate the preservation of fine details
and edge sharpness, we incorporated high-frequency sharpness metrics, including Lapla-
cian variance, Tenengrad, and Brenner gradient, each capturing edge clarity and detail
recovery from different computational perspectives.

The integration of these complementary metrics enables a comprehensive and objective
evaluation of image enhancement performance, ensuring the model’s robustness and
practical applicability in real-world underwater scenarios and downstream tasks.

4.3. Performance Comparison
4.3.1. N2UD

To comprehensively evaluate the effectiveness of the proposed method, we conducted
extensive experiments on the constructed N2UD dataset using both full-reference and
no-reference image quality assessment metrics. The results are presented in Tables 1 and 2.

Table 1. Comparison of performance on the N2UD dataset, where evaluation includes full-reference
image quality metrics and resource consumption metrics. All results are reported in the format of
mean =+ standard deviation. 1 indicates that a higher value is better, while | indicates that a lower
value is better.

Methods PSNR 1t SSIM FSIM 1 LPIPS | Params (M) | FLOPs(G)]  Time(s) |

WEFAC [25] 15.73 £3.21 0.66 +0.14 0.77 £0.09 0354+ 0.10 - - 0.38
WWPF [57] 1748 £359 +0.73+0.13 0.82+0.07 0.28+0.11 - - 0.26
HFM [58] 17.31 £ 3.18 0.76 £ 0.11 0.88+£0.06 0.31+0.14 - - 0.53
HLRP [59] 12.80 £ 1.97 0.22 £ 0.07 0.64 £0.05 0514 0.08 - - 0.01
ACDC [60] 16.63 £+ 2.90 0.70 £0.12 0.82+£0.07 0344+0.11 - - 0.22
MMLE [61] 17.80 £ 3.73 0.73 £0.12 0.82 +£0.07 029 4+0.11 - - 0.08
PCDE [62] 15.40 £ 2.96 0.62 £0.14 0.75+£0.08 039 +0.11 - - 0.29
TEBCEF [63] 17.90 £+ 2.30 0.69 +£0.12 0.80 £0.08 0.30 +0.09 - - 1.24
CycleGAN [29] 2391 +4.72 0.83 +£0.11 091 £0.05 0.244+0.01 22.76 99.364 0.03
U-Shape [49] 24.32 + 3.87 0.83 +£0.11 092 +£0.04 0.22 4+0.06 31.59 26.10 0.05
FUNIE-GAN [48] 21.42 4+ 3.49 0.79 £ 0.09 0.90 £0.04 0.28 +0.06 3.59 26.72 0.06
Histoformer [64] 13.96 £ 2.25 0.30 £0.14 0.64 £0.07 0.72 4+ 0.07 25.71 44.42 0.03
Phaseformer [65] 2413 £+ 3.17 0.64 +£0.11 093 +0.04 0.21 +£0.09 1.78 14.12 0.03
UIR-PolyKernel [66]  22.19 £ 4.62 0.84 + 0.09 0.92+0.04 0.254+0.09 1.89 13.68 0.01
CCL-Net [67] 23.81 +5.39 0.83 +£0.20 091 £0.10 0.23+0.16 0.55 37.36 0.06
PUIE-Net [68] 24.40 4+ 3.78 0.91 +£0.08 0.96 £0.04 0.17 +0.08 0.83 150.69 0.13
USUIR [69] 18.79 + 2.86 0.79 £ 0.10 0.89 £0.04 0.324+0.08 0.23 14.88 0.01
SGUIE [70] 24.13 +4.50 0.87 £ 0.09 0.93 £0.04 0.20 +0.08 18.63 20.16 0.02

PMSPNet 25.51 +3.98 0.92 + 0.09 0.95+0.04 0.19 +0.08 4.44 26.77 0.01

As shown in Table 1, traditional image processing methods exhibit generally poor

performance across full-reference metrics. Specifically, their PSNR values typically fall
below 18 dB, and LPIPS scores often exceed 0.3, indicating significant limitations in per-
ceptual quality and visual fidelity. These methods struggle to adaptively model complex
blur degradation, which severely limits their scalability in real-world applications. Fur-
thermore, traditional methods are often computationally intensive and inefficient. Some
require up to 1.24 s to process a single image, rendering them unsuitable for time-sensitive
tasks. In contrast, deep learning-based UIE methods demonstrate more robust performance.
GAN-based approaches offer modest improvements in some metrics. CycleGAN achieves
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relatively high SSIM (0.83 4= 0.11) and LPIPS (0.24 &= 0.01) compared to traditional methods.
However, it exhibits considerable PSNR variance (44.72), highlighting a lack of consistency
and reliability in generative adversarial models. U-Shape, leveraging a multi-scale architec-
ture, performs well across all full-reference metrics but still falls short of the performance
achieved by PMSPNet. Among recently proposed Transformer-based methods, HistFormer
suffers from mode collapse issues, leading to degraded performance across multiple metrics.
Additionally, it incurs a high computational cost (44.42 GFLOPs) and slower inference
speeds. PhaseFormer, in contrast, shows a more balanced performance. However, its rela-
tively low SSIM indicates limitations in preserving structural integrity. PUIE-Net achieves
favorable results across most metrics, yet its complexity is a concern, with computational
overhead reaching 150.69 GFLOPs and inference time extending to 0.13 s per image. SGUIE
performs well in FSIM and LPIPS, reflecting strengths in perceptual quality. Nonetheless,
its overall effectiveness remains inferior when compared to PMSPNet. PMSPNet achieves
superior performance in both objective metrics and computational efficiency, confirming its
robustness and practical applicability for real-world underwater deblurring tasks.

Table 2. Comparison of performance on the N2UD dataset, where evaluation is based on no-reference
image quality metrics. All results are reported in the format of mean + standard deviation. 1 indicates
that a higher value is better, while | indicates that a lower value is better.

Methods UIQM 1 UCIQE 1 NIQE | URANKER 1 Laplacian{ Tenengrad {1 Brenner 1
WEFAC [25] 3.16 £ 033 042+0.02 6.02+ 346 2.49 + 0.89 0.11+0.18 0.53+£0.23  2044.20 £+ 1559.13
WWPF [57] 285+040 044+0.04 543+220 250+0.741 0.054+0.08 044+0.17 1291.93 £ 911.55

HEM [58] 291 £0.37 047 +0.03 549 +2.02 2.35 +0.81 0.02+0.06 0.31+0.14 662.62 + 639.15
HLRP [59] 262+ 0.67 049+0.07 578+225 1.69 +0.96 0.03+0.03  0.39 £0.09 1016.97 £ 489.98
ACDC [60] 334+020 038+0.03 524+1.78 2.68 £+ 0.76 0.04 £0.08 042+0.15 990.85 £ 790.32
MMLE [61] 277 £041 044 +0.04 5564242 2.53 +0.86 0.07+0.10 046 £0.19 1504.57 4+ 1072.266
PCDE [62] 2.66 +0.68 0.46+0.03 550+ 1.98 259 +0.74 0.06 £0.08 0.50+0.17 1671.21 £+ 995.43
TEBCEF [63] 3.00+0.35 045+0.02 5.60=+1.75 242 +£0.69  0.049 £0.07 046 +0.14 1274.67 £+ 699.73

CycleGAN [29] 319+042 041+£0.06 4.62+1.30 1.50 £ 0.81 0.01 £0.01 0.26 £0.10 448.48 £ 291.55
U-Shape [49] 310+£046 038+0.05 5.05+1.37 1.35 +0.74 0.01 £0.01 0.22 £ 0.09 313.03 +£202.13
FUNIE-GAN [48] 310+ 043 043+£0.05 4.17+0.90 1.80 £ 0.78 0.02+£0.02 030=£0.14 607.95 + 504.67
Histoformer [64] 3.09+£027 031+£0.04 1200+£3.09 0.74£0.54 0.01 £0.01 0.12 £ 0.04 99.17 £ 76.09
Phaseformer [65] 277 £0.39 043 £0.06 7.75+6.61 1.26 £0.79 0.02£0.03 024 £0.10 399.73 £ 353.68
UIR-PolyKernel [66] 2.91+0.62 0.38+0.07 5.09 &+ 1.38 1.18 £0.99 0.01+£0.02 024=£0.13 435.62 £ 447.07
CCL-Net [67] 3.03+£048 0.41+0.06 5.56=+2.05 1.46 +0.76 0.02£0.03 026 £0.11 488.43 + 408.52
PUIE-Net [68] 3.00£051 040+£0.06 555+1.85 142 +0.85 0.02£0.02 025+£0.11 430.14 £ 375.36

USUIR [69] 296 +£0.30 046 £0.03 4.80+1.15 1.51 £ 0.82 0.01 £ 0.01 0.29 £ 0.11 528.35 £ 372.24
SGUIE [70] 296 £056 038+0.07 546+1.52 1.31 £ 0.90 0.01£0.02 022+£0.11 350.12 £+ 326.33
PMSPNet 346041 046=£0.06 5.30+1.61 1.73 £0.79 0.01 £0.01 0.22 £ 0.09 319.80 & 254.67

As shown in the no-reference image quality evaluation results in Table 2, although
some methods perform reasonably well on individual metrics, a noticeable gap remains in
overall quality. Notably, PMSPNet consistently leads across multiple perceptual quality
metrics, such as UIQM and UCIQE, indicating that its enhanced images exhibit more natural
color, clarity, and contrast, aligning well with human visual preferences. Interestingly, some
traditional methods achieve higher scores on sharpness-based metrics, such as Tenengrad
and Brenner. This contrasts with their overall inferior performance on full-reference and
other no-reference metrics. The root cause of this “contradiction” is that many current
reference-free metrics capture only specific local attributes, failing to reflect comprehensive
image quality or perceptual realism.

The vision comparisons in Figure 5 further support this conclusion. While tradi-
tional methods can enhance local edge sharpness, they often suffer from over-sharpening,
resulting in structural distortions, unnatural textures, or even pattern collapse, leading
to a visually unrealistic “pseudo-enhancement” effect. In contrast, deep learning-based
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methods leverage strong feature representation and adaptive learning to restore degraded
details more comprehensively. By capturing complex, non-uniform blur patterns across
multiple scales and dimensions, PMSPNet achieves accurate regional restoration while
preserving structural clarity and avoiding artifacts. This results in improved naturalness,
semantic consistency, and stronger generalization in real-world conditions.

(0) (p) (q) (r) (s) ®) (u)
Figure 5. Visual comparison on the N2UD dataset, with the PSNR value of the image shown in the
upper-right corner of the image. (a) Raw images. (b) WFAC [25]. (c) WWPF [57]. (d) HFM [58].
(e) HLRP [59]. (f) ACDC [60]. (g) MMLE [61]. (h) PCDE [62]. (i) TEBCEF [63]. (j) CycleGAN [29]. (k) U-
Shape [49]. (1) FUnIE-GAN [48]. (m) Histoformer [64]. (n) Phaseformer [65]. (0) UIR-PolyKernel [66].
(p) CCL-Net [67]. (q) PUIE-Net [68]. (r) USUIR [69]. (s) SGUIE [70]. (t) PMSPNet. (u) Ground Truth.

To further validate model robustness, Figure 6 presents the statistical distribution of
three representative full-reference metrics. Traditional methods exhibit low and tightly
clustered scores, indicating limited and inconsistent enhancement. Deep learning-based
methods perform better overall. PMSPNet shows the highest median and maximum values,
especially exceeding 35 dB in PSNR, and maintains stable, high distributions in SSIM and
FSIM. The low dispersion of PMSPNet scores reflects its adaptability across various scenes,
attributed to its hybrid interaction attention and progressive motion-aware modules, which
jointly enhance spatially non-uniform blur modeling and semantic detail recovery.

89



Sensors 2025, 25, 5439

25
-9
Z
N
=™
20
15
10
WFAC WWPF HFM HLRP ACDC MMLE PCDE TEBCF CycleGAN 'U-Shape FUnIE-GAN  Histoformer ~ Phaseformer UIR-PolyKernel ~CCL-Net PUIE-Net USUIR SGUIE PMLPNet
12
10
08
= o6 * g
124
wn » A
e 2
3
04 ¥
= i
s a 5 *
02 = ‘2.‘
5 A i . - " * . R
: B & i R i e
“ .
0.0
‘WFAC WWPF HFM HLRP ACDC MMLE PCDE TEBCF CycleGAN 'U-Shape FUnIE-GAN  Histoformer ~ Phaseformer UIR-PolyKernel CCL-Net PUIE-Net USUIR SGUIE PMLPNet
12
m E
!, 5 ! g L
g * “he
N as
s 08 - A . Ji LA
=] ie H
& Ao * ae ae .
5 4 ae 2o -
788 “ A it B 0
%
N N g «
0.6 & g
EN
ry _
H 2,
3 » A -
.
04 = .
‘WFAC WWPF HFM HLRP ACDC MMLE PCDE TEBCF CycleGAN 'U-Shape FUnIE-GAN  Histoformer ~ Phaseformer UIR-PolyKernel CCL-Net PUIE-Net USUIR SGUIE PMLPNet

FSIM
Figure 6. Box plot comparison of PSNR, SSIM, and FSIM on the N2UD dataset.

4.3.2. EUVP

To further assess the generalization capability of the proposed network, we evaluated
pre-trained models on the EUVP dataset. As shown in Table 3, PMSPNet achieves the best
performance across nearly all full-reference metrics, including PSNR (25.81), SSIM (0.85),
and FSIM (0.94), and the lowest LPIPS (0.21), demonstrating superior fidelity and perceptual
quality. In no-reference perceptual assessments, PMSPNet remains competitive, achieving
a UIQM of 3.09, a UCIQE of 0.36, and a URanker of 1.16, consistently outperforming some
existing methods.
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Table 3. Comparison of performance on the EUVP dataset, where evaluation includes full-reference and
no-reference image quality metrics. All results are reported in the format of mean + standard deviation.
T indicates that a higher value is better, while | indicates that a lower value is better.

Methods PSNR 1 SSIM 1 FSIM 1 LPIPS | UIQM1  UCIQE{Y  URANKER 1

WFAC [25] 1324 +243 0544010 0.68+007 045+0.10 281+026 0434002 297 +0.90
WWPF [57] 14.62+283 060+010 075+005 039+009 268+033 045+004 2164081
HFM [58] 15134+274  066+0.10 082+£004 044+0.11 293+025 049+003  2.44 4099
HLRP [59] 1141+186 0174006 0.61+004 060+006 265+059 050+006  2.09+0.99
ACDC [60] 14424261 060+£010 0.75+007 046+009 334+015 038+003 2984081
MMLE [61] 14124269 0594009 072+006 041+0.10 256+031 045+004  2.78 4098
PCDE [62] 1355+248 0524013 0.68+008 047+0.11 237+056 0474+002  2.97+0.80
TEBCF [63] 17.07 £255 0.68+0.09 079+007 035+007 282+036 045+003 259+ 0.81
CycleGAN [29] 22684352 0794007 089+004 029+006 311+£050 040+006  1.30+0.85
U-Shape [49] 2492 +378 083+007 0934002 023+005 297+062 038+005  1.18+0.84
FUNIE-GAN [48]  24.06+£260 079+005 0904002 0274004 288+057 041+£005  1.36=+0.82
Histoformer [64] 14.82+288 033+014 065+007 071+008 312+023 0304004  0.80+0.50
Phaseformer [65] 2358 £2.64 0.61+007 091+002 027+006 263+051 0404005 098+ 081
UIR-PolyKernel [66] 2492 +3.86 0874005 0934002 0224004 285+074 0404006  1.37+0.90
CCL-Net [67] 2455+317 084+007 0934002 0234004 297+060 038+006  1.34+0.80
PUIE-Net [68] 2471+270 085+006 0934002 0204004 2974061 037+006 1.12+076
USUIR [69] 1753 +£247 073008 0.86+003 035+008 282+022 0474004  1.78+0.89
SGUIE [70] 2548 +323 084+006 0924003 0244005 283+071 038+006  1.12+087

PMSPNet 2581 +322 085+007 0944002 021+004 309+046 036+005 1.16+078

As illustrated in Figure 7, visual comparisons further substantiate PMSPNet’s advan-
tages. Compared to prior methods, PMSPNet produces images with sharper edges, more
natural color reproduction, and enhanced contrast. Traditional methods such as HLRP,
ACDC, and MMLE suffer from color shifts, amplified noise, or loss of structural detail. Al-
though deep learning methods like CycleGAN and U-Shape show improved enhancement,
they still exhibit color deviations or insufficient deblurring in complex scenes. In contrast,
PMSPNet effectively restores clarity and color fidelity even under severe degradation,
delivering results that are perceptually closest to the ground truth.

(0) (p) (9) (r) (s) (®) (u)
Figure 7. Visual comparison on the EUVP dataset, with the PSNR value of the image shown in
the upper-right corner of the image. (a) Raw image. (b) WFAC [25]. (c) WWPF [57]. (d) HFM [58].
(e) HLRP [59]. (f) ACDC [60]. (g) MMLE [61]. (h) PCDE [62]. (i) TEBCEF [63]. (j) CycleGAN [29]. (k) U-
Shape [49]. (1) FUnIE-GAN [48]. (m) Histoformer [64]. (n) Phaseformer [65]. (o) UIR-PolyKernel [66].
(p) CCL-Net [67]. (q) PUIE-Net [68]. (r) USUIR [69]. (s) SGUIE[70]. (t) PMSPNet. (u) Ground Truth.
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4.3.3. LSUI

Table 4 presents the evaluation results on the LSUI dataset. PMSPNet achieves the
highest scores across key full-reference metrics, along with the lowest LPIPS, indicating
superior fidelity and perceptual quality in the restored images. In the no-reference evalua-
tion, PMSPNet also ranks first in UIQM and second in UCIQE, further demonstrating its
effectiveness in enhancing visual quality. In contrast, traditional methods and other deep
learning-based approaches show reduced performance across most metrics due to their
limited capacity to manage complex color degradation and structural blurring prevalent in
underwater environments.

Table 4. Comparison of performance on the LSUI dataset, where evaluation includes full-reference and
no-reference image quality metrics. All results are reported in the format of mean =+ standard deviation.

T indicates that a higher value is better, while | indicates that a lower value is better.

Methods PSNR 1 SSIM 1 FSIM 1 LPIPS | UIOM1  UCIQEtT URANKER 1

WFAC [25] 1535+3.09 061+014 073+009 037+008 276+045 043+002 255+ 0.84
WWPEF [57] 1751 +£344 0704+012 081+006 030+£008 276+041 0454005  2.59 4 0.65
HFM [58] 17.634+293 074+011 087+006 033+0.11 280+031 0474003 2414073
HLRP [59] 13.04+1.87 0224+008 064+004 055+005 280+058 0474009  1.65+ 0.88
ACDC [60] 1696 £2.63 0714+012 082+006 033+0.10 334+018 038003  2.63+072
MMLE [61] 17594315 069+011 079+006 031+008 255+044 0454004  2.59 4 0.80
PCDE [62] 15254230 059+011 073+007 040+009 232+057 0474003 275+ 0.69
TEBCEF [63] 17.95+205 0684012 0804008 031+008 293+033 045+003 2584064
CycleGAN [29] 2493+432 085+011 0924005 023+009 321+037 042+006  1.63+0.71
U-Shape [49] 2494 +354 084+011 092+004 0224007 310+041 039+005  1.38+0.61
FUnIE-GAN [48]  2147+332 0804010 0904004 0284006 3.09+038 043+005  1.84+0.64
Histoformer [64] 14.05+204 0314+014 065+007 0724007 3.07+028 031+004  0.70 4+ 0.56
Phaseformer [65] ~ 24.64+3.14 0644011 093+004 020+009 279+033 044+006  129+0.70
UIR-PolyKernel [66] 2222 +420 0.84+0.09 092+004 0264009 291+054 038+007  1.16+0.90
CCL-Net [67] 2515+445 087+0.15 094+008 0194012 3.02+043 041+006 152+ 067
PUIE-Net [68] 26214363 090+009 095+004 018+008 3064044 039+006  1.39+0.65
USUIR [69] 1886+274 080+011 089+004 033+008 296+029 0454004 1444075
SGUIE [70] 2459 +440 087+0.10 093+004 0194008 2964049 039+007  1.37+078

PMSPNet 2646 +391  092+009 096+003 013+£007 3314038 045+006  1.51+0.70

The visual results in Figure 8 further highlight the advantages of PMSPNet. Traditional
algorithms often leave residual blur or introduce significant color distortions. While
learning-based models such as U-Shape and CCL-Net show improved results, they still
suffer from over-smoothing and color shifts, particularly in fine details. In comparison,
PMSPNet effectively recovers key textures, preserves natural color tones, and enhances
contrast, producing visually more realistic and aesthetically pleasing results.

4.3.4. UIEB

The UIEB dataset presents a broad spectrum of underwater imaging challenges, in-
cluding severe color distortion, low contrast, and complex lighting conditions. As shown
in Table 5, PMSPNet outperforms most compared methods across full-reference and no-
reference metrics. Specifically, it achieves a PSNR of 22.43 dB, SSIM of 0.86, and a low
LPIPS of 0.21, reflecting strong reconstruction accuracy and perceptual similarity. While
methods like CCL-Net and SGUIE yield competitive results, their higher variance in metrics
such as URanker and UIQM suggests inconsistent performance. In contrast, PMSPNet
delivers high-quality results, demonstrating robustness across varying underwater degra-
dation types.
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Figure 8. Visual comparison on the LSUI dataset, with the PSNR value of the image shown in
the upper-right corner of the image. (a) Raw image. (b) WFAC [25]. (c) WWPF [57]. (d) HFM [58].
(e) HLRP [59]. (f) ACDC [60]. (g) MMLE [61]. (h) PCDE [62]. (i) TEBCF [63]. (j) CycleGAN [29]. (k) U-
Shape [49]. (1) FUNIE-GAN [48]. (m) Histoformer [64]. (n) Phaseformer [65]. (0) UIR-PolyKernel [66].
(p) CCL-Net [67]. (q) PUIE-Net [68]. (r) USUIR [69]. (s) SGUIE [70]. (t) PMSPNet. (u) Ground Truth.

Table 5. Comparison of performance on the UIEB dataset, where evaluation includes full-reference
and no-reference image quality metrics. All results are reported in the format of mean =+ standard
deviation. 1 indicates that a higher value is better, while | indicates that a lower value is better.

Methods PSNR 1 SSIM 1 FSIM 1 LPIPS | UIOM{  UCIQE1 URANKER 1

WFAC [25] 15394225 0.66+013 074+0.10 035+011 2794052 043+0.02 2394079
WWPF [57] 17524271  076+£010 084+008 0254011 2754054 044+004  2.54 4 0.89
HFM [58] 1776 £344 079+0.11 089+007 0264014 293+052 047+003 2334098
HLRP [59] 13334158 0.19+007 064+004 0554007 310+£067 043+009  1.46+0.88
ACDC [60] 1770 £320 0.78+£0.10 086+0.08 027+012 339+035 038+002 2574085
MMLE [61] 17354291 0734011 080+0.08 0294011 246+057 045+004 256+ 096
PCDE [62] 15204367 061+£019 075+0.12 0384013 227+094 044+002 2694081
TEBCF [63] 1768 £251 076 +£0.13 084+0.11 025+010 284+038 046+003  2.60+0.87
CycleGAN [29] 1944 +428 077+010 088+006 0274009 319+050 040+006  1.15+1.02
U-Shape [49] 2072 +359 0814010 089+006 021+007 3254043 037+£005  1.39+1.09
FUNIE-GAN [48]  18.024+210 076-+007 088+004 0294008 342+021 043+005  2.09+1.06
Histoformer [64] 1250 £1.62 023+0.13 0594009 073+005 3.15+022 0324004 080+ 047
Phaseformer [65] 2241 +328 0.68+0.15 093+004 0.16+009 282+047 043+0.05  1.48+1.03
UIR-PolyKernel [66]  17.72 +£4.06 0.80+0.10 0904005 024-+011 296+078 038+007  1.07+1.44
CCL-Net [67] 16934599 064+031 079+017 0384027 316+052 041+006 1324097
PUIE-Net [68] 22434395 0904007 094+005 0.13+007 3.09+£049 039+007  145+127
USUIR [69] 19.95+341 082+009 091+006 0244010 318+035 046+003 156+ 098
SGUIE [70] 2042 +447 0864009 092+005 019+011 3104063 037+007 1254135

PMSPNet 22434337 0864008 092+005 021+010 3274039 0394005 153 +1.08

As illustrated in Figure 9, PMSPNet excels at restoring fine structures and maintaining
natural color tones, even in severely degraded scenarios. Compared to methods like UIR-
PolyKernel and HistFormer, which often produce over-smoothed textures or color shifts,
PMSPNet effectively reconstructs edges and preserves the texture of marine organisms.
It also avoids common artifacts, such as excessive blue saturation or overly enhanced
contrast, frequently observed in other approaches. This balance across metrics highlights
the visual fidelity and realism of PMSPNet, making it both quantitatively superior and
perceptually compelling.

In summary, the above experiments demonstrate that PMSPNet can effectively remove
underwater non-uniform blur, generating clearer structures, more natural colors, and fewer
artifacts and exhibiting strong generalization across diverse underwater scenes. Compared
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to both traditional and deep learning-based baselines, PMSPNet achieves an optimal trade-
off between detail preservation and deblurring, especially under challenging conditions,
validating the effectiveness and robustness of the proposed approach.

@ ® @  ® (s) © @

Figure 9. Visual comparison on the UIEB dataset, with the PSNR value of the image shown in
the upper-right corner of the image. (a) Raw image. (b) WFAC [25]. (c) WWPF [57]. (d) HFM [58].
(e) HLRP [59]. (f) ACDC [60]. (g) MMLE [61]. (h) PCDE [62]. (i) TEBCEF [63]. (j) CycleGAN [29]. (k) U-
Shape [49]. (I) FUNIE-GAN [48]. (m) Histoformer [64]. (n) Phaseformer [65]. (0) UIR-PolyKernel [66].
(p) CCL-Net [67]. (q) PUIE-Net [68]. (r) USUIR [69]. (s) SGUIE[70]. (t) PMSPNet. (u) Ground Truth.

4.4. Ablation Study

To validate the effectiveness of the proposed components in PMSPNet, we conduct
comprehensive ablation experiments by removing key modules and evaluating the impact
of different loss function combinations. Furthermore, we assess the scalability of the
proposed algorithm in downstream tasks.

4.4.1. Butterworth Filter

We introduce a Butterworth filter in the input stage of the PMPB to improve the
frequency correspondence and mitigate the aliasing phenomenon. As shown in Table 6,
although removing the module results in a slight increase in PSNR by 0.47, all other
evaluation metrics exhibit a decline. In particular, SSIM drops to 0.88, UIQM decreases
to 3.08, and UCIQE falls to 0.39. These results underscore the module’s effectiveness in
enhancing structural clarity and perceptual quality as perceived by the human visual
system. As illustrated in Figure 10b, the absence of this module leads to noticeable blurring
and color artifacts, particularly around object edges and in background regions. This
further confirms the module’s critical role in improving the overall structural integrity of
the image and enhancing the network’s sensitivity to spatially non-uniform blur.

Table 6. Comparison of performance using different components, where evaluation includes full-
reference and no-reference image quality metrics. All results are reported in the format of mean +
standard deviation. 1 indicates that a higher value is better. v/indicates the model is evaluated w/
the corresponding module, while X denotes the model is evaluated w/o the corresponding module.

ButterWorth Deformable PMPB PFFB PSNR 1 SSIM 1 FSIM 1 UIQM 1 UCIQE 1t
X v v v 2598 +420 0.88+0.09 0944004 3.08+040  0.39 +0.06
v X v v 1718 +£5.14 0.73+0.13 087+006 231+084 041+ 0.08
X X X v 2599 +£429 0.89+0.09 094+004 3.09+039 040+0.06
v v v X 2478 £407 0.87+009 0944004 3.08+041 039+ 0.06
v v v v 2551 +398 092+009 095+004 346+041 046 +0.06
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Figure 10. Visual comparison of networks using different components and loss functions. PSNR
is shown in the top-right, and the bottom-left presents a zoomed-in view of the red-boxed region.
(a) Raw image. (b) w/o Butterworth. (c) w/o Deformable Convolution. (d) w/o PFFB. (e) w/o
PMPB. (f) w/o FFT loss. (g) w/o FFT and LAB loss. (h) w/o FFT, LAB and LCH loss. (i) w/o FFT,
LAB, LCH, and VGG loss. (j) w/o FFT, LAB, LCH, VGG, and Color loss. (k) PMSPNet. (1) Ground
Truth.

4.4.2. Deformable Convolution

The high dynamics of deformable convolution enable precise localization and direc-
tional modeling of non-uniform blur, allowing the network to effectively capture regionally
continuous blur patterns and apply accurate weighting to key features. As shown in Table 6,
the removal of deformable convolution results in a substantial decline across all evaluation
metrics, with PSNR dropping sharply to 17.18, indicating a significant reduction in recon-
struction quality. Furthermore, the network’s overall stability is noticeably compromised.
As illustrated in Figure 10c, the network without this module struggles to preserve object
boundaries and spatial consistency, and the residual blur remains largely unaddressed.
These results demonstrate that deformable convolution significantly enhances the net-
work’s capacity to identify critical image features and improves the modeling of local
structures, which is essential for effective UIE under non-uniform degradation conditions.

4.4.3. Progressive Motion-Aware Perception Branch

The PMPB integrates a Butterworth filter and deformable convolution to progres-
sively capture the spatial distribution of blur and guide feature extraction in the backbone,
enabling a coarse-to-fine refinement of blur localization. As shown in Table 6, while
the removal of PMPB results in a slight increase in PSNR, it reduces the overall stability
of the network. This observation also validates the complementary roles of HIAM and
PMPB: HIAM facilitates multi-directional feature perception and coarse localization of blur,
whereas PMPB further refines this localization, enhancing the network’s generalization and
robustness. Additionally, the observed decline in metrics such as SSIM confirms PMPB’s
contribution to structural clarity and perceptual quality. As illustrated in Figure 10d, the
absence of PMPB increases color distortion and reduces image sharpness, particularly in
fine structures. These results underscore the importance of PMPB in preserving texture de-
tails and scale-aware representations, achieving a critical balance between global semantic
understanding and local detail restoration.

4.4.4. Progressive Feature Feedback Block

The PFFB hierarchically integrates multi-level features by facilitating cross-layer feed-
back, enabling the fusion of spatial details with deep semantic representations. As shown
in Table 6, the removal of this module leads to increased information loss during image
reconstruction, which diminishes the network’s adaptive reconstruction capability, result-
ing in a consistent, albeit modest, degradation across all evaluation metrics. Figure 10e
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reveals noticeable artifacts and diminished smoothness, particularly along background
contours, indicating the loss of critical structural details. These results demonstrate that
PFFB plays a vital role in regulating cross-layer information flow, guiding adaptive fea-
ture reweighting, and reducing reconstruction-induced information loss. Consequently,
it contributes significantly to improving structural fidelity and perceptual consistency in
enhanced underwater images.

4.4.5. Loss Function

We investigated the impact of different loss components on the overall performance
of the proposed network. As illustrated in Table 7, removing most auxiliary losses leads
to a notable decline across multiple evaluation metrics. Among these, the FFT, LAB, and
LCH loss functions contribute most significantly to performance improvement, enhancing
objective image quality and perceptual fidelity. In particular, the inclusion of the LAB loss
enhances network stability, underscoring the importance of multi-domain color perception.
While the VGG and Color losses did not yield substantial improvements in numerical
metrics, they contributed positively to visual quality by enhancing hue perception and
overall appearance. Figure 10f-k demonstrates that models trained without specific loss
terms suffer from excessive smoothing or unnatural color shifts. In contrast, the com-
plete loss configuration consistently generates underwater images with sharper edges,
more balanced color tones, and enhanced visual appeal, validating the effectiveness of
each component.

Table 7. Comparison of performance using different loss functions, where evaluation includes full-
reference and no-reference image quality metrics. All results are reported in the format of mean +
standard deviation. 1 indicates that a higher value is better. vindicates the model is evaluated w/
the corresponding module, while X denotes the model is evaluated w/o the corresponding module.

Charbonnier FFT LAB LCH VGG Color PSNR * SSIM 1 FSIM 1 UIQM+  UCIQE %
v X X X X X 2400 +£398 0.86+0.09 091+004 290+045 0.41+0.07
v X X X X v 2127 £431 0.83+0.09 091+004 295+041 0.35=+0.06
v X X X v v 2143 +£421 0.83+0.09 091+004 3.08+037 0.35=+0.06
v X X v v v 2253 +436 0.84+0.09 092+004 3.08+037 0.37+0.06
v X v v v v 2406+3.84 085+0.09 092+004 3.08+038 0.39+0.06
v v v v v v 2551 +£3.80 092+0.09 095+0.04 3.46+041 0.46+0.06

4.4.6. Blur Perceptual Localization

To further investigate the contribution of components to blur perception, we visualize
the heatmaps generated under various ablation settings in Figure 11, using the second
column of Figure 1 as a representative example. When the Butterworth filter is removed, the
heatmap exhibits higher noise levels, indicating a weakened ability to extract key features
and accurately capture blur-related information. The removal of deformable convolution
and the PFFB markedly impairs the network’s capacity for accurately identifying and
localizing blurred regions. These components are essential for enabling coarse-to-fine blur
localization and iterative attention modulation. Eliminating the PMPB module causes
the network’s attention to drift while demonstrating the capability of HIAM in achieving
coarse localization of blur features.

From the perspective of loss functions, removing the FFT loss impairs the network’s
ability to capture frequency-domain information, thereby diminishing its capacity to iden-
tify and localize blur across multiple spatial domains. VGG, LAB, and LCH losses con-
tribute to guiding the network’s attention toward perceptually and semantically important
regions, facilitating more accurate blur localization. While Color loss has a relatively smaller
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effect on network performance, it plays a crucial role in suppressing over-sharpening,
thereby enhancing visual naturalness.

(h)

Figure 11. Visualization of blur localization under different components and loss functions. Each

group of three images corresponds to the enhanced outputs at three different scales. (a) w/o
Butterworth. (b) w/o Deformable Convolution. (c¢) w/o PFFB. (d) w/o PMPB. (e) w/o FFT loss.
(f) w/o FFT and LAB loss. (g) w/o FFT, LAB, and LCH loss. (h) w/o FFT, LAB, LCH, and VGG loss.
(i) w/o FFT, LAB, LCH, VGG, and Color loss. (j) PMSPNet.

In contrast, the proposed model exhibits the most concentrated and semantically
accurate activation responses, highlighting blurred regions. These results validate the
effectiveness of our architectural design and multi-component loss in improving the net-
work’s capability for blur perception and structural fidelity restoration in underwater
environments.

4.4.7. Downstream Task Evaluation

To further validate the practical benefits of the proposed method, we conducted
evaluations on downstream tasks, including classic feature extraction and underwater
object detection (UOD).
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As illustrated in Figure 12, we applied SIFT keypoint detection and Canny edge
detection to assess the influence of enhancement on low-level visual features. The first
row shows the SIFT results, while the second row displays the Canny edges. Traditional
methods often fail to preserve sufficient structural detail, introducing noise and blurring in
non-salient regions, which results in some key edges being obscured or missing. In contrast,
images enhanced by PMSPNet exhibit clear contours and rich edge information, closely
matching the ground truth, demonstrating that PMSPNet effectively enhances geometric
clarity, facilitating better feature localization.

(c) (d) (e) (f)
(D (m)
(s)

G

(0) (P) (@)

(8)
(n)
(w)

(r)

(t)

Figure 12. Visual comparison of SIFT keypoint and Canny edge detection results. The first row

presents the visualization of SIFT keypoints, while the second row displays the corresponding Canny
edge detection results. (a) Raw image. (b) WFAC [25]. (c) WWPF [57]. (d) HFM [58]. (e) HLRP
[59]. (f) ACDC [60]. (g) MMLE [61]. (h) PCDE [62]. (i) TEBCF [63]. (j) CycleGAN [29]. (k) U-
Shape [49]. (1) FUnIE-GAN [48]. (m) Histoformer [64]. (n) Phaseformer [65]. (0) UIR-PolyKernel [66].
(p) CCL-Net [67]. (q) PUIE-Net [68]. (r) USUIR [69]. (s) SGUIE [70]. (t) PMSPNet. (u) Ground Truth.

To assess high-level perception, we applied YOLOv12 [71] for underwater object detec-
tion. A YOLOvV12 model pre-trained on the original DUO dataset was used to detect objects
in images enhanced by different methods. As shown in Figure 13, traditional enhancement
approaches often introduce significant color distortions, which impair detection perfor-
mance. Deep learning-based baselines exhibit limited performance in small object detection,
primarily due to underperformance in detail preservation. In contrast, PMSPNet-enhanced
images have more accurate and stable detection outcomes, achieving higher confidence
scores and better alignment with the original detection results. Notably, because YOLOv12
was trained on the original images, detection performance is best in raw images.
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0 () (@ (1) ® 0 (u)

Figure 13. Comparison of YOLOv12 detection effects on enhanced underwater images from the DUO
dataset. (a) Raw image. (b) WFAC [25]. (c) WWPF [57]. (d) HFM [58]. (e) HLRP [59]. (f) ACDC
[60]. (g) MMLE [61]. (h) PCDE [62]. (i) TEBCF [63]. (j) CycleGAN [29]. (k) U-Shape [49]. (1) FUnIE-
GAN [48]. (m) Histoformer [64]. (n) Phaseformer [65]. (o) UIR-PolyKernel [66]. (p) CCL-Net [67].
(q) PUIE-Net [68]. (r) USUIR [69]. (s) SGUIE [70]. (t) PMSPNet. (u) Detection effect of raw image.

The above results demonstrate that PMSPNet not only improves perceptual image
quality but also preserves semantic fidelity, making it well-suited for integration into
real-world underwater robotic systems and visual monitoring pipelines.

4.4.8. Limitation Analysis

Although PMSPNet demonstrates superior performance in non-uniform underwater
image deblurring, several limitations remain. Due to the incorporation of multi-scale
perception and progressive feedback mechanisms, the model introduces additional com-
putational overhead, which may restrict its real-time deployment on extremely resource-
constrained underwater robotic platforms. While the proposed N2UD dataset covers
diverse non-uniform blur patterns, it still cannot fully represent the wide spectrum of
degradations in real-world underwater environments, such as extreme turbidity, lighting
fluctuations, or dynamic background interference. While we validated the universality of
PMSPNet on downstream tasks such as detection, edge detection, and keypoint localiza-
tion, comprehensive evaluations on segmentation tasks remain limited. In addition, this
study primarily focuses on algorithm-level comparisons. Integrating advanced hardware-
oriented solutions, such as novel imaging sensors or optical acquisition systems, represents
another promising research direction.

Future work will focus on addressing these issues by optimizing the network compo-
nents to improve their flexibility, enabling lightweight and real-time deployment. Moreover,
we will expand the dataset with more challenging real-world scenarios and extend the
validation to segmentation tasks.

5. Conclusions

This article proposes PMSPNet, a Progressive Multi-Scale Perception Network de-
signed for the challenging task of non-uniform underwater image deblurring. PMSPNet
incorporates a Hybrid Interaction Attention Module (HIAM) to effectively capture fine-
grained visual textures and long-range contextual dependencies, enabling robust modeling
of feature ambiguity and spatial disparity. Furthermore, the Progressive Motion-Aware
Perception Branch (PMPB) is introduced to explicitly represent spatial orientation varia-
tions and progressively refine the localization of blur-affected regions. In addition, the
Progressive Feature Feedback Block (PFFB) enhances feature reconstruction by leverag-
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ing multi-level information in a feedback manner, improving feature restoration quality.
To enable reliable evaluation, we construct the N2UD dataset, which contains diverse
non-uniform blur patterns representative of real-world underwater environments. Exten-
sive experiments on real-world datasets validate the superiority of our method in terms
of both quantitative metrics and visual quality. While achieving an inference speed of
0.01 s, it reached the highest PSNR of 25.51 dB and SSIM of 0.92 on the N2UD dataset.
PMSPNet also demonstrates clear advantages in downstream tasks such as edge detection
and object recognition, which enhances the visual reliability of underwater perception
systems, facilitating downstream tasks such as object detection, recognition, and naviga-
tion in robotic platforms. Future efforts will focus on extending PMSPNet for real-time
deployment in underwater robotic systems. Moreover, extending PMSPNet to handle
real-time underwater video restoration and multimodal fusion with sonar or depth data
remains a promising direction. In addition, diffusion-based generative models, despite
their current limitations in computational efficiency, offer great potential for modeling
complex blur patterns and realistic underwater degradations. Integrating the strengths of
diffusion models into underwater deblurring frameworks will be an important avenue for
our future research.
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Abstract: Timely and accurate detection of wind turbine blade surface defects is crucial
for ensuring operational safety and improving maintenance efficiency with respect to
large-scale wind farms. However, existing methods often suffer from poor generaliza-
tion, background interference, and inadequate real-time performance. To overcome these
limitations, we developed an end-to-end defect recognition framework, structured as a
three-stage process: blade localization using YOLOVS5, robust feature extraction via the
large vision model DINOvV2, and defect classification using a Stochastic Configuration
Network (SCN). Unlike conventional CNN-based approaches, the use of DINOv2 signifi-
cantly improves the capability for representation under complex textures. The experimental
results reveal that the proposed method achieved a classification accuracy of 97.8% and an
average inference time of 19.65 ms per image, satisfying real-time requirements. Compared
to traditional methods, this framework provides a more scalable, accurate, and efficient
solution for the intelligent inspection and maintenance of wind turbine blades.

Keywords: defect detection; DINOv2; Stochastic Configuration Network; wind blades;
YOLOV5 network

1. Introduction
1.1. Literature Review

As wind is a renewable energy source, wind power generation does not emit green-
house gases or other pollutants (unlike traditional thermal power generation), thereby
supporting the achievement of carbon peaking and neutralization. Severe weather and
gravity-related factors will affect the long-term stable operation of wind turbine blades
outdoors. Blade defects, such as paint chipping, cracking damage, and oil stains, usually
develop over time. Regular inspection of wind turbine blades is currently carried out
manually or with the assistance of drones. Manual detection usually requires workers to
climb up tall wind turbine towers to conduct visual inspections, posing high safety risks,
and this method is prone to misjudgment and missed detection. In addition, the efficiency
of manual inspection is low, and it is difficult to quickly cover many wind turbines on large
wind farms. Therefore, it is vital to judge blade defects safely and effectively to allow the
continuous and reliable operation of a wind turbine.

In Ref. [1], the Bayesian classification method was used to classify the vibration signals
generated by cracks, corrosion, loose connections, and other faults. In Ref. [2], RPCA
was employed to reduce the data dimensions of vibration signals. The wind turbine
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blade inspection blade data set was deemed significant, and traditional machine learning
was found to have low processing efficiency for large-scale data and high data quality
requirements. Traditional machine learning methods must manually design and extract
features, and over-reliance on prior knowledge is subject to influence by subjective factors.

In recent years, owing to advancements in deep learning advancements, neural-
network-based methods have become the standard approach to wind turbine blade recog-
nition. In Ref. [3], a characteristic map of vibration signals was input into an MCNN to
extract the features of different defect types, and the ART network was used as a classifier.
In Ref. [4], the Haar-AdaBoost cascade classifier was used to determine the damaged area,
and then the variant VGG16 was used to classify the types of damage. However, the Haar
features of this method need to be artificially designed in order to improve the model’s
generalization ability. In Ref. [5], the Otsu algorithm was used to remove the complex
background in blade images, and then AlexNet combined with transfer learning was used
for feature extraction. Finally, a random forest was used to classify defect types. In Ref. [6], a
two-stage object detection network, Faster-RCNN, with a backbone of Inception-ResNet-v2
was used to identify and classify blade defects, and the images were enhanced via flipping,
brightness transformation, Gaussian blur, and other methods. In Ref. [7], the ADMM
algorithm was used to reduce the weight of VGG11 for blade defect detection. In Ref. [8],
the improved ResNet50 was used to replace the backbone VGG part of the SSD network
to realize blade defect detection. In Ref. [9], a UAV was used to circle a wind turbine
blade in order to obtain blade images, and AlexNet was used for damage classification. In
Ref. [10], a multi-feature fusion residual structure named ResNet34 was proposed, with a
smaller network depth than the original ResNet34. In Ref. [11], a DCNN pre-trained on
ImageNet was used as a feature extractor, and an SVM was used as a classifier to classify
blade defects. In Ref. [12], combined with transfer learning, ResNet101 was fine-tuned
as the backbone network of an R-CNN to realize the identification of three defects: dam-
age, cracks, and oil pollution. The improved k-means algorithm was used to reduce the
influence of complex backgrounds. Although this method successfully classified these
three types of defects, its accuracy still needs to be improved. In Ref. [13], VGG16 with
an attention mechanism and an adaptive learning rate was used as a feature extractor. In
Ref. [14], MASK-RCNN and MRNet were combined to reduce background influence. In
Ref. [15], the authors compared the performance of ResNet50 and AlexNet in blade defect
recognition tasks, and the results showed that ResNet50 was better. The authors of [16-20]
all used the original or improved YOLO-series algorithms to realize defect recognition,
added attention mechanisms to reduce the influence of blade image background on defect
features, or used lightweight models to increase reasoning speed and lower computa-
tional power consumption. In recent years, foundation models have received extensive
attention in both the language and vision domains. Large-scale language models, such
as GPT and BERT, are pre-trained on vast textual corpora for language comprehension
and generation. In contrast, visual foundation models such as DINOv2 and CLIP are
pre-trained on large-scale image datasets to extract general-purpose visual representations.
DINOV?2 offers strong generalization and feature representation capabilities, particularly
in complex visual environments and small-sample scenarios, making it well-suited for
tasks such as wind turbine blade defect classification. In Ref. [21], a fuzzy-system-based
genetic algorithm was designed to perform adaptive segmentation of trajectory sequences,
enabling global optimization through dynamic mutation and crossover strategies. The core
ideas of adaptive structure adjustment and optimization are relevant to visual detection
in complex environments. In Ref. [22], a dual-scale complementary spatial-spectral joint
model was introduced for hyperspectral image classification, improving the robustness of
feature representation by integrating multi-scale spatial and spectral information. There are
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also recent studies offering important references for building efficient, generalizable models
in the field of defect detection. In Ref. [23], an energy-efficient mechanical fault diagnosis
method named SpikingFormer was proposed, inspired by neural dynamics and metric
learning. This method addresses the challenge of limited sample availability in industrial
scenarios by combining low-energy computing with prototype-based classification. In
Ref. [24], a multi-source domain adversarial transfer network that adheres to a dual-fusion
strategy was developed to enhance fault diagnosis performance in cross-domain and noisy
environments. This approach integrates both feature-level and decision-level information
to improve generalization. These studies reflect recent advancements in deep learning-
based fault diagnosis, highlighting the importance of robustness, domain adaptation, and
efficient representation learning. In Ref. [25], a meta-learning framework named MDGCML
was proposed to address imbalanced open-set domain generalization in fault diagnosis. By
coordinating gradients across domains and classes, it enabled balanced decision boundaries
and fast adaptation to unknown conditions. This method demonstrates strong generaliza-
tion in few-shot and cross-domain scenarios, offering valuable insights for robust industrial

diagnosis. A summary of related work is shown in Table 1.

Table 1. Summary of related work.

References Wind Turbine Blade  Blade Defect Feature Blade Defect
Positioning Extraction Classification
Descriptive statistical
[1] - p ararr}e'ters *J48 Bayesian classification
decision tree
algorithm
[2] - RPCA RPCA
[3] - MCNN ART
Fully connected layer of
[4] Haar-AdaBoost Improved VGG16 VGG16
[5] Otsu algorithm AlexNet Random forest
. Fully connected layer of
[6] - Inception-ResNet-v2 Faster-RCNN
Fully connected layer of
[7] - Improved VGGL11 VGG11
8] ) ResNet50 Fully con11sesc]’5ed layer of
[9] - AlexNet AlexNet
[10] - Improved ResNet34 Fully connected layer of
[11] - DCNN SVM
Improved k-means . Fully connected layer of
[12] algorithm Fine-tuned ResNet101 R-CNN
[13] - Improved VGG16 Fully cor\llnGecGtig layer of
[14] MR algorithm ResNet50 DenseNet-121
[15] - ResNet50 Fully connected layer
Fully connected layer of
[16] - CSPDarknet+RepVGG YOLOVX
Fully connected layer of
[17] - CSPDarknet YOLOVS
Fully connected layer of
[18] - CSPDarknet YOLOVS
[19] - MobileNetv3 Fully Cogicgglayer of
[20] - CSPDarknet Fully connected layer
Feature extraction of Stochastic Configuration
This study YOLOvV5 DINOvV2 large vision &
model Network
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1.2. Motivation and Contributions

The analysis of vibration signals during the detection of defects in wind turbine blades
is a standard method that has been applied in previous studies. However, it is hindered by
environmental interference, poor real-time performance, and high equipment costs, and it
is not suitable for large-scale wind turbine blade defect detection tasks. Therefore, defect
detection methods based on visual images have become the mainstream. (1) Traditional
machine learning requires the manual design of features, relying on domain experts’
knowledge and experience. The process of feature extraction for high-dimensional data
and unstructured data is time-consuming and complex. (2) The performance of existing
deep learning methods depends on image quality. Noise in the complex background of an
image of a wind turbine blade may be confused with defective features of the blade. For
example, background elements such as sky, clouds, and earth may look similar to blade
defects, resulting in false or missed detection. (3) To ensure continuous and stable operation
of a wind turbine and avoid excessively long downtimes (causing more severe damage to
the blades), wind turbine blade defects should be detected in real time.

The following contributions were made to solve the above problems and improve the
accuracy of wind turbine blade defect detection:

(1) An end-to-end defect detection framework for wind turbine blades was constructed,
comprising three key stages—blade region localization, defect feature extraction, and defect
classification—thus forming a complete visual detection process.

(2) Over-fitting suppression and robustness enhancement in blade positioning were
achieved using YOLOVS. The images of wind turbine blades taken by drones show different
perspectives at different angles. Changes in light will also affect the brightness or darkness
(via shadows) of the blade surface, thus affecting the model’s generalizability. Therefore,
we suppressed over-fitting using Mixup, brightness transformation, flipping, random
scaling, and Mosaic methods for image enhancement. These augmentations improve the
model’s ability to generalize across unseen scenarios, contributing to the robustness of
the system. After positioning, the augmented and cropped blade regions were used as
inputs for the subsequent classification process, ensuring that the DINOv2-based feature
extraction and SCN-based classification operated on inputs that had already been optimized
for variability and complexity, allowing the system to maintain high performance across
diverse real-world conditions. This augmentation strategy effectively enhances the end-to-
end robustness of the proposed defect recognition framework.

(3) We performed feature extraction of wind turbine blades based on a transfer-learning
DINOV?2 large vision model. In traditional feature extraction methods, features must be
manually selected based on previous experience. After dimensionality reduction, some data
information may be lost, resulting in limited feature expression ability. For wind turbine
blade defect recognition, we propose using the DINOv2 large vision model to extract the
features of the blade. This model autonomously extracts image features and possesses
strong generalization capabilities, significantly enhancing the accuracy of detecting defects
in turbine blades.

(4) We achieved wind turbine blade defect classification based on an SCN. The existing
wind turbine blade defect detection methods have low accuracy, but using the SCN classifier
can effectively improve accuracy.

The remaining parts of this study are structured as follows. The second section
describes the problems inherent in wind turbine blade defect recognition and introduces
the specific steps of wind turbine blade defect detection and recognition, including YOLOv5-
based blade area positioning, the feature extraction of wind turbine blades via the DINOv2
large vision model, and stochastic-configuration-network-based wind turbine blade defect
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classification. The third section provides the details of the simulation experiment. The
fourth section is a summary of our work.

2. Wind Turbine Blade Positioning and Defect Recognition
2.1. Framework for Wind Turbine Blade Defect Recognition

Wind turbines are generally installed in windy areas such as hills, mountains, coastal
regions, and vast plains. Regular maintenance of wind turbine blades is essential to ensur-
ing the safe operation of wind turbines and prolonging their service lives. Wind turbines
are generally tens of meters high. Manual blade inspection is highly risky, inefficient, and
prone to subjective limitations if a turbine has been erected in a harsh natural environment.
Therefore, we propose using a UAV to capture images of wind turbine blades for automatic
defect detection. The process includes three parts: First, locate the blade area in the image
and remove the background that does not contain the blade. Second, input the image of
the blade area obtained via positioning into the defect recognition algorithm. Finally, note
the position of the blade area and the corresponding defect type in the original image. This
process is depicted in Figure 1.

Original blade image Location and defect type

Classification of defects

Figure 1. Wind turbine blade-positioning and defect classification.

Wind turbine blade defect recognition has three parts: blade area positioning, blade
feature extraction, and blade defect classification. A framework of this strategy is shown in
Figure 2. (1) Wind turbine blade area positioning is determined. Original UAV-captured
images containing complex backgrounds are input into the YOLOvV5 object detection
model. YOLOVS accurately locates the blade regions, which are then cropped for further
processing. This process effectively isolates the blade from noisy backgrounds, improving
downstream feature extraction. (2) The localized blade images are resized and fed into the
large vision model DINOv2, which generates a 384-dimensional feature vector representing
the visual characteristics of the image. These features are robust and discriminative, and
they generalize well under conditions involving complex textures. (3) The 384-dimensional
feature vector extracted from the DINOv2 model is fed into a Stochastic Configuration
Network for defect classification. An SCN is an incremental learning model capable of
dynamically constructing its network structure while ensuring universal approximation.
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It selects hidden nodes based on predefined error tolerance and activation constraints,

allowing for fast convergence and high classification accuracy. This process outputs the
final predictions for each defect type, including damage, paint shedding, and dirt buildup.

Blade positioning

Original blade
image

Wind turbine blade area positioning
performance evaluation : AP, reasoning speed

AP= j;P(r)drzgmaxm P(k)Ar(k)

image j

enhancement

YOLOVS target
detection network
Defect classification results
S . Damaged
= Update hidden nodes D —
== self-attention mechanism 5
. K"

] Attention(Q,K,V') = softmax 4 A A
- Emmle [«/Z ] A\ Paint shedding
N 1 =5l ‘\V — T
= < =

Transformer Z,,;/oz:,"/ “\{ Ja _»
= = encoder 1//;10“ { ] .
AN Dify
a Feature extraction of & SCN defect N
DINOV?2 visual big model classification .

Figure 2. Framework of the wind turbine blade defect recognition process.

2.2. Wind Turbine Blade Area Positioning Method

The next step entails locating the blade in an image and removing the complex back-
ground. The YOLOVS5 detection network, known for its speed, accuracy, and simple
design, is utilized to identify and localize wind turbine blade areas, aiding in efficient

monitoring and analysis. The blades in the original wind turbine blade dataset image

are extracted to avoid confusion between the blades” surface defects and the background

information precipitated by the feature extraction process, thereby helping the classifier

improve recognition accuracy.
YOLOVS is a single-stage detector [26-28]. Owing to its high efficiency, accuracy, and

ease of use, it is widely used in industrial automation, automatic driving, medical imaging,
and other fields. The YOLOVS5 target detection model adds a CSP structure to the backbone
network based on YOLOvV3 [29,30]. Its structure includes backbone feature extraction, neck
feature fusion, and head target prediction. The wind turbine blade area positioning process

based on YOLOVS5 is shown in Figure 3.
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Figure 3. A flow chart of wind turbine blade area positioning based on YOLOVS5.

The steps of the wind turbine blade area positioning algorithm based on YOLOV5 are

as follows:

Step 1: Wind turbine blade feature extraction.

The original wind turbine blade image dataset—with a significant background area—
captured by the UAV is input into the YOLOV5 backbone feature extraction network. Focus,
CBS, C3, and SPP modules are applied to successfully extract and enhance the images.

The CBS module includes Conv (convolution), BN (batch normalization), and Silu
activation functions for feature extraction. The activation function expressions are given in
Equations (1) and (2), and the batch normalization process is shown in Algorithm 1. The
C3 module can perform feature extraction by stacking the convolutional layers (Conv) and
the BottleneckCSP module.

Silu(x) = x x Sigmoid(x)

1
1+e>

Sigmoid(x) =
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Algorithm 1: Batch normalization

Input: A = {x1,xp,x3, ...x,}, nis the input batch size
Output: B={y1,y2,y3...Yi}

1Fori=1tondo

2 Calculate the input mean: py4 = %Z?:l X;

: .2 _ 1ym ) 2
3 Calculate variance: 05 = -} /L (x; — pa)
4 Normalize each input using variance and mean: X; = ~i—£4_ ¢ is a nonzero decimal

Ve

5 Introducing learnable parameters -y,  perform linear transformation: y; = y£; +
6 End For

number

Step 2: Wind turbine blade feature fusion.

The SPP module performs maximum pooling on the feature map by pooling kernels

of different sizes. Then, it performs splicing operations to obtain a new feature map,

which improves the model’s adaptability to various sizes of wind turbine blades and helps

express blade features. After the convolution operation, the resolution of the feature map is

improved via nearest-neighbor upsampling so that this map can be fused with other feature

maps to form a multi-scale feature pyramid, which can improve the detection ability of

the network for different sizes of blades. The nearest neighbor upsampling is shown in
Equation (3).

X Widthsec _ YaseHeightsyc

T Widthgy V7T Heightys ®

Here, x5 is the abscissa of a pixel in the original image, vs is the ordinate of a pixel
in the original image, Widthg,. is the width of the original image, Heights, is the height of
the original image, x4 is the abscissa of the corresponding pixel of the target image, v5
is the ordinate of the corresponding pixel of the target image, Width,; is the width of the
target image, and Height; is the height of the target image.

Step 3: Obtain the wind turbine blade area results.

Feature decoding is performed on the feature pyramid of the wind turbine blade neck.
The head network predicts the position and size of the wind turbine blade bounding box in
each image through the convolution and activation layers. It distinguishes the wind turbine
blade from the background area. After upsampling, the original image size is restored, and
the position of the wind turbine blade is framed.

2.3. Classification of Wind Turbine Blade Defects

Wind turbine blade defect classification includes feature extraction and dimension
reduction with data classification. Firstly, the DINOv2 large vision model is used to extract
the features of the YOLOv5-located blade images. To meet the requirements of a limited-
resource environment and fast reasoning, the DINOv2 ViT-5/14 model was selected as the
feature extractor. The embedding dimension of the model is 384 [31], and the obtained
wind turbine blade feature vector has 384 elements. Then, the Stochastic Configuration
Network is used to classify the feature vectors after data dimensionality reduction. Finally,
the probability values of various defect types of wind turbine blades can be obtained.

2.3.1. Method for Extracting Features Utilizing DINOv2

The wind turbine blade area extracted by YOLOVS still contains a bit of background
imagery. To reduce the redundant features generated by the background and the feature
dimensions of the defective blade, the number of calculations carried out by the classifier
is diminished, and classification efficiency is improved. Accordingly, the DINOv2ViT-
S/14 model is used as the feature extractor for blade area in combination with transfer
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learning [31]. A flow chart of feature extraction via the DINOv2 large vision model is shown
in Figure 4, and the corresponding algorithm is shown in Algorithm 2. DINOv2ViT-s/14
extracts features from unlabeled wind turbine blade image data through self-supervised
learning. The student model learns the output of the teacher model and improves feature
expression ability through knowledge distillation [32]. The ViT neural network has an
attention mechanism that can capture the global information of an image, and parallel
computing improves the running speed of the model. The attention mechanism is shown
in Equation (4).
QK"

Attention(Q, K, V) = softmax (\/a) 1% 4)

In this equation, Q is the query matrix, K is the key matrix, V is the value matrix, and
dy is the key dimension.

Algorithm 2: DINOv2 wind turbine blade feature extraction algorithm

Input: blade image X; € R?24*224x3 ¢ = 10-6

Output: blade feature vector y € R3%

1 The blade image is divided into 16 x 16 image blocks with 14 x 14 pixels, and the wind
turbine image is obtained: X, € R256x14x14x3

2 Flatten the three-channel X, to get X € [R256%588

3 Xy is linearly projected onto a 384-dimensional vector space to obtain

Xpo1 = XpAT +b, A € RIHXS88 X | ¢ R256x384

4 To distinguish the relative position of sequence elements, embedded position
encoding, Xy 1 € R257%384

5Fori=1to12do

. . Xre1—E|X
6 Layer normalization: X;y 1 = Xper—EXpen]

VVar[Xpe q]+e T ﬁ

7 Attention mechanism: Xy = Attention(Xpn 1, Xen 1, XIN 1)
Ak _ Xatt—E[Xart]
8 Layer normalization: Xjy » N Y+B
9 The first fully connected layer of multi-layer perceptron: X » = Xt AT + b,
Ay € RIS%x384 o ) ¢ R257x15%
10 The second fully connected layer of multi-layer perceptron: Xz, 3 = X fC_ZAZT +0b,
Ay € RIBXISH, . o ¢ R27x384
11 End For

12 Layer normalization: Xy 3 = XpesE[Xpes] | +B

Var[Xfc_3]+s
13 The blade feature vector y is the first row element of Xy 3

2.3.2. Feature Vector Classification Based on a Stochastic Configuration Network

The wind turbine blade feature vector extracted by DINOv2 has many dimensions
and a large quantity of data, and it is difficult to manually distinguish the characteristics
of different types of defects. Therefore, the Stochastic Configuration Network [33], which
can automatically learn the classification rules from the input feature vector, is used as the
classifier. It is robust and can quickly fit the data. The Stochastic Configuration Network
is a random-learning algorithm with a supervision mechanism. The algorithm contains a
small number of initial hidden layer nodes. According to the residual error in the input
wind turbine blade feature vector fitting process and the preset tolerance error, a judgement
is made regarding whether to increase the number of hidden layer nodes. Equation (7) is
the current node residual calculation process. The self-monitoring mechanism randomly
assigns the weights and deviations of the hidden layer, and the network structure is shown
in Figure 5. In Equations (5) and (6), all the feature vectors of wind turbine blades extracted
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by DINOV2 are superimposed into a matrix and input into the Stochastic Configuration
Network to reduce the error by automatically updating the number of hidden layer nodes
until the tolerance error is satisfied. Finally, the probability values of different types of
wind turbine blade defects are output.

Yi1( Z[S]szgmmd(w x—i—b) L=123,...,m fp=0 (5)
j=1
sigmoid(x) = 1 ©)
g S 1l—e¥
ep—1=f—fr-1=ler—11,e-12 -, €L—1] )

Transformer
encoder

224x224x3
X, e R

x12

multilayer

perceptron
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multi-head
attention
layer
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Blade feature vector P
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XGR257x3s4
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'

Transformer encoder

Figure 4. A structural diagram of the characteristics of the wind turbine blades obtained via DINOv2.

Suppose the output residual error cannot meet the preset tolerance error. In that case,
the number of hidden layer nodes is automatically increased. The output of the L hidden
nodes can be expressed as Equation (8).

hp = sigmoid (w{x + bL) 8)

Theorem 1 [31]: Suppose span (T')is dense in L, space, and Yh € T,0 < ||h|| < by,. Given that
0 < r < 1and a non-negative sequence {pp},uy, <1 —randlimy_, opp =0,forL=1,2...,
denoted by Equation (9),

m
oL=Y 014010 =1—r—u)leral’>g=12...,m )
q=1
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If hy satisfies the following inequality
(er—1,h1)* > 020100 =1,2,...,m (10)

the output weights can be evaluated as follows:

(11)

[B1/B2/ - Br) = arg;gﬂin

L
f- Z% Bihi(X
iz

T
Then, we obtain imy_, ;|| f — f[ || = 0, where f; = Z 1B hi(X), B; = {,B}il, 2 Bl

Theorem 1 demonstrates that the universal approximation capability of SCNs is
theoretically guaranteed through the constraint of Inequality (10). Therefore, the continual
addition of new hidden nodes based on (10) and (11) ensures that the model’s error will
converge within the tolerance error.

Hidden layer

Character

I

Dynamically
increase
hidden nodes B, =

>

gy

Figure 5. A structural diagram of the Stochastic Configuration Network.

3. Experimental Validation and Evaluation
3.1. Experimental Environment

The software and hardware equipment required for the experiment in this study are
shown in Table 2.

Table 2. Experimental equipment.

Computer Software and Hardware Version/Model
GPU Nvidia RTX 4090 (24 GB)
Python 3.8
CPU Intel Xeon Platinum 8352 V
CUDA 11.3
Operating System Ubuntu 22.04
Pytorch 1.10
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3.2. Model Architecture and Parameter Setting

(1) The entire model architecture consists of three sequential modules: YOLOV5 for
blade area localization, DINOvV2 for visual feature extraction, and the Random Configura-
tion Network (SCN) for defect classification. In the first stage, YOLOv5 was used for object
detection. Before being input into YOLOV5, the original images captured by the unmanned
aerial vehicle were adjusted to dimensions of 640 x 640, and the YOLOvS output was used
to crop the bounding box of the wind turbine blade area. In the second stage, the image of
the wind turbine blade, following positioning and pruning, was resized to 224 x 224 and
passed into the DINOv2 ViT-5/14 large vision model. This model output a 384-dimensional
feature vector, representing the semantic and spatial information of the blade surface. In
the third stage, the SCN received the DINOv2 feature vector and classified it. The SCN
constructed a single-hidden layer feedforward neural network, randomly generated hidden
nodes, and calculated the weights of the analytical output. The final prediction indicated
whether the type of defect was damage, peeling paint, or dirt buildup. The integration of
transformer-based feature extractors and adaptive SCN classifiers contributes to the overall
accuracy and robustness of the proposed framework.

(2) In the blade-positioning experiment, the batch size of YOLOvV5 was set to n = 16,
the number of training instances was set to 100, the learning rate was set to 77 = 0.01, and
the momentum was set to v = 0.937. Choosing a lower learning rate and momentum
can accelerate convergence and reduce oscillation. To accelerate the convergence of the
model, improve its generalizability, and avoid premature over-fitting, Warmup and cosine
annealing learning rates are used. When model training began, the Warmup preheating
learning rate was selected, as shown in Equation (12). The cosine annealing strategy is
shown in Equation (13).

epoch
Warmup_lr = Iryy + (Irmax — lrm).ifpoc;zliw (12)
1 7T X epochyow
Ir = 2lrmax (1 + cos( epochn )) (13)

where Ir;, is the initial learning rate of training, [rmax is the preset learning rate, epochygy is
the current training round, and epoch;; denotes the total training rounds.

(3) In the defect type recognition experiment, the maximum number of hidden nodes
(Lmax = 500), the tolerance error (¢ = 0.0001), and the maximum number of candidate
nodes (Tmax = 100) were randomly configured. Selecting 500 hidden nodes can effectively
guarantee the complete convergence of the SCN, and selecting 100 maximum candidate
nodes can ensure that the error is minimized every time the SCN updates hidden nodes.

3.3. Analysis of Wind Turbine Blade Area Positioning

The dataset used for blade area positioning was obtained from a public online resource.
It consists of 4590 high-resolution images of wind turbine blades captured by drones under
different conditions. These images cover different perspectives, lighting changes, and
backgrounds, such as hills, skies, and grasslands. The dataset was randomly divided
into three subsets in an 8:1:1 ratio using a Python script, with 3672 images for training,
459 images for validation, and 459 images for testing. This random division ensured the
data distribution was balanced and facilitated repeatable experimental evaluation. Some
examples of the blade area positioning dataset are shown in Figure 6.

To effectively avoid over-fitting of the YOLOVS target detection network in the early
training stage, various image data enhancement techniques were adopted to enrich the
diversity and complexity of the dataset. These techniques include Mosaic enhancement,
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which dramatically increases the diversity of datasets by combining multiple images into
one image, and the flipping are rotation of the images. These two geometric transformation
techniques can simulate the wind turbine blade images taken by the UAV from different
perspectives so that the model can adapt to the positioning tasks at various angles. By
changing the chromaticity, the wind turbine blade images under different illumination and
weather conditions were simulated by adjusting the brightness, contrast, and saturation
of the images to improve the model’s robustness. By adding noise, the enhancement
method simulates image noise in the natural environment, helping the model learn how to
accurately detect the target in images containing noise. The image enhancement methods
are shown in Figure 7.

Yellow background Blue background Green background

Figure 6. Example images from the wind turbine blade area positioning dataset.

The prediction results from the wind turbine blade area positioning experiment can
be classified into four cases: instances where a positive sample was correctly classified
as a positive sample, i.e., a True Positive (TP); instances where positive samples were
mistakenly identified as negative samples, i.e., False Negatives (FNs); instances where
negative samples were mistakenly identified as positive samples, i.e., False Positives
(FPs); and instances where negative samples have been correctly identified as such, i.e.,
True Negatives (TNs). These four situations correspond to two evaluation indicators for
evaluating the performance of wind turbine blades, namely, Precision and Recall, and the
corresponding calculation equations are shown in Equations (14) and (15), respectively.
Given the difficulty of direct integral calculation, we used the interpolation method to
simplify the process. Specifically, it was used to calculate the average value of the accuracy
rate at different recall rate levels to obtain the AP value. This index can comprehensively
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reflect the performance of the blade position detection network; it can be calculated as
shown in Equation (16).

.. TP
precision = m (14)
TP
recall = TP—F—FI\[ (15)
AP — / P)dr ~ Zmaxn>nP(ﬁ)Ar(n) (16)

=1

The YOLO series single-stage target detection model and Faster-RCNN two-stage
model were used to locate the wind turbine blades in this experiment. The accuracy of each
model in locating wind turbine blades is shown in Table 3. AP: 50 represents the average
accuracy calculated when the IOU threshold is 0.5, and the formula for calculating the IOU
is shown in Equation (17). The IOUs of the predicted and actual bounding boxes were
calculated. If the IOU > 0.5, the prediction result was considered correct.

area(By N Byy)

IoUu =
area(By U Byp)

Mixup image enhancement

Image flipping image enhancement

flip
horizontal

flip vertical

Add noise image enhancement

Figure 7. Wind turbine blade area positioning data enhancement methods.

117



Sensors 2025, 25,4414

Table 3. Localization accuracy of wind turbine blade area for each model.

Blade-Positioning Model AP:50 Reasoning Speed
YOLOv3 0.993 10.3 ms
YOLOvV5 0.994 9.0 ms
YOLOv7 0.941 8.1ms
YOLOvVS 0.990 219 ms
YOLOV9 0.994 31.3ms

FasterRCNN 0.909 9.6 ms

In this equation, B) is the model’s prediction boundary, and B, is the actual boundary
of the wind turbine blade.

As shown in Table 3, YOLOVS5 had the best accuracy and speed and is the preferred
model for wind turbine blade area positioning tasks. The accuracy of the FasterRCNN
two-stage target detection network was much lower than that of the YOLO series, and its
inference speed was also lower than that of YOLOv5 and YOLOv?. Under our experimental
conditions, involving the use of an RTX4090 graphics card, YOLOvVS's speed in locating the
original image of a single wind turbine blade reached 9.0 ms, meeting the real-time require-
ments of wind turbine inspection tasks. The experimental results regarding YOLOvV5’s
ability to locate wind turbine blades are shown in Figure 8.

SBITEPGII blade 1.0

| }

Figure 8. YOLOv5 wind turbine blade positioning.

Figure 9a—d show the trend of the learning rate during the training process. Warmup
and cosine decay strategies were adopted. After three rounds of preheating, the learning
rate reached the preset value and then decayed with the cosine curve. In the Warmup
rounds, a lower learning rate was used for training to avoid over-fitting and reduce the
oscillation of the training process. After the model became stable, the preset learning rate
was used for training. The cosine annealing strategy allows the learning rate to change

118



Sensors 2025, 25, 4414

according to the cosine function during the training process, allowing a smooth attenuation
of the learning rate.
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Figure 9. YOLOVS training curve: (a) training set loss curve; (b) verification set loss curve; (c) recall,
MAP:50, and MAP50-95; and (d) learning rate.
3.4. Analysis of Wind Turbine Blade Defect Classification

The dataset used to classify wind turbine blade defects consisted of the blade area
images located by YOLOVS5, comprising a total of 2989 images. The specific categories and
division of wind turbine blade images are shown in Table 4.

Table 4. Division and statistics of wind turbine blade defect dataset.

Sample Damage Paint Shedding Dirt Buildup
Training set 647 687 758
Validation set 138 148 163
Testing set 139 147 162
Total images 924 982 1083

The feature vectors extracted by DINOv2ViT-s/14, ResNet50, and ResNet18 were
reduced to three-dimensional space using the t-SNE algorithm to realize feature visual-
ization [34]. t-SNE can reduce the dimensions of a feature vector and adapt to human
observation. However, it also leads to a loss of some feature information. The feature
vectors extracted by DINOv2ViT-s/14 allowed for the classification of the wind turbine
defects into three categories. The vectors extracted by ResNet18 and ResNet50 are very
chaotic, making the defect classification accuracy of the Stochastic Configuration Network
low. Feature visualization is shown in Figure 10.

As shown in Figure 11, using the pre-trained DINOv2ViT-s/14 model as the feature
extractor and an SCN as the classifier yielded the highest wind turbine blade defect classifi-
cation accuracy. The feature vector extracted by PCA had the lowest classification accuracy,
mainly because PCA does not rely on prior experience and can only capture the linear
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features of the data, making it difficult to deal with high-dimensional data such as images.
When combined with DINOv2ViT-s/14 and transfer learning, ResNet’s feature extraction
effect with respect to ImageNet pre-training was better than that of PCA. Therefore, the
feature extraction method consisting of applying DINOv2 and ResNet combined with
transfer learning effectively improved the accuracy of the classifier.

(a) ResNetl8 feature extraction (b) ResNet50 feature extraction (¢) DINOV2ViT-s/14feature extraction

Figure 10. Wind turbine blade feature visualization: (a) ResNet18, (b) ResNet50, and (c) DINOv2ViT-
s/14 feature extraction.
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Figure 11. Experimental curve of defect classification.

As shown in Table 5, which compares the SCN and other classification algorithms,
K-means clustering yielded a value of k = 3, and the KNN yielded an initial k = 5, SVM
adopts a linear kernel function, and the evaluation standard for random forest is the
Gini coefficient. The experimental results show that the SCN with automatically updated
nodes and randomly assigned weights and offsets can reduce the error, effectively fit
wind turbine blade data exhibiting different defect types, and improve the accuracy of
defect classification. The results show that the performance of DINOvV2 is significantly
better than that of ResNet18 for the same classifier, reflecting the enhancement of its
visual representation learning ability. When using the features extracted by DINOv2, SCN
exhibited the best classification performance among all the evaluated classifiers, verifying
that the SCN has stronger discriminative learning and recognition ability. The DINOv2
+ SCN method exhibited good feature extraction ability and could effectively classify
defective wind turbine blades.
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Table 5. Experimental results of wind turbine blade defect classification.

Wind Turbine Blade Defect Classification Algorithm Accuracy
DINOv2 + SCN 0.987
DINOvV2 + Kmeans 0.515
DINOv2 + KNN 0.982
DINOv2 + SVM 0.906
DINOV2 + random forest 0.983
DINOv2 + RVFL 0.958
ResNet50 + SCN 0.873
ResNet18 + SCN 0.795
PCA + SCN 0.453
RESNet18 + KNN 0.759
RESNet18 + Kmeans 0.360
DINOvV2 + SCN (No YOLOV5 positioning) 0.944

To evaluate the feasibility of real-time deployment, the inference speed of each compo-
nent in the proposed defect recognition framework was measured. The YOLOv5-based
blade-positioning module achieved an average inference time of 9.0 ms per image, while
the DINOv2 model required 10.60 ms for feature extraction. The SCN classifier completed
defect-type classification with a time of only 0.05 ms per image. The total end-to-end
inference time was approximately 19.65 ms, which corresponds to over 50 frames per
second (FPS). This result demonstrates that the proposed method satisfies the requirements
for real-time blade defect detection.

To evaluate the contribution of the blade region localization stage, an ablation experi-
ment was conducted by removing the YOLOv5-based positioning module. Under these
conditions, the original UAV images containing background elements such as sky, hills, and
vegetation were directly input into the DINOv2 feature extractor without being cropped.
As shown in Table 5, the classification accuracy dropped from 0.987 (with YOLOV5) to 0.944
(without YOLOVS). This result confirms that YOLOVS5 can effectively suppress background
interference and enable more focused and accurate feature extraction by DINOv2, thereby
improving overall classification performance.

4. Conclusions

To address the low positioning efficiency for wind turbine blades, we used the YOLOV5
target detection network to remove complex background areas and retain the areas con-
taining the blades. Aiming to address the poor robustness of feature extraction, poor
adaptability to different defect types, and the low accuracy of defect classification for
defective wind turbine blades, we propose a method for detecting and classifying defects in
wind turbine blades based on using DINOv2ViT-s/14 as a feature extractor and a random
configuration network, combined with transfer learning, as a classifier. Our conclusions
are as follows.

(1) The original image data contain many complex background images, interfering
with detecting blade defects. YOLOv5 was used to crop the blade areas. To avoid premature
over-fitting of YOLOV5, several image enhancement techniques were applied to enhance
dataset diversity. This strategy broadened data variation, improving model generalization
and robustness.

(2) To address the problem wherein the traditional feature extraction method relies on
prior experience, manual design, and the extraction of features, resulting in poor expression
ability and low classification accuracy, we used DINOv2ViT-s/14 combined with transfer
learning as a feature extractor and a random configuration network as a classifier., The
accuracy of classifying defective wind turbine blades reached 98.7% using this method.
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In this study, when using an Nvidia RTX4090 GPU, the AP: 50 of the wind turbine
blade area was 99.4%, the inference speed for a single picture was 9.0 ms, and the wind
turbine blade defect classification accuracy was 98.7%. The proposed method outperforms
existing techniques in both accuracy and speed for wind turbine blade image positioning
and defect classification.

While the proposed method effectively classifies the surface defects of wind turbine
blades, it does not provide information about the shape or extent of the defects, limiting its
ability to support finer-grained maintenance strategies that rely on a quantitative analysis of
defect areas. Future work will explore the integration of segmentation networks to extract
the exact locations and sizes of defects, enabling severity-level estimation and enhancing
the practical value of the system in condition-based maintenance scenarios.
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Abbreviations

YOLO You Only Look Once

SCN Stochastic Configuration Network

DINO DETR with Improved Denoising Anchor Boxes

CNN(Conv) Convolutional Neural Network
Faster-RCNN  Faster Region Convolutional Neural Network

VGG Visual Geometry Group Network

ResNet Residual Network

SSD Single-Shot Multi-Box Detector

SVM Support Vector Machine

RPCA Recursive Principal Component Analysis
MCNN Multi-Channel Convolutional Neural Network
ART Adaptive Resonance Theory

CSP Cross-Stage Partial Network

CBS Conv + Batch Normalization + Silu

SPP Spatial Pyramid Pooling

BN Batch Normalization

Silu Sigmoid Linear Unit

AP Average Precision

(0)8) Intersection over Union

PCA Principal Component Analysis

t-SNE t-Distributed Stochastic Neighbor Embedding
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KNN K Nearest Neighbor
K-means k-Means Clustering
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Abstract: Monitoring the blast furnace shaft static pressure is crucial for maintaining a
stable ironmaking process. Traditional rule-based methods and manual inspections suffer
from high labor costs and inconsistent standards. This article proposes a new unsupervised
anomaly detection framework that combines adversarial autoencoder with variational
mode decomposition (VMD). Firstly, using VMD combined with sample entropy calcula-
tion and clustering algorithm, the trend, period, and other components of multidimensional
signals are extracted, and then these components are integrated into an improved adver-
sarial training autoencoder to detect global and local anomalies. The proposed method
has an accuracy of 0.95, a recall rate of 0.91, and an F1 score of 0.93. Which demonstrates
the method effectively captures multi-scale anomalies including value bias, morphological
changes, and sudden fluctuations, while providing analysts with interpretable anomaly
detail diagnosis.

Keywords: blast furnace monitoring; time-series anomaly detection; adversarial
autoencoder; variational mode decomposition; unsupervised learning

1. Introduction

Blast furnace operators need to determine the blast furnace production status and
make appropriate operational adjustments based on time-series signals (such as temper-
ature, pressure, etc.) collected by sensors installed at different positions of the furnace.
The distribution of gas flow inside the blast furnace is a critical factor affecting stable
and smooth operation. To more comprehensively understand the gas flow distribution
state within the blast furnace, many steel plants have introduced shaft static pressure
measurement signals. Shaft static pressure is measured by evenly installing pressure sen-
sors around the cooling walls at specific layers of the blast furnace. Different abnormal
patterns of shaft static pressure often indicate abnormal gas flow distribution inside the
furnace. Currently, the primary method for monitoring abnormal states of shaft static pres-
sure requires operators to observe signal curves in real time, which consumes significant
human effort and is difficult to standardize due to differences in analytical logic among
operators. Therefore, constructing an automated algorithm for blast furnace shaft static
pressure anomaly detection has become necessary. This method can significantly reduce
the workload of blast furnace operators, standardize evaluation logic, and improve the
stability of production control.

In traditional industrial fields, such as blast furnace process control systems (PCS),
the anomaly detection logic for key indicators mainly relies on explicit expression rules
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and corresponding thresholds [1,2]. The drawback of this method is its high requirement
for threshold setting, typically requiring process experts to adjust numerous parameters.
Additionally, changes in raw materials, operational systems, and other influencing factors
cause corresponding changes in the data distribution of blast furnace conditions and their
monitoring indicators. This necessitates continuous threshold adjustments to adapt to
complex changes in furnace conditions, making traditional rule-based anomaly detection
methods difficult to apply in actual production processes. To optimize this situation,
subsequent academic research proposed a series supervised machine learning (SML) based
parameter optimization methods to achieve automatic adaptive parameter adjustment or
fuzzy logic control (FLC) [3,4], but these still require manual design of rule-based process
feature extraction as a foundation.

Since the key monitoring indicators in the blast furnace production process are time-
series signal data collected through multiple sensors, the anomaly detection of these key
indicators can be abstracted as a multidimensional time-series anomaly detection algo-
rithm task. In recent years, researchers have developed various methods to address this
problem. The most commonly used techniques can be divided into two major categories:
traditional statistical models and deep learning-based approaches. Among them, statisti-
cal model-based methods include: distance-based models using Dynamic Time Warping
(DTW) [5]; time-series prediction models represented by ARIMA [6]; and clustering algo-
rithms represented by DBSCAN [7]. These traditional statistical models primarily focus on
single-variable time-series anomaly detection. However, for multidimensional time-series
anomaly detection as encountered in this study, these methods often perform unsatisfacto-
rily due to the curse of dimensionality.

Deep learning algorithms for time-series anomaly detection [8-18] can be broadly
categorized into two types. One type involves establishing prediction models to calcu-
late prediction errors, such as recurrent neural networks (RNN) and Long Short-Term
Memory (LSTM) networks [19,20], which extend traditional statistical model-based time-
series prediction methods into the domain of deep learning. Since anomaly detection in
industrial applications often lacks large amounts of labeled negative samples to support
prediction model training, most prediction error-based models compare predicted values
with observed values. This requires predicting time-series over extended periods, where
high accuracy in long-term prediction is a prerequisite for effective anomaly detection
models—a problem that has long challenged the industrial sector. The other type uses
encoder-decoder architectures to reconstruct observed values and calculate reconstruction
errors, with common models including autoencoder neural network (AE) and Variational
Autoencoders (VAE) [21-24]. However, VAE models often struggle to learn true posterior
distributions, which affects the quality of reconstruction [25,26].

In response to the aforementioned technical challenges, the academic community
has attempted to enhance the generative performance of Variational Autoencoders
(VAEs) by incorporating the adversarial mechanism of Generative Adversarial Networks
(GAN ), leading to the development of the Adversarial Autoencoder (AAE) algorithmic
framework [25,26]. Within the domain of anomaly detection, the existing literature primar-
ily explores AAE algorithms through two distinct research trajectories: the first category
focuses on adaptive designs of generators and discriminators [27], aiming to improve
anomaly recognition accuracy by optimizing feature extraction efficacy during adversarial
training; the second category endeavors to integrate AAE with conventional anomaly detec-
tion models such as Isolation Forest and Support Vector Data Description (SVDD) [28,29],
thereby reinforcing detection robustness in specific scenarios through ensemble learning
strategies. Existing research demonstrates that the performance optimization of anomaly
detection models critically depends on domain-specific customized modeling. Throughout

126



Sensors 2025, 25, 3473

this process, the effectiveness of data feature representation emerges as a pivotal constrain-
ing factor. For industrial time-series signals, time-frequency analysis techniques including
Fourier Transform and Wavelet Transform have been extensively employed as data pre-
processing methods. Among these, Variational Mode Decomposition (VMD) has garnered
significant attention due to its prominent advantages in processing non-stationary signals
with strong interference. In the field of anomaly monitoring, current studies on VMD
methodology predominantly manifest in two aspects: The first involves adaptive selec-
tion mechanism design for critical parameters such as modal quantities [30]; The second
combines VMD with deep learning models like Convolutional Autoencoders (CAE) to
achieve anomaly identification in multidimensional industrial signals (e.g., hydro-turbine
unit monitoring data [31]. Notably, the majority of the existing literature integrating VMD
with neural networks concentrates on time-series prediction tasks, such as the construction
of crude oil price prediction models based on VMD and Bidirectional Long Short-Term
Memory (BiLSTM) networks [32]. However, the data characteristics in the aforemen-
tioned research contexts exhibit substantial differences from the blast furnace shaft static
pressure data investigated in this study. Specifically, existing methods typically employ
post-processing strategies such as Intrinsic Mode Functions (IMFs) component screening
or convolutional feature extraction. When applied to blast furnace static pressure signal
analysis, these approaches confront two primary limitations: firstly, inadequate adaptabil-
ity to multi-scale signal characteristics under complex blast furnace operating conditions;
secondly, insufficient interpretability of the feature processing procedures. In light of
this, the present study proposes an innovative analytical framework tailored to the data
characteristics of blast furnace shaft static pressure, aiming to achieve automated detection
and interpretation of anomalous signals within this specific context.

The shaft static pressure sensors are evenly installed on multiple layers of blast furnace
stave coolers, collectively characterizing the three-dimensional pressure field inside the
furnace [33]. Therefore, unlike traditional anomaly detection that only considers temporal
anomalies in time-series signals, this study also needs to consider spatial anomalies such
as changes in relative magnitudes between different signals. Process experts refer to
this analysis as furnace profile analysis, which was previously conducted by manually
observing changes in relative values between different sensor signals to determine whether
the furnace profile had changed.

During temporal anomaly detection, operations such as burden charging and blast
injection cause shaft static pressure data to exhibit superimposed multiple periodicities
with variable cycle lengths. Traditional manual observation methods can filter out these
interference patterns using prior knowledge or experience to focus on abnormal fluctuations
outside normal periodic variations. However, a key challenge in this study is how models
that minimize overall reconstruction error can overcome these interferences to detect truly
meaningful anomalies.

Due to the difficulty in obtaining labeled samples for blast furnace shaft static pressure
and the challenge of precisely defining anomalies through rules, traditional supervised
models cannot be used in model selection. To address these issues, this paper proposes an
empirical mode decomposition method combined with reconstruction error for shaft static
pressure anomaly detection. The contribution of our method are as follows:

1. Proposed an anomaly monitoring method specifically for blast furnace shaft static
pressure data. This method enables label-free anomaly detection while maintaining inter-
pretable results that support further analysis incorporating process knowledge, transform-
ing the current manual visual monitoring practice for anomaly detection.

2. Developed an innovative algorithmic framework combining improved Variational
Mode Decomposition (VMD) with H-AAE network for anomaly detection. This framework
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specifically addresses the data characteristics of non-fixed-length periodicity in our dataset
by optimizing VMD decomposition results through sample entropy and k-means clustering,
achieving adaptive separation and reconstruction of trend, periodic, and detail variation
components. These physically meaningful components are then integrated with the H-AAE
network to enable simultaneous detection of different types of global and local anomalies.

3. Proposed a modified autoencoder H-AAE that incorporates concepts from Genera-
tive Adversarial Networks (GAN) and Huber loss function. This model ensures stability
and computational efficiency by integrating GAN concepts into the autoencoder frame-
work, while enhancing robustness in detecting both anomaly segments and points through
the modified Huber loss function.

The rest of this document is organized as follows. Section 2 describes the details of
the main process background and issues of the proposed method in this paper. Section 3
describes the main methodology proposed in this paper. Section 4 provides an indus-
trial validation based on real data. Section 5 summarizes the work of this paper and
its contributions.

2. Process Introduction and Problem Description
2.1. Blast Furnace Ironmaking Process

The production process of ironmaking focuses on the reduction in iron from ores
and other natural forms of iron-containing compounds. The main methods of ironmaking
include blast furnace, direct reduction and smelting. The basic principle is the reduction in
ores to hot metal by physical and chemical reactions in a special atmosphere (reductants
CO, H,, C, appropriate temperature, etc.). Most of the ore is used as raw material for
ironmaking, except for a small portion of the ore. Blast furnace ironmaking is the main
method of modern ironmaking and an important part of steel production. This method of
ironmaking was developed and perfected on the basis of ancient open-hearth ironmaking.
Although many new ironmaking methods have been researched and developed in different
countries around the world, this method still accounts for more than 95% of the world’s
iron production due to its high pressure furnace ironmaking technology, good economy,
simple process, large output, high productivity and low energy consumption. In the
ironmaking process, iron is made by loading raw materials (sintered ore, pelletized ore,
iron ore), fuels (e.g., coke, pulverized coal), and other auxiliary materials (e.g., limestone,
dolomite, manganese ore, etc.) into the furnace in a certain proportion to be smelted).
Hot air is injected in certain proportions from the top of the blast furnace through the
perimeter of the blast furnace to the bottom of the hot blast furnace, where they contribute
to the combustion of the coke (depending on the blast furnace, pulverized coal, heavy
oil, natural gas, and other auxiliary fuels may also be injected). At high temperatures,
the coking coal is burned in the presence of oxygen in the air inside the drum. At high
temperatures, the coking coal is burned by the oxygen in the blast furnace air, producing
carbon monoxide and hydrogen. Raw materials, fuels plus smelting under the furnace
and other processes, gas under the furnace and on the furnace discharge, heat transfer,
reduction, smelting, decarburization effect and ore production in turn, adding slag iron
ore raw materials to join and the combination of the flow in the furnace, the bottom of the
furnace intermittent melting iron pots, sent to the steelmaking plant. At the same time,
the production of blast furnace gas, blast furnace slag two kinds of by-products, the main
non-ferrous metal impurities in the iron water, combined with limestone and other fluxes,
from the output of the slag, all of which is used as a raw material for the production of
cement, after water quenching; the production of the blast furnace gas produced by the
outlet, after dust removal, into the hot blast furnace, blast furnace and coke oven, boiler,
and other fuels. The main structure of the blast furnace is shown in the Figure 1.
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Figure 1. Main structure of blast furnace.

2.2. Problem Description

During the production of the blast furnace, hot blast is injected through tuyeres, which
includes fuels such as pulverized coal or natural gas. The hot air reacts with iron ore (mainly
iron oxides), and the C in the blast material seizes the O in the iron ore, generating CO and
CO;, that are discharged from the top of the blast furnace, and at the same time, the iron ore
is reduced to hot metal. The hot air above forms a gas flow with reducing atmosphere in
the blast furnace. Whether the blast furnace gas flow distribution is reasonably distributed,
directly affects the reaction state of the blast furnace. Ensuring the reasonable distribution
of airflow is the key to ensure the stable operation of the blast furnace.

Traditionally, the monitoring of blast furnace airflow status is mainly carried out
through blast pressure, top pressure and other indicators for rough monitoring, and it is dif-
ficult to determine the overall airflow distribution in different locations of the blast furnace.
In order to have a more detailed and comprehensive understanding of the blast furnace
airflow distribution status, some steel mills in the blast furnace part of the stave coolers in
multiple directions, circumferentially embedded embedded pressure sensors, to realize the
different positions of the blast furnace radial gas flow profile status of real-time monitoring.

The operational stability of a blast furnace is closely tied to whether its shaft static
pressure remains within normal ranges. For instance, certain anomalies in shaft static
pressure may signal critical abnormalities like gas channeling within the furnace. Conse-
quently, process experts must closely monitor changes in blast furnace shaft static pressure
during operations (see Figure 2).

Due to the blast furnace there are burden charging, blast injection and other cyclical
operations, such operations on the static pressure of the furnace at various points will
have a cyclical impact, and due to changes in the production rhythm, errors, and other
reasons, the length of such cycles is approximate but not the same. At the same time, for
the judgment of airflow distribution anomalies in addition to each pressure measurement
point itself is abnormal, multi-sensor between the relative value of the disorder is also one
of the key anomalies that needs to be monitored.
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Traditional anomaly detection methods commonly used in manufacturing, such as
rule-based systems or simple degradation trend analysis, fail to meet the monitoring
demands of the static pressure of the blast furnace shaft. Currently, no automated algo-
rithms for identifying such anomalies are industrially deployed. Steel enterprises primarily
rely on experienced operators to manually detect abnormalities through manual pattern
recognition. However, as blast furnaces operate continuously 24/7, the intense work-
load of monitoring static pressure leads to frequent missed detections. This underscores
the necessity to develop an automated monitoring algorithm tailored to the unique data
characteristics of blast furnace static pressure.

Therefore, the rule-based anomaly recognition commonly used in the manufacturing
industry is difficult to adapt to the monitoring scenario of the static pressure of the furnace,
and the current iron and steel enterprises mainly recognize anomalies through the manual
observation of experienced operators. Due to the 24 h uninterrupted production of the
blast furnace, the intensity of the operator’s observation of the static pressure of the furnace
is very high, and it is prone to omission of judgment and other problems. It is necessary to
design a set of algorithms to adapt to the data characteristics of the static pressure of the
furnace and realize automatic monitoring.

Kpa
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88100 88120 88140 88160 88180 88200
Figure 2. Furnace Static Pressure Data Fragment.

2.3. Problem Formulation

In this study, the shaft static pressure anomaly detection problem can be abstracted
as a multidimensional time-series anomaly detection task. In time-series analysis, a
single-variable time-series can typically be represented as a sequence of data points with
temporal ordering:

x={x1,x,%3,..., %} (1)

where x; represents the data value at the i-th time point, and # is the total length of the
time series.

The shaft static pressure data constitutes a multidimensional time-series variable.
Assuming a blast furnace has m static pressure detection sensors labeled in positional order,
the j-th time-series signal can be denoted as x/, where j € {1,2,...,m}.

Anomaly detection typically involves analyzing and making judgments on specific
segments or windows of the time series. This study employs sliding window segmentation
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for detection segments. Assuming a window width of t and a step size of k, the i-th time
segment can be represented as:

1 1 1
x§k+1 xék+2 e xék—«—t
x4 x4 ceeoX5
i-k+1 ik+2 ik+t
W; = i . . ) )
Yik+1 Yik+2 Xik+t

where i is the window index and k is the step size (k € {0,1,2,...}). The detection of
anomalies in shaft static pressure essentially involves identifying anomalies in matrix W;.

Since there are no labeled anomaly samples in the studied scenario, it is hard to
evaluate the model using metrics like accuracy and recall from classification tasks.This
paper adopts the idea of unsupervised algorithms, defining that the anomaly degree of
a segment W; increases with the distance (W;, W;) from the normal state W, (represented
by most segments). Note that W, is not necessarily a matrix but represents the concept of
the normal state. A method will be designed to calculate the distance (W;, W) for the static
pressure scenario.

3. Method

This section is divided into three parts: Anomaly Detection Method, Time-Series Data
Processing, and implementation details.

3.1. Anomaly Detection Method

For the normal state representation W, this study adopts a reconstruction error-based
approach. The encoder of the Autoencoder (AE) maps input W; to latent variables Z,
while the decoder reconstructs the input space through R. Since the primary task in
this scenario involves detecting temporal segment anomalies, segment-level anomalies
may manifest as various patterns such as trend shifts, fluctuations, or occasional extreme
values. The L2 loss is highly sensitive to extreme values, which could lead the model to
become less sensitive to other types of anomalies.To enhance robustness against outliers,
the original L2 loss is replaced with the Huber loss, whose sensitivity to anomalies can
be controlled via parameter 6. The AE is trained by minimizing the Huber loss between
inputs and reconstructions:

min{Hs;(W;, AE(W;))} 3)

where the Huber loss is defined as:

g —p)2 i —_ bl <
Hylab) = 5(a—b) ifla—b| <6
Sla—b| — 362 otherwise

4)

To balance computational efficiency and industrial applicability, the adversarial train-
ing architecture from [26] is integrated with the AE. This hybrid framework consists of
an encoder E and two decoders D1, D;. The core adversarial objectives are reformulated
using Huber loss:

Ig%rll{?{gl (Wi, AE2(AE1(W)))) }

5)
r}\lgzx{H(sz (Wi, AE> (AE1 (W)))) }
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The anomaly scoring function is accordingly modified to:
A(W;) = s, (Wi, AE1 (W) ) + BHs, (Wi, AE2(AEL(W))) ) ©)

with « + 8 = 1, where §;—04 are tunable hyperparameters optimized through cross-
validation for specific industrial environments. This design mitigates the oversensitivity of
L2 loss to outliers while preserving its stability in smooth regions.

Since this study uses a reconstruction error-based anomaly detection approach and
assumes the training set is approximately normal or contains minimal anomalies, the
anomaly threshold is set as the 99th percentile of the training set scores:

T = Qoo (A(W)) - inf{x ER: P(A(W) < x> > 0.99} @)

3.2. Time Series Data Processing

While the adversarial training architecture described above can construct W, its
optimization objective focuses on minimizing the overall Huber difference in the data.
However, the shaft static pressure data contains multiple superimposed periodicities with
variable lengths. Solely considering overall error tends to overlook detailed anomalies,
which affects model performance. To address this data characteristic, the time-series
segments used for anomaly detection are decomposed.

Variational Mode Decomposition (VMD) is a non-recursive signal processing method
that decomposes time-series data into a series of Intrinsic Mode Functions (IMFs) with finite
bandwidth. Compared to traditional Empirical Mode Decomposition (EMD), VMD obtains
IMF components through iterative optimization, effectively avoiding mode mixing and
producing more accurate and stable decomposition results. The VMD objective function

min{zf_luat[((s(t) ) g ()| et 2} ®)
stYf e = f(1)

where d; denotes the partial derivative, §(t) is the Dirac delta function, “x” represents the

can be expressed as:

convolution operation, K is the total number of components, and f(t) is the original signal.
For the decomposed signal components, process experts focus on overall trend changes
and short-term detailed variations. From the perspective of visual inspection aligned with
process analysis logic, some components represent overall trends while others represent
detailed changes. In terms of information content, these two types of components exhibit
significant differences, which can be distinguished by calculating sample entropy that
characterizes time-series complexity. Therefore, this study designs a method combining
sample entropy with k-means clustering to extract components representing overall trends
and detailed variations from the VMD decomposition results and classify them accordingly.
The calculation logic is as follows:

1. Given a time series: {x(i), i=1,2,...,n}.

2. Sequence segmentation: Divide the time series into k = n —m + 1 vectors us-
ing a window length m. Each vector sequence is represented as: X;(t) =
{xi(t), xip1(t), s Xigm—1()}-

3. Distance calculation: Compute the distance between each m-dimensional vector
sequence and all other k m-dimensional vector sequences. The distance is defined as
the maximum absolute difference between corresponding elements of two vectors:

dl']‘ = max{\xi+k(t) — x]-+k(t)|}, k=01,...,m—1 9)
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Threshold definition: F = r - SD, where r is a coefficient (typically 0.1-0.25) and SD is
the standard deviation of the sequence.

Ratio statistics: Count the ratio of m-dimensional vector sequences with distances
exceeding F to the total number (excluding self-comparisons), denoted as Cy, (7).
Calculate the average of all Cy, (i), denoted as @, (t).

Sample entropy calculation: Repeat steps 2-5 with window length m + 1 to obtain
D +1(t). Compute sample entropy using:

SampEn(t) = In @, (t) — In 41 (¢) (10)

Sample entropy clustering: Cluster the VMD-decomposed sequences using k-means
into three categories representing trend, cycle, and residual fluctuations. Combine
components within each cluster to form three final components: Wi1 (trend), Wi2
(cycle), and Wi3 (residual).

Using these three components as input, the adversarial training-based reconstruction

error minimization method is applied for anomaly detection. Three anomaly scores are

obtained: A(V/\/:l), A(W?), and A(W?). The final anomaly detection results are the union
of anomalies detected from all three components.

3.3. Implementation Framework

The complete implementation workflow of the proposed unsupervised anomaly

detection algorithm for blast furnace multidimensional shaft static pressure data is shown
in Figure 3.

Sampling entropy

N
|

[perne, pan] = WAV -
. - e Y MO A |
AN PN i ! _/"\/\ .r'\\ A\ j’n\, I A\ ,'\'b\h;'\‘h ': ‘
WWW | KMeans % - MW NN Y —
SRR R AR R e J | T i:W
WWM ! — A, p "
Y vk —— NV ‘
R e = | Component | — —
| combination {
L
i
Pressure Time Series Y Time Series decomposition
\
Y N
I |
- |
- \
- :‘(
=T 3 !
| |
} Maximum H < |
| Anomaly {4 e -
Score H
i
H Encoder
________ —
-
-
Decoder2 -
AL with Adversarial training,

\

Figure 3. Workflow of the anomaly detection algorithm.

The algorithm steps are described as follows:

Step 1: Perform VMD decomposition on the raw data to obtain multiple components.
Since subsequent steps involve post-processing the VMD decomposition results, this
paper does not focus on adaptive parameter adjustment for VMD. The raw data are
preliminarily split into 10 components, retaining dynamic baseline drift, with the
convergence criterion set to “10~7".
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2. Step 2: Due to the variable-length periodic characteristics of the data and the need for
model interpretability, post-processing of the IMF components decomposed in Step 1
is required. Key steps include calculating the sample entropy of different components,
standardizing the data to eliminate dimensional effects, and setting the tolerance to
0.1 to balance robustness and noise impact. Further, k-means clustering is applied to
the entropy values, categorizing the components into three classes—trend, periodic,
and residual (remaining details)—based on data morphology. Thus, the number
of clusters is set to 3. The clustered components are recombined to decompose
the original time series data into trend, periodic, and residual components. This
separation mitigates the influence of periodic fluctuations and impact-type anomalies
on model performance.

3. Step 3: Since the shaft static pressure data is multi-dimensional time series, after
decomposing each time series via VMD and regrouping them into three components,
identical component types across multiple dimensions are grouped to form three 2D
arrays. These arrays are individually input into the improved H-AAE network for
training and anomaly detection. Given the presence of multiple anomaly types in
this scenario, each with distinct physical meanings and operational implications, the
detected anomaly results from each component in the H-AAE model are combined via
a union operation. All anomalies are presented to process experts, who evaluate the
necessity and approach for handling them by integrating other production parameters.

4. Experiments
4.1. Dataset Description

Due to frequent changes in operating conditions during steel production that lead
to data distribution shifts, high-frequency model retraining using recent data is typically
required in actual production. To validate the model’s effectiveness, this study selects
time segments containing shaft static pressure anomalies and their preceding periods for
training and testing, effectively simulating real production conditions.

The experimental dataset consists of real minute-level shaft static pressure data col-
lected from multiple sensors at a steel plant, totaling 7500 min. The first 3500 min are
designated as the training set (assumed to contain almost no anomalies), and the remaining
4000 min as the test set.

4.2. Evaluation Methodology

Time-series segments are obtained through sliding window partitioning with specified
window widths. In this dataset, anomalies are manually labeled by process experts at the
window level. Windows containing anomalies are labeled as 1, and normal windows as 0.

The primary evaluation metrics are precision, recall, and F1-score:

... TP
Precision = TP L EP (11)
TP
Recall = TP EN (12)
2 - Precision - Recall
Fy-score — recision - Reca (13)

Precision + Recall

where TP represents true positives, FP false positives, and FN false negatives.

4.3. Experimental Results

The shaft static pressure data exhibits periodicity and certain trend characteristics.
Whether providing richer data information for anomaly state detection or supplying
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fundamental analysis data (such as long-term furnace profile trends and short-term local

gas flow analysis) for process experts through decomposition, developing an algorithm

that correctly decomposes trend, cycle, and residual components is crucial.

4.3.1. Comparison Experimental Results

Since the periodic fluctuations in shaft static pressure are related to the burden

distribution cycle, traditional approaches typically perform decomposition using STL

method [34,35] with a fixed 10-min cycle. However, due to variable gas flow patterns

inside the blast furnace, the actual period length and morphology of shaft static pressure

are inconsistent. Therefore, this paper proposes a VMD decomposition method combined

with sample entropy and clustering algorithms. The decomposition effects are compared

in Figure 4.
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Figure 4. Comparison of decomposition effects (Left: STL, Right: Proposed Method).

Key observations from Figure 4 include:

The upper part of Figure 4 illustrates the contrasting extraction effects of STL and
the proposed method on trend, periodic, and residual components. By observing
the morphology of each component in the time-series plots, it is evident that the
original data exhibits oscillatory periodic fluctuations with variations in cycle length
and morphological details, alongside a gradual declining trend. The proposed method
achieves accurate extraction of the actual periodic patterns while successfully isolating
significant trend components, ensuring the extracted features maintain physically
interpretable characteristics. In contrast, STL decomposition requires predefined cy-
cle lengths, leading to extracted periodic components that deviate markedly from
observed patterns. This suboptimal periodic extraction further causes incomplete
separation of trend and residual components from cyclic influences. Notably, resid-
ual components fail to reliably identify impact-type anomalies due to uncorrected
periodic interference.

The lower part of Figure 4 further analyzes the decomposed residual components
using Q-Q plots. Results indicate that residuals from our method show no significant
autocorrelation (Durbin—-Watson statistic between 1.5 and 2.5), with most scatter
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points clustered near and parallel to the red reference line. In contrast, STL residuals
demonstrate moderate positive autocorrelation (DW = 1.14), exhibiting oscillatory
scatter patterns around the red line. The Q-Q plot also reveals that extreme residual
values correspond to localized anomalies.

This paper conducts a comparison between its proposed model and various classical
unsupervised anomaly detection models. In this paper, four unsupervised classical models
supporting multi-dimensional anomaly recognition, namely IsoForest, LOF, PCA, and
HBOS, are selected for comparison. Since the method of this paper mainly recognizes
segment anomalies, for full comparison, the above classical models are used to capture
the anomalies firstly, and then the sliding window is cut according to 60 window widths
and 1 as the step size, and the proportion of anomalies in the sliding window is higher
than 20%, then the segment is considered to be anomalous. The results of the comparison
experiments are shown in the following Table 1.

Table 1. Performance comparison of different models.

Model Precision Recall F1-Score
IsoForest 1.00 0.46 0.63
LOF 1.00 0.19 0.31
PCA 0.82 0.50 0.62
HBOS 1.00 0.49 0.66
Proposed 0.95 0.91 0.93

The test fragment specific labeled anomalies are plotted against the anomalies recog-
nized by the different algorithms as follows:

The pink semi-transparent box in the above figure indicates the abnormality segments
identified by manual marking or algorithm. As this paper intercepts the time series data
fragments for anomaly identification by means of sliding window, the window width is
temporarily set at 60, so the starting point of the anomaly fragments labeled in the figure is
earlier than the actual anomaly moment, but it does not affect the effect of real-time on-line
alarms in actual production, and it does not affect the effect of real-time on-line alarms in
actual production. The Figure 5 reveals that process experts have flagged anomalies worth
attention, including abnormally high/low values, sudden drops/increases, significant
trend shifts, and abnormal fluctuations. Among the classic anomaly detection algorithms
selected for comparison, only PCA identifies some notable trend variations, while others
primarily detect extreme value outliers. Quantitative analysis shows recall rates of 0.46,
0.19, 0.50, and 0.49 for Isolation Forest, LDF, PCA, and HBOS, respectively, with the highest
recall being merely 0.5, indicating severe under-detection issues in traditional methods.
The proposed algorithm demonstrates superior accuracy and recall, effectively capturing
diverse anomalies like numerical deviations, fluctuation patterns, and abrupt changes.
Subsequent ablation experiments will clarify which modules significantly contribute to
recall improvement.
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Figure 5. Anomaly detection comparison (Ground Truth vs. Algorithm Results).

4.3.2. Ablation Experimental Results

Further ablation experiments comparing different models are presented in Table 2.
The proposed method achieves 0.93 Fl-score, outperforming baseline models.

Table 2. Performance comparison of different models.

Model Precision Recall F1-Score
AE 0.88 0.82 0.85
H-AAE 0.92 0.82 0.86
Proposed 0.95 0.91 0.93

Figure 6 compares manual annotations with algorithmic detection results. The
pink translucent boxes represent human expert annotations, while blue boxes show
algorithm detections.
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Figure 6. Anomaly detection comparison (Ground Truth vs. Algorithm Results).

Notably, while most models can detect significant trend anomalies (e.g., sustained
high/low values), our method better captures morphological changes and sudden transi-
tions that align with manual expert judgments. Further analysis of detection results from
different components is shown in Figure 7.
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Figure 7. Anomaly detection by component (Trend /Cycle/Residual).

Anomaly Segment Annotation: The pink semi-transparent boxes in the figure indi-
cate anomaly segments manually labeled or algorithmically identified. Due to the
sliding window approach (window width = 60) used in this study for extracting time-
series data fragments, the annotated anomaly start points precede actual anomaly
timestamps. This design does not compromise the real-time online alarm performance
in practical production.

Model Comparison: Observations from Figure 6 reveal that while both AE and
H-AAE models can identify anomaly segments overlapping with manual annotations,
the AE model only detects anomalies characterized by “significant sustained elevation
or reduction” in specific segments. For example:The second anomaly segment identi-
fied by AE corresponds to a sharp global decline followed by gradual recovery; The
third AE-detected anomaly segment reflects a distinct “bulge” morphology in the data;
The fourth AE-detected segment combines both “bulge” and sharp decline anomalies;
Additionally, AE erroneously flags the first anomaly segment due to poor robustness.
To address AE’s robustness limitations, this study integrates GAN mechanisms and
modifies the loss function, enabling H-AAE to recognize broader anomaly types. The
modified H-AAE avoids AE’s false identifications (e.g., Segment 1) but remains reliant
on detecting “significant sustained variations”, showing only marginal metric improve-
ments.

After introducing VMD postprocessing to decompose trend, periodic, and residual com-
ponents, the model demonstrates enhanced performance: our model identifies anomalies
during early trend declines (e.g., Anomaly segment 1 corresponding to AE’s Segment
1 and H-AAE’s Segment 2), demonstrating short-term trend detection capability; e.g.,
Anomaly segment 3 (mapped to AE’s Segment 4 and H-AAE’s Segment 3) successfully
captures short-term fluctuations; quantitative metrics show substantial improvements in
accuracy and recall, confirming the critical role of signal decomposition.
Component-Wise Anomaly Analysis: Trend Component: Detects significant long-
term increases/decreases. Undecomposed data risks masking other anomaly types
under dominant trends; Periodic Component: Improved via Huber-modified loss
functions, effectively identifying transient or sustained “fluctuation” patterns; Resid-
ual Component: Captures spike anomalies and short-term deviations, enabling early
micro-anomaly warnings. Final anomaly results combine outputs from all three
components. Component-specific anomaly types aid fault diagnosis and severity as-
sessment, enhancing interpretability; Fusion logic adapts dynamically to operational
requirements, enabling refined detection and alert strategies.
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While most models detect extreme-value anomalies, our method excels in identifying
subtle anomalies (e.g., morphological shifts, abrupt changes) akin to expert judgment.
The trend, periodic, and residual components, respectively, specialize in global trends,
cyclical fluctuations, and transient peaks, with flexible fusion strategies supporting
customized industrial needs.

5. Conclusions

This paper conducts an in-depth investigation into the anomaly detection problem in
static pressure data. Given the scarcity of anomaly samples and the lack of labeled datasets,
we propose an unsupervised anomaly detection approach based on reconstruction er-
rors. First, to address the issues of traditional autoencoder (AE) models being sensitive
to outliers and having poor stability, we introduce the Huber loss function into the AE
framework to mitigate the sensitivity of L2 loss to outliers, and integrate a dual-decoder
generative adversarial network (GAN) to enhance model stability through adversarial
training. Second, to tackle the challenges posed by the variable-length periodic patterns
in shaft static pressure data, where anomaly detection based on raw data often fails to
capture multi-category anomalies such as trend deviations and periodic disruptions, we
employ Variational Mode Decomposition (VMD) to decompose the original signals. This
decomposition is further optimized through sample entropy analysis and clustering, adap-
tively separating the signals into trend, periodic, and residual components while ensuring
residual normality and eliminating autocorrelation. By feeding these decomposed compo-
nents into the adversarially enhanced AE model, our method achieves multi-dimensional
detection of long-term trend shifts, periodic pattern disruptions, and transient fluctuations.
Comparative and ablation experiments validate the superiority of the hybrid framework.
Furthermore, the interpretable component-level results derived from this decomposition
enable operators to perform detailed analysis of different anomaly types and implement
targeted adjustment measures.
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Abstract: Despite the outstanding performance of deep neural networks, they remain
vulnerable to adversarial attacks. While digital domain adversarial attacks are well-
documented, most physical-world attacks are typically visible to the human eye. Here, we
present a novel invisible optical-based physical adversarial attack via dazzling a CMOS
camera. This attack involves using a designed light pulse sequence spatially transformed
within the acquired image due to the camera’s shutter mechanism. We provide a detailed
analysis of the photopic conditions required to keep the attacking light source invisible to
human observers while effectively disrupting the image, thereby deceiving the DNN. The
results indicate that the light source duty cycle controls the tradeoff between the attack’s
success rate and the degree of concealment needed.

Keywords: adversarial attack; PSF; rolling shutter; CMOS

1. Introduction

Deep Neural Networks (DNNs) have revolutionized the field of image analysis and
processing, delivering state-of-the-art performance across a range of applications. However,
these systems are inherently vulnerable to adversarial attacks [1], which introduce subtle
perturbations to the input signal that cause the DNNs to make incorrect predictions. The
concept of adversarial examples, commonly known as attacked images, was first introduced
a decade ago by Szegedy et al. [2], demonstrating that DNNs could be easily misled
by seemingly minor modifications to input images. Since then, numerous approaches
for generating adversarial examples have been explored [3], highlighting the significant
security concerns surrounding DNN-based systems.

The underlying mechanism for adversarial susceptibility lies in the way DNNs process
images. Rather than learning the actual semantic content of the image, these networks
often rely on superficial or spurious features for classification, as described by Goodfellow
etal. as a “Potemkin village” of features [4]. This explains why two images that are visually
indistinguishable from human vision can be classified differently by a DNN, revealing
a vulnerability that adversarial attacks exploit. These attacks often aim to minimize the
perturbations applied to an image so that the changes are not noticeable to the human eye
while still causing a misclassification.

Adversarial attacks on DNNs can be divided into digital and physical attacks. While
digital attacks manipulate image pixels, they often struggle to transfer to the physical
world due to dynamic conditions and deployment challenges. Physical attacks alter real-
world objects’ visual characteristics and pose a threat but are typically invasive, requiring
visible changes that can be easily dismissed and detected by human vision. However,
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optical-based physical adversarial attacks are non-invasive and generate perturbations
that mimic natural effects, making them harder to detect and better suited for real-world
applications [5]. Despite advancements in imperceptibility, many of these attacks still have
an obvious trace in the physical domain, limiting their effectiveness and feasibility, with
achieving complete invisibility to the human eye remaining an unresolved challenge.

This paper introduces and demonstrates a novel optical-based physical adversarial
attack that leverages the rolling shutter mechanism of CMOS sensors. The proposed attack
is designed to be invisible in the physical domain, ensuring that the attacking light source
remains undetectable to the scene observer. This involves a designed light pulse sequence
spatially transformed during the image acquisition, effectively disrupting the camera’s
image processing to deceive DNNs with a high attack success rate. Furthermore, our
approach does not require precise alignment of the adversarial spatial pattern with the
target object location, offering greater flexibility in real-world scenarios. A successful
invisible attack is achieved when the beam of Attacking MOdulated Light Source (AMOLS)
covers the camera aperture, such that the following are achieved:

1. The peak irradiance is sufficient to dazzle the sensor temporarily;
2. The average irradiance remains below the sensitivity threshold of the human eye.

The following summarizes the primary contributions of this work:

e  We propose a physical domain adversarial attack on DNNSs that receive images from
a CMOS camera. The attack involves directing a light source toward the camera;
however, the presence of the projected light is completely unnoticed by observers in
the scene.

e  We introduce an optical attack that is based on dazzling a camera sensor by sending
short pulses. We investigate the effect of the projected pulses on the image captured
by the CMOS camera. We evaluate the irradiance required to attack the image.

e  We explore the relationship between the human eye’s ability to distinguish the at-
tacking light source directed at the camera and the disruption of DNN performance
caused by the influence of the pulsed laser beam. We analyze the photopic conditions
required to ensure that the attacking light source remains invisible to human observers
while still effectively disrupting the acquired image to mislead the classifier model.

e  We evaluate the trade-off between the success of DNN attacks caused by dazzling
pulses and their invisibility to the human eye. Our findings indicate that the duty
cycle of the light source can be adjusted to manage the balance between the attack’s
success rate and the level of concealment required.

e  We present simulated and real experimental results to demonstrate the effectiveness
of our attack.

2. Related Works

While most studies on adversarial attacks have focused on the digital domain, where
perturbations are added to pixel values, growing efforts have expanded into the physical
domain [6]. Examples of physical-world attacks typically include using adversarial objects
or imaging system manipulations to fool DNN models. These modifications may include
simple changes, such as adding elements like stickers, eyeglasses, earrings, and others to a
real-world object [7], to more complex approaches. The more complex methods typically
involve optical-based techniques [5], including temporarily projecting specifically crafted
adversarial perturbations onto target objects [8], among others, or strategically illuminating
target objects using infrared light sources [9]. Furthermore, synthesizing Three-Dimensional
(3D) adversarial objects has been proposed to confuse classifier models [10], and imaging
projection transformation in a 3D physical environment was demonstrated to deceive object
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detection systems effectively [11]. These examples highlight the growing applicability of
adversarial attacks in real-world settings.

Recent studies on physical adversarial examples have increasingly focused on manip-
ulating imaging systems themselves. For instance, Liu et al. [12] induced perturbations
in the captured image through an electromagnetic injection attack. They focused on CCD
sensors but noted that CMOS sensors, which have an independent measurement unit for
each pixel, provide greater resilience to electromagnetic interference, making them more
robust against such threats. Additionally, Duan et al. [13] employed a laser beam attack to
create spatially tailored perturbations; however, they noted that this approach has a limited
success rate in dynamic conditions. Many physical adversarial attacks require precise
alignment of the adversarial spatial pattern with the target object placement. Moreover,
Liu et al. [14] inject their attack after image acquisition, targeting the data lane between the
camera sensor and the endpoint device. This requires physical access to the sensor-enabled
system, which is practically infeasible in certain situations.

In this work, we develop an invisible camera dazzling attack that leverages the rolling
shutter mechanism inherent in CMOS sensors. Unlike the continuous-wave operation
of light sources, where the degree of dazzle on CMOS sensors can be depicted by the
dazzling area or the number of saturated pixels [15], temporally modulated light can pro-
duce adjustable stripes in a captured image—introducing a unique approach to injecting
adversarial spatial patterns. The rolling shutter effect is primarily studied in the context of
mitigating distortions caused by fast-moving objects that approach the camera’s scanning
frequency [16]. Accordingly, models have been developed to correct these distortions.
Moreover, it was proposed that a smartphone camera can be used for visible light commu-
nications to detect and convert a temporal signal into spatial patterns by exploiting the
rolling shutter effect of CMOS sensors [17].

Adversarial attacks leveraging the rolling shutter mechanism have been introduced in
references [18-22], where temporally modulated LEDs are used to illuminate a target object,
as shown in Figure 1a. This results in distortions in the acquired image due to the camera’s
row-wise scanning process. The first configuration [18] was introduced as a black-box
backdoor attack on face recognition systems, where illuminating the entire scene induces
perturbations employing the rolling shutter effect. While the first two studies [18,19]
utilize programmable RGB LEDs, resulting in an adversarial signal with three adjustable
components of Red, Green, and Blue, later work [20] demonstrated the use of a common
commercial LED with a modulator to control the frequency of the emitted white light. In
addition, further schemes [21,22] expanded the application of the white light attack method,
showcasing the generalization and transferability of adversarial samples across different
models and tasks, including traffic sign recognition systems and lane detection models.
However, these approaches require comprehensive illumination of the whole scene and
usually fail to remain invisible to the human eye. Despite the light pulse sequence being
designed with a modulation frequency that prevents flickering perceived by the human
eye, the illumination source still appears steady and is not stealthy to the human observer
in the scene.

Here, we propose to employ an AMOLS beam that directly illuminates the camera’s
aperture as shown in Figure 1b, taking advantage of the rolling shutter’s scanning process
to induce real-world adversarial perturbations on the acquired image. Since the pulsed light
beam is directed toward the camera rather than reflecting off a target object (see Figure 1),
the average power requirements are significantly reduced compared to previous methods.
While Kohler et al. [23] and Yan et al. [24] introduced such a camera attack utilizing a laser
and exploiting the rolling shutter mechanism, their approaches still leave an obvious trace
of the attack in the physical domain and remain visible to the human eye.
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Figure 1. Practical physical-world adversarial attack. The attack can be carried out either (a) by
temporally modulating a light source to illuminate the entire scene, which reflects light pulses onto
the CMOS sensor, or (b) by directing a pulsed laser beam specifically at a CMOS sensor. The red
arrows indicate the propagation direction of the light.

Since the integration time of the human eye is significantly longer than the acquisition
time of each row in a rolling shutter scanning process, a high-frequency modulated signal
is seen as continuous by the human eye. If denoting the duty cycle of the AMOLS as D, the
intensity perceived by the human eye can be expressed as follows:

Ieye = D - Isource- (1)

That is, the human eye only perceives the signal’s average power. Consequently, it is
possible to control this intensity by appropriately reducing the duty cycle of the AMOLS.
In this paper, we explore the relationship between the effectiveness of a duty cycle during a
direct camera attack and the ability to distinguish the AMOLS implementation. First, we
review the effect of AMOLS on the camera and determine the irradiance needed to produce
the desired disruptive effect on the camera. Next, we evaluate the dazzling irradiance on
the human eye and determine the conditions that influence the eye’s ability to perceive
and recognize the light source. Finally, after establishing the irradiance requirements,
we examine the efficiency of image distortion caused by the designed pulse sequence on
a well-known classifier, the Residual Neural Network (ResNet50) architecture, through
simulations and experiments.

3. Materials and Methods
3.1. Dazzle Effect with Rolling Shutter Camera

The spatial spread of a point source in the image plane is conventionally described
by the diffraction of the Point Spared Function (PSF), generally given by the Fourier
transformation of the entrance pupil. However, particularly for bright power sources
(e.g., a laser source), other effects such as stray light scattering and halo [25] may occur in
addition to the PSF diffraction, which may be considerably more significant than the PSF.
The dazzling effect is demonstrated in Figure 2, where the measurement is acquired from a
laptop camera (installed on a DELL-INSPIRON laptop with 0.92 Megapixel, 88° diagonal
viewing angle). The AMOLS average power was 5 mW with ~ 3.5 mm spot diameter. As
shown in Figure 2, a notable dazzling effect is observed when utilizing such a power level.
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Figure 2. Experimental PSF measurement. The camera’s response to placed point source within the
field of view. The radiant flux measured in the object plane is ~50 mW /cm?.

Previous studies on infrared imagers [26,27] have empirically shown that the diameter
of the saturated area in the image plane, denoted as x4, can be approximated as follows:

1
In \3
Xsat X (IO) )
sat

where Iy and I are the laser irradiance and the saturation level, respectively. Based
on results for visible light using a CMOS camera [28,29] a minimum average irradiance
of 50 mW /cm? during each row exposure is required, and at least 0.1 mW /cm? pick
irradiance to achieve dazzling with shorter pulses. We experimentally found that similar
conditions hold for the camera used in this work, as observed in Figure 2.

Next, the dazzling effect formed in the attacked image is examined. With a rolling
shutter camera, every row in the frame collects ambient light during different periods.
As shown in Figure 3, the i-th row of the sensor records the light integrated during the
period from t; — teyp till t;, while for the following row i + 1, the integration time will be
until t; + t,,,4, where t,,,4 denotes the reading time of a single row and t.y, denotes the
exposure time of a single row. The duration of scanning each frame, denoted by £ ¢4, can
be expressed as follows [16]:

tframe = tread(N" + NrH) + texp- (3)

where N, and N,y are the number of pixel rows and the number of hidden pixel rows in
each frame, respectively.

||

Laser Pulses

Image Pattern

Image Rows

by i Time
“ losp Htyeaa® (NN, .
Figure 3. A schematic illustration of the rolling shutter effect caused by dazzling AMOLS. The rolling
shutter mechanism transforms the temporal signal with a designed sequence of laser pulses (marked
in blue at the top) into spatial distortion. This distortion occurs during different periods of reading
and exposure for the pixel rows in the frame (indicated by white and gray blocks). As a result, a
stripe-like pattern emerges in the acquired image (right).
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The ratio Ry, = texp/treqq determines the number of exposed rows at any given time
(see Figure 4). Thus, R, is referred to as the row’s exposure constant. It is worth highlighting
that if the pulse duration generated by the AMOLS is shorter than t,,,4, exactly R, rows
will be dazzled, regardless of the pulse width. For instance, both pulses with a duration
1us and 2us will produce the same pattern when using a typical camera with a reading
time of t,,,7 ~ 30 pus. The experimentally obtained dazzle pattern for the rolling shutter
sensor when the AMOLS is applied is shown in Figure 4, along with the simulated stripe-
line pattern utilizing R,, = 37 obtained with a calibration process. The simulation result
corresponds well with the experimental measurement, with a structural similarity of 93%.

(a) IS

Figure 4. Dazzle effect of rolling shutter sensor by a modulated light source. (a,b) The resulting

dazzle pattern for AMOLS via (a) experiment and (b) simulation with R, = 37.

3.2. Photopic Conditions for Invisibility

This section focuses on determining the photometric conditions required to keep the
AMOLS effectively invisible. The attack scenario is depicted in Figure 5, where a target
object (car) and the AMOLS are placed in front of a camera while an observer is near the
camera at an angle 6 relative to the optical axis. The acquired image is then fed to DNN
to classify the target. Consider that the AMOLS power is set to produce an irradiance of
e = 50 mW/cm? at the sensor plane when active. The average power E received by the
observer’s eyes from the AMOLS is influenced by the duty cycle of the AMOLS during the
frame exposure period. The light source duty cycle denoted by D determines the average
power of the light source, which can be expressed as E = ¢ - D. In addition, assuming the
AMOLS is smaller than the human eye’s angular resolution, the strictest condition would
be the concentration of the seen power from any given source. Thus, a larger angular extent
covered by the AMOLS would yield a lower peak power.

.

Image plane S, Object plane

I

I . 1

Adversarial Example 1 CMOS ey !
1

I .
] Camera ~.
7=, 3™ Rolling Shutter . .- |
o <— . *
\WaWlWa¥ mechanism 7 ,,_—f‘ﬁ
o v 6 .:_ _________ / I
[ ) |
Input l LT - : Target
- !

Object

Output
Cx)# <-— DNN Observer

Misclassifying

P
Figure 5. Invisible AMOLS implementation for direct camera attack. A target object (e.g., a car) is
placed in the camera’s field of view, and a light source directly illuminates the camera (by sending a

beam between the red arrows). The task of the DNN is to classify the acquired image. When applying
the AMOLS, it must remain invisible to an observer at an angle 6 relative to the optical axis.
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By denoting the background brightness by L, and the AMOLS brightness by L 4g, the
contrast can be given by the following:

_Las—1Ly

C L

4)

Previous studies by H.R. Blackwell [30] and W. Adrian [31] investigated the threshold
contrast Cy;, required to detect an object. According to W. Adrian, a target contrast of 1
at a small angle is sufficient to recognize the target. Since radiance is a physical quantity
conserved throughout an optical system, it dictates the brightness. When the solid angle
covered by the target is smaller than the system’s resolving power, the AMOLS brightness
has the following form [32]:

Las = E-683-V,-Q),2

eye [Cd'm_z} ’ (5)

where V), denotes the photopic efficacy and ),y is the resolving power of the human eye
(representing the strictest condition regarding the received power). Employing a camera
model to represent the eye model, C.A. Williamson and L.N. McLin [33,34] proposed a
scattering function based on empirical findings by J. Vos et al. [35], with an effective solid
angle collected by the eye:

f6y€(91 A, p, Lb) = S'Llj;'geye(el A, p) [sril}/ (6)

where g, can be determined by the off-axis angle 6 (see Figure 5), the age A (in years), and
the eye pigment p, which is given by the following:

A 2
1+ (g5)

Substituting the term of the average power E, and the angular resolution by fe,., the

8eye(0, A, p) = g5 + | g7 + =5 +0.0025p [sr '], @)

10 [5 0lp
2

AMOLS brightness expressed in Equation (5) takes the following form:
Las = €:D-683-Vy- fuye [cd.m—ﬂ, ®)

Finally, by substituting Equation (8) into Equation (4), the light source duty cycle can
be expressed by the following;:

Cthr(Lb) +1
e-683-V)-Sgeye(6, A, p)’

D=1L;" )

Figure 6 shows the light source duty cycle D required for dazzling as a function of the
background illumination for various viewing aspect angles. As the aspect angle increases,
the effective radiance on the retina decreases. Consequently, the contrast decreases with
the increasing background brightness, requiring more power to exceed the threshold. It is
observed from the results shown in Figure 6 that for observers placed at an angle greater
than 10 degrees, a duty cycle of 0.5% is sufficient to keep the source invisible, regardless of
the background illumination level. The following sections will present a technique that can
be operated even at lower duty cycle percentages.
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Figure 6. The duty cycle D of the AMOLS at the threshold of human discrimination as a function of
the background luminance for various viewing angles 6.

3.3. Generating the Physical Adversarial Attack

Following the formalism in [2], the problem of finding an adversarial example can be
formally defined as follows:
minimize ||x" — x||22
st. C(x') #1 (10)
x" € 0,1]",

where x is the undistributed image, x’ is the perturbated image, | represents the ground
truth label of the image x, and C(x) denotes the DNN used as a classifier. Periodically,
solving such a problem can be incredibly complex, which leads to solving a more straightfor-
ward problem instead, as suggested in [36]. In brief, the goal is to find a small perturbation
§ = x’ — x, which can be applied to an image x to alter its classification while ensuring that
the resulting image remains valid. Considering that the Softmax V), is applied on top of
the DNN logits, the loss function mapping an image x to a positive real number can be
described as follows

f(x) = Lossc, 1(Va(x)), (11)

Accordingly, instead of formulating the constraint minimization problem as in Equation
(10), one can use an alternative formulation and solve the following problem:

minimize ||J]], — a-f(x + J)

12
st.x+6€(0, 1" (12)

where a represents the ratio between the magnitude of the disturbance and its effect’s
intensity on the output, and || - || denotes the zero norm.

In our case, we aim to establish a relation between the pulsed laser activity and the
resulting adversarial perturbation caused by the rolling shutter mechanism of the CMOS
camera. This mechanism converts the temporal signal of the designed laser pulse se-
quence into a spatial distortion within the acquired image. E,s; is an N-dimensional
binary row vector representing the pulsed laser activity, which can be expressed by
N = (Ny + N;x) /Ry, where R,, denotes the number of dazzled pixel rows by each pulse
and (N, + N,p) indicates the sensor’s total number of pixel rows (see Section 3.1). Specifi-
cally, a unit value at the i-th component of this vector E,¢¢[i] = 1, indicates a pulse occurring
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at the time t = i - t¢.;,./ N, and dazzles the sensor’s pixel rows from i-Ry to (i +1)-R,.
Thus, the indices of the dazzled pixel rows in the acquired image can be obtained by
substituting each unit entry of the pulsed laser activity vector E eff with a size R, vector of
ones, which is given by the following:

r eff®1R (13)

where ® is the Kronecker product and 1£n is an R;-dimensional column vector of ones.
Consequently, E! is an N - R,-dimensional binary column vector in which unit entries
indicate the dazzled sensor’s pixel rows. Next, the resulting dazzle pattern in the acquired
N x M image (e.g., Figure 4) can be obtained by the following;:

=B Q@1u = (El; @1k, ) @ 1m, (14)

where 1) is a size M vector of ones corresponding to the number of pixel columns in the
acquired image. Instead of formulating the minimization problem following Equation (12),
we now use an alternative formulation expressed in terms of the pulsed laser activity vector
E, s r—the problem then becomes as follows: given x, find § that satisfies the following:

minimize ‘

EeTffHO —a-f(x+96) 5)
st.se(0,1]",

In practice, to implement a typical gradient-based optimization algorithm (such as
SGD or ADAM) for solving Equation (15), we replace the binary vector derived from
Equation (14). Rather than optimizing over the variable § defined above, we change the
variables and optimize over w7, which has the following form:

5= K;tanh(wT) + 1> ®1§n} R 1w, (16)

where ¢ € [0, 1]", and wT has the same dimensions as EeTf 2

Since the exact moment of camera exposure is unknown to the attacker in a real-world
setting, applying the AMOLS, consisting of a designed sequence of laser pulses, yields a
dazzling pattern with a random horizontal shift. Considering the asynchrony between
the attacking light pulse sequence and the camera’s exposure moment, we utilize the
Expectation over Transformation (EoT) method [10] as follows:

minimize ]EtONT{ ‘

effH wf(x+9)}. (17)
where T is the space of all possible instances of frame exposure, denoted as t.

4. Results and Discussion

This section presents the feasibility of conducting invisible adversarial attacks on
DNNSs in the physical domain by dazzling the camera. In addition, we evaluate the
AMOLS performance using optimal dazzle patterns following the method described in
Section 3.3, considering the pulsed laser activity depicted in Section 3.1. In the following
sections, we employ both simulations and real experiments. First, we conduct simulations
to investigate the effect of the AMOLS duty cycle while maintaining a constant pulse width.
Next, we optically demonstrate the attack and examine its sensitivity to the pulse width.
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4.1. Effectiveness of the AMOLS

We evaluate the effectiveness of the AMOLS based on the duty cycle of a pulsed
laser (as discussed in Section 3.2) while keeping a constant pulse width. The ResNet50
classifier [37] and the standard cross-entropy loss function are utilized to simulate the
adversarial attacks on the image classification model. Figure 7 shows simulation results
of the loss function depending on the AMOLS duty cycle for two cases: where an object
covers (1) approximately 40% of the field of view (FOV), and (2) approximately 85% of the
FOV. These results focus on the “Coffee mug” as the target object, with the highest obtained
values for each examined duty cycle as a result of optimizing the attack (as discussed in
Section 3.3). It can be empirically determined that loss function values exceeding 2 exhibit
poor classifier performances, resulting in misclassification across a significant number
of input images—specifically, this enhances the effectiveness of the AMOLS. The results
presented in Figure 7 indicate that when the duty cycle is set lower than 0.2%, the attack
remains feasible—yet the classification model tends to yield better results when the target
object covers ~ 40% of the FOV. Conversely, increasing the AMOLS duty cycle substantially
raises the loss, thereby enhancing the effectiveness of the attack in the case of an object
occupying ~ 40% of the FOV. Additionally, for a target object that covers ~ 85% of the
FOV, the attack proves effective across the entire duty cycle range examined, with a milder
dependence on changes in the AMOLS duty cycle.

— 40% FOV target
—— 85% FOV target

Loss

0.2 0.3 0.4 0.5 0.6 0.7 0.8
Duty Cycle [%]

Figure 7. The effectiveness of the proposed attack on the loss function and its dependency on the
duty cycle D of the pulsed laser beam.

In addition, we examined a range of target objects during the attack, imaged from
various angles of view corresponding to different classes—several samples are shown in
Figure 8a. An analysis of the effect of the AMOLS duty cycle, while maintaining constant
pulse width, on the classifier’s loss function across diverse input images is shown in
Figure 8b. We empirically found the critical values of the cross-entropy loss function at
which the DNN begins to misclassify objects across different classes, considering an offset
in the obtained loss curves above these critical values. It is observed from the results shown
in Figure 8b that an AMOLS duty cycle of 0.4%, which corresponds to a designed sequence
of 4 laser pulses, successfully fools the classifier in all cases.
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Figure 8. The AMOLS is applied to different objects. (a) Examples of attacked images. (b) The
dependence of the loss function on the attacking light source duty cycle for various objects.

4.2. Real Experiments on Physical-World Adversarial Attack

We carried out real experiments to evaluate the feasibility of the proposed optical-
based physical adversarial attacks in real-world scenarios formed by converting the light
temporal signal to a spatial distortion within the acquired image. A coffee mug is used
as the target object and placed inside the FOV of a laptop camera (installed on a DELL-
INSPIRON laptop with 0.92 Megapixel, 83° diagonal viewing angle). For the attack, a
pulsed laser beam is directed at the camera from a position adjacent to the object, produced
from a 650 nm dot diode laser, with an average power of 5 mW and a spot size of 3.5 mm.
A sequence of pulses is designed to generate the adversarial dazzle pattern following the
optimization method described in Section 3.2, where the temporal modulating signal is
produced utilizing the Arduino-Uno microcontroller board. The camera captures both the
light reflected from the object and the light emitted by the AMOLS. The acquired images
are then fed to the DNN for classification. We conducted our experiments with no ambient
light, as this represents the most challenging condition for our problem setting, which
requires the light source to remain invisible to a human observer. As illustrated in Figure 6,
as the background illumination decreases, the allowable AMOLS illumination budget that
can remain invisible also decreases. Conversely, a lower AMOLS illumination budget
challenges the success of attacks, as indicated by the reduced classification loss shown in
Figure 8b.

Figure 9a,b shows two optical-based physical adversarial examples and their corre-
sponding predictions from the image classification model. These examples were generated
from two separate exposure shots, where the AMOLS used different pulse widths. It
is worth mentioning that the attacking light pulse sequence is not synchronized with
the camera’s exposure moment (see Section 3.3), leading to variations in the dazzle pat-
tern across each frame, specifically introducing a horizontal shift. Videos showing the
footage from the attacked camera sequence are provided in the Supplementary Materi-
als. Additional examples can be found on the GitHub repository associated with this
paper at https://github.com/ZviSteinOpt/RollingShutterAttack /tree/main (accessed on
1 April 2025). The invisible CMOS camera dazzling attack induces misclassification across
the input images, significantly reducing the classifier’s confidence in the correct 500th class,
as shown in Figure 9c.
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Figure 9. Results of AMOLS realization on an image classification model. Physical-world adversarial
examples generated via two shots recording when setting different AMOLS activities: (a) pulse width
of 1 us with D = 0.01%, and (b) pulse width of 70 us with D = 0.85%. (c¢) The DNN's confidence in
the predicted results across the 1000 classes it was trained on, with the index for the correct “coffee
mug” label being #500.

The distribution of predictions made by a targeted DNN model across various classes
during the optical-based physical adversarial attacks is depicted in Figure 10. It is based
on 254 repeated trials, where the AMOLS operates four pulses, having a pulse duration
of 1 ps. The results indicate that the designed attack achieved an 85% success rate under
these conditions. The results shown in Figure 11 indicate that a higher attack success
rate can be achieved by increasing the pulse width. When the AMOLS pulse width
exceeds approximately 70 ps, the physical-world attack success rate approaches 98%.
However, following Section 3.2, increasing the pulse width reduces the range of concealed
viewing angles (see Figure 6). These exhibit a tradeoff between the angular realm achieving
invisibility and the success rate of the physical-world attack as the AMOLS duty cycle varies.
Considering that the camera captures 30 frames per second, a pulse of 1 ps corresponds to
a low duty cycle of 0.012% (D = 100-4-1 ps-30s~! = 0.012%), whereas a pulse duration of
70 us results in a higher duty cycle of 0.84%. It can be observed from the results shown in
Figure 6 that setting a duty cycle of 0.01% ensures the AMOLS activity remains invisible
to the observer located at angles greater than approximately 5° from the optical axis.
In comparison, a duty cycle of 0.85% could be sufficient to maintain the invisibility of
optical-based physical adversarial attacks at a viewing angle of 15°.
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Figure 10. The frequency distribution of the DNN predictions during the attack. While the object’s
correct label is a “coffee mug”, the attack exhibits an attack success rate of 85%.
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Figure 11. The average attack success rate as a function of the AMOLS pulse width.

The performance and properties of our attack are summarized in Table Al in
Appendix A, together with a comparison to that of other physical adversarial attacks
involving image sensors.

5. Conclusions

In summary, we introduced a novel method for conducting optical-based physical
adversarial attacks on DNN. The attack is demonstrated by directing a pulsed light at
a CMOS camera. The rolling shutter mechanism of the camera converts the temporal
signal, which consists of the designed sequence of light pulses, into a spatial distortion
within the physical-world adversarial image. The photometric conditions and light pulse
characteristics are analyzed to dazzle the CMOS camera sufficiently, thereby fooling the
DNN model while keeping the AMOLS activity invisible to observers in the environment.

We demonstrated that the light source duty cycle enables the control of the tradeoff
between the attack’s success rate and the required angular degree of concealment. For
instance, with the proposed method, an 85% success rate for the physical-world attack can
be achieved while ensuring the invisibility of light source activity to the observer except for
a narrow angular range of 5° from the optical axis. However, the attack success rate could
be increased to 98% by allowing a slight reduction of 10° in the angular concealment range.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/525072301/s1. The following supporting videos show the footage
from the attacked camera sequence when setting different AMOLS activities. Video S1: pulse width
of 1 us with D = 0.01%, and Video S2: pulse width of 70 ps with D = 0.85%.
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Appendix A

Table Al. Comparison of physical adversarial attacks involving the image sensors.

Physical World Attack Attack Mechanism Targesting Camera Adversary Physical Achievable Attack Inv%sib'ility
ensors Access Success Rate Criterion

EM Injection [12] CCD interface v X Near distances 50% ~ 94% * v
AdvLB [13] Spatial laser beam X X 77.43% ~ 100% ? X
CamData Lane [14] Camera data lane X v Camera interface 89.2% ~ 96% ¢ —
RS Backdoor Attack [18] CMOS dazzling v X 40% ~ 88% X/
Adversarial RS [19] CMOS dazzling v X ~ 84% xf
Our Attack Invisible AMOLS v X 85% ~ 98% ° v

“ Average performance from various viewpoints depending on the threat model. ? Depending on indoor or
outdoor attacks. ¢ Depending on the DNN model. ¢ Based on simulation study or physical-domain study.
¢ Depending on the observer zone location restriction (Figure 5)./ Designed to prevent visible flickering, although
the illumination source may be seen shining. RS—Rolling Shutter. X and v'represent whether the attacks target
the camera sensors to inject their perturbations, require physical access by the adversary, or satisfy the invisibility
criterion in the physical domain. — represents a designed attack assuming adversary physical access.
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Abstract: Emotion recognition in conversation (ERC) is an important research direction in
the field of human-computer interaction (HCI), which recognizes emotions by analyzing
utterance signals to enhance user experience and plays an important role in several domains.
However, existing research on ERC mainly focuses on constructing graph networks by
directly modeling interactions on multimodal fused features, which cannot adequately
capture the complex dialog dependency based on time, speaker, modalities, etc. In addition,
existing multi-task learning frameworks for ERC do not systematically investigate how
and where gender information is injected into the model to optimize ERC performance.
To address the above problems, this paper proposes a Hierarchical Graph Fusion for
ERC with Mid-Late Gender-aware Strategy (HGF-MiLaG). HGF-MiLaG uses hierarchical
fusion graph to adequately capture intra-modal and inter-modal speaker dependency and
temporal dependency. In addition, HGF-MiLaG explores the effect of the location of gender
information injections on ERC performance, and ultimately employs a Mid-Late multilevel
gender-aware strategy in order to allow the hierarchical graph network to determine the
proportion of emotion and gender information in the classifier. Empirical results on two
public multimodal datasets(i.e., IEMOCAP and MELD), demonstrate that HGF-MiLaG
outperforms existing methods.

Keywords: emotion recognition; hierarchical graph fusion; mid-late multilevel gender-aware
strategy; multi-task learning

1. Introduction

With the rapid development of Al technology, the application of emotion recognition in
conversation (ERC) in human-computer interaction (HCI) has gained widespread attention.
ERC technology is capable of recognizing the emotion of speakers by analyzing signals
(i.e., audio, video, text, etc.) in utterance. By recognizing and responding to emotional
state of users, machines can provide a more personalized and empathetic interaction
experience, deepening the human emotional connection between humans and machines,
thus enhancing user experience [1,2]. Additionally, ERC has played a significant role in the
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fields of opinion mining in social media [3], doctor-patient interaction in clinical practice [4],
depression diagnosis [5], and electronic learning environments [6].

In ERC, understanding and utilizing contextual information is particularly
important [7]. Capture of speaker dependency and temporal dependency can provide
rich contextual understanding. Speaker dependency refers to emotional interactions be-
tween individuals in a conversation [8]. This dependency includes changes in not only
the individual’s own emotional state, but also emotional interactions between different
speakers. For example, as shown in Figure 1, an example of intra-speaker dependency is
that in u7, the son expresses frustration, an emotional state that may have been influenced
by his own previous utterances (u3, u5). An example of inter-speaker dependency is that
in ul0, the son expresses concern about his mother’s angry feelings, which may have been
influenced by his mother’s angry utterance in u8 and u9. Temporal dependency involves
changes in emotional states over time in a conversation. Past utterance influences the
trajectory of future utterance, and future utterance may fill in missing information in the
past utterance [9]. For example, as shown in Figure 1, ‘frustrated” in u5 is influenced by
‘sad” in u4, and it is also supplemented by the information of the emotion state of ‘sad” of
ub6 at the next time step. Therefore, the ability to adequately capture speaker dependency
and temporal dependency in a conversation is crucial to improve the performance of ERC.
HiGRU [10] combined attention and recurrent neural networks to capture neighboring
utterance through three main components, but it failed to take speaker dependency into
account. To this end, DialogueGCN [11] captured inter-speaker dependence and intra-
speaker dependence through a graph network, but it used only textual information and
failed to take full advantage of complementarities between different modalities of infor-
mation, which led to poor performance in complex emotion recognition tasks. Therefore,
researchers started to focus on how to integrate information from different modalities
using graph networks, proposing cross-modal multi-head attention mechanisms [12,13]
and cross-modal feature complementation [14]. However, existing approaches mainly
focus on fusing multimodal features and directly modeling the relationships, which cannot
adequately capture speaker dependency and temporal dependency within and across
modalities. This may lead to a degradation of the overall performance of the model when
there are differences in the quality of information across unimodality.

Additionally, adding auxiliary tasks to ERC can improve the performance of the
model significantly. Existing multi-task learning, such as the auxiliary tasks in speaker
recognition [15], emotion shift detection (ESD-ERC model) [16], facial expression perception
(Facial MMT framework) [17], provided additional supervised signals to the ERC model, which
helped to improve the model’s understanding and prediction of emotional states. However,
most multitask learning fails to utilize gender information effectively, or does not systematically
examine how and where gender information is injected into the model to optimize ERC
performance. Studies have shown that males and females differ in emotion expression, and
these differences are not only reflected in the audio characteristics of speech, such as pitch,
intensity, and sound quality, but may also affect the accuracy of emotion recognition [18].
Ignoring gender information can lead to models that fail to model individual differences
effectively, thus affecting the personalization and accuracy of emotion recognition.

To address these limitations, this paper introduces Hierarchical Graph Fusion and Mid-
Late Gender-aware Strategy (HGF-MiLaG). HGF-MiLaG captures the emotional dynamics
of a conversation by constructing Hierarchical Fusion Graph in order to enhance the
model’s understanding of semantics and emotions. Specifically, the hierarchical fusion
graph is constructed by first constructing unimodal graphs for each modality to capture
intra-modal dependency, and then building multimodal graph that enables inter-modal
information integration and capture inter-modal speaker dependency, the combination of
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which is the basis of the hierarchical graph fusion strategy. For the construction of each
graph, we model conversations with the help of directed graphs in order to model speaker
dependency and temporal dependency. Each node in the graph represents a utterance and
the edges represent dependency between utterances. We input the built graph into a graph
convolutional network [9] to propagate contextual information. Meanwhile, to address the
problem of ignored gender information, we introduce the Mid-Late multilevel gender-
aware strategy, and the gender prediction subtask was designed as an auxiliary task to
enhance contextual understanding and individual difference recognition for emotion
recognition. Considering that mid-stage fusion with feature interaction and fusion at the
middle layer of the model can more utilize complementary information between tasks
effectively, while late-stage fusion can fuse data from different tasks flexibly. Therefore, in
the process of optimizing the multitasking mechanism, we propose an innovative approach
of injecting gender-auxiliary information into both the unimodal graph structure with
speaker dependency and temporal dependency (mid-stage), and the multimodal graph
structure (late-stage), in order to allow the hierarchical graph network to decide how
much gender and emotion information to use.

@*&H@ﬁ m@w@

I don't know the meaning of it. But, I know one thing Sad
Mom, we made a terrible mistake with Dad. ‘.-
Sad
u What?
| O
Influenced Being dishonest with him. I mean, that sort of thing always Frustrated
by past pays off and now it's paying off. 3 4aGEEE

Sad
e U4 | What you mean dishonest?

You know that Larry's not coming back and I know it. Why

Influenced Frustrated

by future do we allow him to go on thinking that we believe with him? | { 25 <a°E
Sad G o Intra-speaker
.‘) Us ‘What do you want to do? Argue with him? depe nF():I ency
No, I don't want to argue with him, but it's about time he Frustrated
realized that nobody believes Larry's alive anymore? u;z O
N Why shouldn't he dream of him and walk the nights
8Ty waiting for him? Do we contradict him? Inter-speaker
'0‘, dependency
Do we say straight out that we don't have any hope
ADELY Uy | | anymore? That we haven't had hope for years now?

You can't say that to him. 737
sad : s Q|
D u11/; We've got to say it to him.

Figure 1. Example of a multimodal dialog scene: The dialog is drawn from textual, audio, and visual
modalities. The dialog demonstrates the complexity of communication and emotional relationships
faced by the mother and the son when dealing with the loss of a loved one as an intra-familial issue,
reflecting speaker-dependent and temporal-dependent relationships.

In particular, it should be noted that due to the involvement of gender labels, we need to
face up to the potential bias brought about by the use of gender information for modelling.
In the data processing process, if there is gender imbalance in the training data or under-
representation of emotion data of certain genders, it may lead to bias in the learning process
of the model, which in turn may lead to unfair results in practical applications. For example,
if the amount of female emotion data is much larger than that of male, the model may identify
female emotions more accurately, while the judgement of male emotions is biased. Therefore,
in subsequent studies, we will always be highly cautious to circumvent potential biases and
ensure the fairness and social value of the model.

General speaking, our main contributions and innovations of this work are as follows:

1. Hierarchical graph fusion: In order to capture and integrate complex dependency
in multimodal data, we propose a hierarchical graph fusion strategy. This strategy first con-

159



Sensors 2025, 25,1182

structs three unimodal graphs to capture speaker dependency and temporal dependency
within modalities, and then constructs a multimodal graph to represent inter-modal de-
pendency, which ultimately enhances the model’s ability to recognize emotionally relevant
features, and provides a richer and more dynamic perspective for the ERC task.

2. Mid-Late multi-Level gender-aware strategy: In order to improve the accuracy
of the model in emotion node classification and prediction tasks, we adopt a Mid-Late
multi-level gender-aware strategy approach to inject gender information. Taking into
account the advantages of the Mid-Late fusion strategy that feature interaction and fusion
at the middle layer of the model can utilize the complementary information between tasks
more effectively, and the late-stage fusion that can flexibly fuse the data from different
tasks, we finally adopt the simultaneous injection of gender-auxiliary information in both
the unimodal graph structure with speaker-dependent and temporal-dependent features
(mid-stage) and the multimodal graph structure (late-stage) to improve the model’s perfor-
mance on a emotion classification task. We further explore the effect of the location of gender
information injection on ERC performance in Section 5, and the results corroborate our ideas.

We evaluated the proposed model on the IEMOCAP and MELD dialog datasets and com-
pared it with existing methods. The experimental results show that the model has competitive
performance over the chosen competitors on both datasets. The rest of the paper is organized
as follows: we present related work in Section 2. The details of our proposed methodology
are given in Section 3. The experiments are detailed in Section 4. Results and discussions are
presented in Section 5, and Section 6 briefly summarizes our work.

2. Related Works
2.1. Graph Neural Network

In the field of conversational emotion recognition, graph neural networks (GNNs)
provide a powerful framework for modeling speaker dependency in conversations due
to their excellent relational modeling capabilities. Ghosal et al. [11] applied graph neural
networks to ERC for the first time by proposing the DialogueGCN model, which solved
the context propagation problem that existed in recurrent neural network (RNN)-based
models. However, the method mainly focused on textual information and does not integrate
multimodal data. To solve this problem, Hu et al. [12] proposed a multimodal graph
convolutional network (MMGCN) based on DialogueGCN, which improves the accuracy
of emotion recognition by exploiting the dependency between modalities. However,
MMGCN crudely connected the utterance to all other utterances within the modality,
which brought additional noise. For this reason, Li et al. [19] proposed a novel multimodal
fusion method (GraphMFT) based on graph neural networks, which reduced the noise by
constructing multiple heterogeneous graphs and introducing an improved graph attention
network. However, the above GNN-based method establishes utterance dependency under
a fixed window and thus tends to over-consider contextual information that is weakly or
irrelevantly related to the current utterance. Therefore, Gan et al. [20] proposed a model for
recognizing emotions in conversations using graph neural networks, supplemented with
novel context filters and feature correction mechanisms, which yielded superior performance
in the task of conversational emotion recognition. The graph neural network model of HAM-
GNN proposed by Fu et al. [21] efficiently models conversational behavior labels by capturing
interactions between speakers and contextual semantics, enabling efficient conversational
behavior classification. It can be concluded that graph neural networks (GNNs) have made
significant progress in the field of ERC. In this paper, we propose the hierarchical graph fusion
strategy to adequately capture intra-modal and inter-modal dependency.
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2.2. Multi-Task Learning

Multi-task learning is an efficient machine learning strategy [22] that enhances the
generalization ability of a model by training multiple related tasks simultaneously. The
core advantage of this approach is the ability to share knowledge points and utilize the
correlation between tasks to enhance the learning efficiency of each task. Ruder [23] pointed
out that the use of a multi-task learning approach can simultaneously optimize multiple
emotion-related subtasks during the training process, which not only helps to reduce the
overfitting problem of the model, but also improves the recognition effect. In addition,
collaboration between the tasks also promotes complementary information between modal-
ities and effectively avoids affecting the performance of the whole model due to insufficient
data or noise in one modality [24]. A typical example is the multimodal emotion recogni-
tion model based on multi-task learning proposed by Wang et al. [25], which improved
modal fusion by setting auxiliary tasks to learn more emotionally inclined visual and
audio representations. Xue et al. [26] investigated and proposed a self-supervised dynamic
fusion model for multi-task multimodal interactive learning, centered on text modality
and supplemented by audio modality and video modality, using distribution similarity
loss function and heterogeneity loss function to learn commonality characterization and
characteristic characterization of modalities. Based on this, multi-task learning is used to
obtain the consistency and difference characterization of the modalities. These studies have
fully demonstrated the potential of multitask learning in multimodal emotion recognition.
In this paper, we further introduce a multitask learning module for Mid-Late multilevel
gender-aware strategy to enhance contextual understanding and individual difference
recognition for emotion recognition, thus further improving the performance of the model.

2.3. Auxiliary Information Fusion

Individual difference modeling is one of the key directions for optimization of ERC,
which belongs to the subtask of auxiliary information fusion [27]. In the process of indi-
vidual difference modeling, the location factor of fusion is crucial, and different fusion
locations can significantly affect the model performance. Depending on the location of
the fusion, the research methods are primarily divided into early-stage fusion, mid-stage
fusion, and late-stage fusion.

Early-stage fusion strategies mainly inject auxiliary information at the input layer [28].
For example, in the field of multimodal emotion analysis, research in Tian et al. [29] im-
proved model performance by incorporating weakly labeled emotion information based on
emoji filtering into word vector representations and introducing external feature extraction
algorithms. This approach simplifies the subsequent processing by merging data from
different modalities right at the data preprocessing stage. However, the disadvantage of
early-stage fusion is that it may lead to under-modeling of high-dimensional feature space
and complex relationships between modalities [30]. Late-stage fusion strategies merge in-
formation from different tasks in the final stage of the model. For example, Zadeh et al. [31]
proposed the Multi-Attention Recurrent Network (MARN). MARN recognizes emotions
by merging information from different modalities in the final stage of the model. The
disadvantage of late fusion is that it may not adequately capture information about inter-
actions between different modalities because each modality is processed independently,
which may lead to information loss [32]. The mid-stage fusion strategy, on the other hand,
performs feature interaction and fusion at the middle layer of the model [31]. Wu et al. [33]
proposed a multimodal emotion recognition method based on the assistance of affective
information, which simultaneously improves the performance of emotion classification
and emotion recognition tasks by means of joint learning. Specifically, the method encoded
modality internal information through a private network layer and achieved mid-stage
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fusion by jointly learning the main and auxiliary tasks through a shared network layer. The
mid-stage fusion strategy provides a way to balance the disadvantages of early-stage and
late-stage fusion due to its ability to perform feature interaction and fusion at the middle
layer of the model, which can utilize the complementary information between the tasks
more effectively, improving the accuracy and robustness of emotion recognition.

Therefore, in the process of optimizing the multitasking mechanism, we propose an
innovative approach of injecting both gender-auxiliary information into the unimodal graph
structure with speaker dependency and temporal dependency (mid-stage) and the multimodal
graph structure (late-stage), which is done in order to allow the hierarchical graph network to
decide on the proportion of gender information and emotion information utilized.

3. Method

This section describes the proposed method in this paper in detail. The overall architecture
of our method is shown in Figure 2, including context encoding, construction of hierarchical
graph based on graph networks, injection of gender information and emotion prediction.

______________ =
—— intra-speaker \
-- inter-speaker |
— past-future
— future-past

Speaker1
Speaker2

I A (S

Figure 2. The overall architecture of the proposed HGF-MiLaG, including context encoding, creation
of hierarchical graph based on graph networks, auxiliary tasks gender information injection and
emotion prediction.

3.1. Task Definition

In the ERC scenario, each dialog contains M utterances {u1,uy,...,uy}, and each
utterance incorporates information from three modalities: audio (uf), text (uf), and video
(u7). The core task of ERC is to assign each utterance in the dialog a emotion label
{y1,Y2, ..., ym}. Our model exploits the speaker dependency and temporal dependency
within and across modalities, and proposes a hierarchical graph fusion strategy. In ad-
dition, in order to improve the accuracy of emotion recognition, a Mid-Late multilevel
gender-aware strategy is adopted to incorporate gender information as an auxiliary task in
the model training.

3.2. Unimodal Feature Extraction

AUDIO: We used the OpenSmile toolkit and its IS10 configuration [34] for audio
feature extraction. During feature extraction, the window length was set to 25 ms, the step
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size to 10 ms, and the frames were windowed using a Hamming window. Finally, the
acoustic features of each speech are represented as a 1582-dimensional feature vector.
TEXT: We use RoBERTa model [10] to extract the context independent utterance level
feature vector. Specifically, we fine-tune the RoBERTa Large model so that each utterance
can be generated by the model as a 1024-dimensional feature vector representation.
VISUAL: In line with previous methods [35], we extract visual features using the
DenseNet model [36] to generate a feature vector of dimension 342 for each utterance.

3.3. Hierarchical Graph Fusion
3.3.1. Context Encoding

To obtain the contextual information of each modality, we refer to DialogueGCN [11]
and use bidirectional gated recurrent unit (GRU).

utv) ﬁ( (atv atv)) )

(£1)

(a,t,0)

where u; is the context-independent feature representation of utterance i from the

(ato

audio, textual, and visual modalities, respectively. h; ) denotes the sequential contextual

utterance of the output of each modal encoder.

3.3.2. Hierarchical Fusion Graph Construction

We construct directed graphs for each modality to dynamically capture speaker depen-
dency and temporal dependency between utterances. A conversation with M utterances
is represented as three unimodal graphs G(@4?) = (V(ato) glato) T(ate)y where V(@t0)

stands for vertices, £ (@1?) (at,0)

stands for edges, and T stands for edge types.

Vertex: Each utterance in a conversation contains three modalities, so each utterance
is represented as a vertex Ugﬂ’t’v) € V(@t2) in the directed graph of audio, textual and visual
modalities, respectively. Where each vertex is initialized with the feature vector hga’t’v)
encoded in the corresponding context.

Edge: In a graph, an edge represents a connection between vertices. In our model, it is
assumed that each utterance in a set of conversations has a direct dependency on all other
utterances in the conversation, i.e., a conversation is constructed as a fully connected graph.

Edge Types: In dialog analysis, the connectivity relations between edges need to be
considered in terms of speaker dependency and temporal dependency. Specifically, speaker
dependency includes intra-speaker (S;,++,) dependency and inter-speaker (S;;s.,) depen-
dency. In this paper, only two speakers (s1 and s2) are considered for conversational emo-
tion recognition, so there are four relationship types for speaker dependency;, i.e., speaker 1
self-dependency, speaker 2 self-dependency, speaker 1’s dependency on speaker 2, and
speaker 2’s dependency on speaker 1. Temporal dependency considers the order in which
utterance appears in a conversation, i.e., there are two types of relations: dependency
of present utterance on future utterance and dependency of future utterance on present
(@h0) ¢ € (0,1) to encode speaker dependency in three unimodal graphs:

ij
when there is some speaker dependency between two vertices, zx(j o)y
(at0) .
@ ;

modality there are at most 8 different relation types 7

utterance. We use «;
is 1; otherwise,

is 0. Similarly, we encode the temporal dependence by ﬁl('; A7) € (0,1). Thus for each
(ato) — (“Z(,q,t,v)/ ‘Bl(q,t,v))'

Graph Transformer: We introduce the Graph Transformer model f37] to update the
feature vectors of vertices and the weights of edges in unimodal graphs to obtain speaker-
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dependent and temporal-dependent vertex features. The model incorporates the classical
multi-head attention mechanism, making it applicable to graph-structured data.

h§u,t,v)l _ Wl(a,t,v)hga,t,v) + I\}l Z Z el]atv) W(a t v)h(a t,0) @)
T €T jeN;

where W(a’t’v) is the trainable matrix, N7 denotes the total number of relation types of

T(‘Z to) | is the attention coefficients

computed by the multi-head dot product attention mechamsm.

edges, N; denotes the total number of utterances, and 6,

(at0) (Wéa,t,v)hl(a,t,v) ) T (Wia,t,v) h](a,t,v) )
6; j = Softmax Yo .

where D is the dimension of the model.

Inspired by the studies of Chudasama et al. [37] and Deng et al. [38], we introduce
a multi-modal cross-modal attention mechanism to fuse three unimodal features. The
multimodal feature is finally represented by H,.

Similar to the construction of per-modal graphs, we utilize the output multimodal
feature representation Hy, to construct the multimodal graph structure G" = (V", €™, T™)
via speaker dependency and temporal dependency, where V" are the nodes, £ are the
edges, and 7™) are the type of relationship of the edges. Our goal is to utilize the graph
structure to more fully integrate the multimodal features of different information dynamics.

Based on the multimodal graph construction, we utilize the graph convolutional
network RGCN to deal with different types of relationships between different types of
interactions such as intra-speaker and inter-speaker interactions. The capability of RGCN
lies in its ability to learn unique representations of different types of relationships, which
provides richer contextual information for our model.

First, the multimodal feature representation H,, is input to the RGCN, which combines
information from neighboring nodes as well as specific relationship types to update the
feature representation of a node.

h" = h" + W 4
i Broot - T;]_]g%() ‘N( ) ) ( )
where o0t is a learnable parameter of the RGCN for combining the features of the node
itself and its neighboring nodes. N(i) is the set of neighboring nodes of node i under
relation type 7. ¥; is the learnable weight matrix associated with relation type 7. o(.) is the
ReLU activation function.

After RGCN processing, we use the Weisfeiler-Lehman algorithm [39] to further refine
and summarize graph-related features. The WL algorithm encodes the topology of the graph
by iteratively updating the feature representations of the nodes, thus generating a feature vector
for each node containing information about the global graph structure. The WL processing can
increase the model’s ability to perceive the overall structure of the graph.

— ( ) m/ m/
m; = Wygle - B+ Wag 2 wi - I ®)
JEN(i)
where w; ; is the edge weight from source node j to target node i.

3.4. Mid-Late Gender-Aware Emotion Feature Classifier

In this section, we introduce a gender prediction task that aims to integrate gender
information as an auxiliary feature into our model. The goal of the auxiliary task is to predict
the gender attributes of the dialog participants, thus enriching the model’s understanding
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of user characteristics. In this way, our model is able to more accurately capture and
reflect gender-related emotional features in conversations, which ultimately improves
the accuracy of the model’s main task of emotion recognition. To achieve this goal, we
design a multi-task learning framework [23] inspired by existing hard parameter sharing
strategies [40] and customized for our research goals. In particular, we adopt a Mid-Late
multilevel gender-aware approach to inject gender information, which is a way to improve
the performance of the model’s emotion classification task by simultaneously injecting
gender-auxiliary information in both the speaker-dependent and temporal-dependent
unimodal graph structure (mid-stage), and in the fused multimodal graph structure (late-
stage). Based on this, we constructed a lightweight multi-task GNN model, HGF-MiLaG,
which shares all the convolutional layers between gender prediction and emotion prediction
tasks to improve the accuracy of emotion recognition.

3.4.1. Middle Gender-Aware Emotion Classifier

l(a,t,zz)’ of

each modal utterance are fed into respective mid-stage gender-aware emotion classifiers

In a unimodal gender-aware emotion classification task, feature vectors h

to predict emotion labels and gender labels. Specifically, the classifiers first compute the

unnormalized emotion or gender category labels C (@19) and ") via a ReLU activation

iemo igen
P(a,t,v)

function, and then apply a Softmax function to obtain the probability distributions P},
and P, Ultimately, the model selects the category with the highest probability as the

igen
. L~ (a,t,0) (a,t,0)
emotion or gender labels §; ) i gen

two tasks are represented as:

and 7 for each modal prediction. The features of the

clin) = ReLU(Weh™ +b,) ©)
Pi(,i’;’? = Softmax(ngCl(,g;f;g) + bpg) 7)
i = argmax(Pig) ®)
Clrt) = ReLU (Wgh(™™) 4 b, ) ©)
Pl = Softmax (Wpe Lo + byg) (10)
Tioen = argmax(Pigs”) (1)

a,to ato . . .
where Ci( o o) and Ci( gen ) denote the score vectors for emotion or gender categorization

after processing by ReLU activation function, Pi(,Z;Z:) and PI.EZ’;;U) are the obtained emotion
(a,tv) ~(a,t,0)

i,emo yi,gen
predicted by the model, which is the most probable category in the probability distribution.

and gender probability distributions, 7 and are the emotion and gender labels

3.4.2. Late Gender-Aware Emotion Classifier

To avoid omitting the initial multimodal representation information from the final
emotion output, the processed multimodal representation m; and the unprocessed multi-
modal representation h}" were concatenated together as a joint multimodal representation
input into a late gender-aware emotion classifier, going through the following steps:

m} = Concat(m;, h}") (12)
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M' = [m{,m}, ..., mj] (13)

In order to capture the temporal dynamics of emotions in the dialog, i.e., to take into
account the influence of the emotional dynamics of previous speeches on the emotions of
current speeches in the model, we constructed the module of temporal attention, and input
the feature sequences M’ into the formula of temporal attention to get the attention weights
¢™. After processing, the model can reflect the evolution and dynamics of the emotional
state in the dialog.

&M = softmax(m}T Wy )M’ - M'T (14)

where W), is a trainable weight matrix used to map features to a new space to capture
temporal relationships.
¢™ is fed into the multimodal classifier to obtain the multimodal part of the output

P, and Pi’,”gm.
Cl-r,rémo = ReLU(&"'m, + be) (15)
P = Softmax(WyeCll,.,., + bpe) (16)
Ity = RELU(E 0+ by) 7
Pien = Softmax(WyeCile,,, + bpg) (18)

p‘(a,t,v) P(a,t,v)

iemo i,gen
gender category obtained by the mid-state gender-aware emotion classifier as well as

Ultimately, the probability distribution for emotion category and for

the probability distribution P/, = for each emotion category and P{’ng for each gender

category obtained by the late-state gender-aware emotion classifier are combined as the
final prediction of each utterance’s emotion label or gender labeling tool.

Pi,emo = Pi’,rszzmo + Z 5kPi’femo (19)
ke{a,tv}

yi,emo = arg maX(Pi,emo) (20)

Pi,gen = PiTgen + E 5kpilfgen (21)
ke{atv}

]?i,gen = arg maX(Pi,gen) (22)

where §; .,, and i,gen are the emotion and gender labels predicted by the utterance u;
respectively. d; 1, is a pre-determined hyperparameter.

In the Mid-Late multilevel gender-aware strategy, the model learns both emotion and
gender features simultaneously by jointly optimizing the loss function, and the parameter
update of the model is guided by the jointly optimized loss function, which enables the
model to capture the complex interactions between the gender features and the emotion
expression, and thus largely improves the overall performance of HGF-MiLaG.

3.4.3. Loss Function

Throughout the process, we use a single loss function to train all classifiers simul-
taneously. Given that categorical cross-entropy is well-suited for classification tasks and
L2 regularization helps mitigate overfitting [41], we employ categorical cross-entropy as
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the loss function and incorporate L2 regularization to train our model in an end-to-end
manner via backpropagation. Since there is a gender task involved, the total loss function is
the sum of the loss functions of the gender classification task and the emotion classification
task. It is composed as:

Loss = & - Lossemo + fB - LOSSgen (23)

where « is the weight of emotion information and f is the weight of gender information,
the sum of the weights is 1. The weights of the two pieces of information are determined
through a hierarchical graph network.

N
40, 1 o, 40,
Lossimg ™ = =~ Y log Pl - [yl | + All@]l2 (24)
i=1
LosSemo = Z O - Loss’;mo (25)
ke{at,om}
(a,t,0,m) 1 N (a,t,o,m) (a,t,0,m)
Lossgin™" = = Llog P [yietem] + Al (26)
=
Lossgen = Z Of Loss’éen (27)
ke{atom}
where N is the number of utterances in the conversation, yl(i;z;m) and yl(agér?:m) are the base

truth labels for a single emotion prediction or gender prediction task respectively. Specifi-
cally, y; = 1if the emotion or gender type of a sample utterance i belongs to the ith class,
and y; = 0 otherwise. A is the L2-regularity weight, @ is the set of trainable parameters,
and 6 and 0 are the weights of the respective modality (including multimodality) associated
with emotion and gender, respectively.

4. Experiment
4.1. Dataset

We evaluated our proposed HGF-MiLaG in two public datasets: IEMOCAP [42] and
MELD [43].

IEMOCAP: This dataset records the performances of 10 actors in 5 binary sessions
covering 12 h of audio-visual data as well as textual transcriptions. Each session involved
2 actors and was segmented into individual utterances. Each utterance was labeled with
one of the following six emotion labels: happy, sad, neutral, excited, frustrated, and angry.

MELD: This dataset is a large multimodal multi-party affective dialogue dataset that
contains more than 13,000 utterance fragments extracted from the classic American TV
show “Friends”, which are organized into approximately 1400 dialogues. Each utterance in
the dialog is labeled with one of the following seven emotions: neutral, anger, disgust, fear,
joy, sadness, surprise.

4.2. Baseline

To validate the effectiveness of our proposed hierarchical graph fusion with Mid-Late
gender-aware strategy, we compared it with several previous baselines. The baselines
include DiagueGCN [11], DiagueCRN [44], MMGCN [12], COGMEN [8], GraphCFC [14],
GA2MIF [13], GraphMFT [19], GCCL [45], and HiMul-LGG [46]. The details of these
models are shown below.

DiagueGCN improves the accuracy of emotion recognition by constructing a directed
graph to capture the dependency between individual speeches in a conversation, including
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inter-dependency and intra-dependency between speakers, and utilizing graph convolu-
tional networks to propagate the contextual information in these dependency.

DiagueCRN mimics unique human cognitive thinking by designing a multi-round
reasoning module in the cognitive stage to iteratively perform intuitive retrieval processes
and conscious reasoning processes, thus providing a deeper understanding of the conver-
sational context and identifying the key cues that trigger the current emotion.

MMGCN is a graph convolutional network model that fuses audio, visual, and textual
modalities to enable information interaction by constructing graphs and establishing inter-
modal edge connections, and injecting speaker embeddings to capture speaker dependency.
The model employs a spectral domain graph convolutional network and extends to deep
layers to enhance emotion recognition performance.

COGMEN is a cognitive graph-based emotion recognition model focused on mod-
eling the process of human emotion understanding. The model captures the emotional
dynamics in a conversation by combining local information (internal and external de-
pendency between speakers) and global information (conversation context) using Graph
Convolutional Networks (GCN) and Graph Transformers.

GraphCFC effectively mitigates the heterogeneity gap problem in multimodal fusion
by using multiple subspace extractors and the pairwise cross-modal complementation
(PairCC) strategy. By extracting multiple edges from the graph, the GNN can capture key
contextual and interaction information in the message delivery more accurately. In addition,
the model designs the GAT-MLP structure, which provides a new unified framework for
multimodal learning.

GA2MIF focuses on contextual modeling and cross-modal modeling by utilizing
multi-head directed graph attention networks (MDGATs) and multi-head paired cross-
modal attention networks (MPCATs), respectively, and is able to capture the long-term
contextual information within modalities and the complementary information between
modalities efficiently.

GraphMFT integrates data objects from different modalities by constructing a graph
that utilizes multiple improved graph attention networks to capture intra-modal contextual
information and inter-modal complementary information.

GCCL is a multimodal emotion recognition framework that captures speaker, tem-
poral, and inter-modal dependency and integrates multimodal information through a
graph-based module. The framework includes a emotion consensus learning unit and a
consensus-aware unit with an attention mechanism that ensures individual diversity and
inter-modal semantic consistency as well as maintains category-level semantic associations
across samples.

COLD Fusion quantifies modality-specific probability or data uncertainty to predict
emotion through calibration and ordinal latent distribution fusion. It learns unimodal tem-
poral contextual latent distributions by limiting variance and designs softmax distribution
matching loss for uncertainty-weighted fusion. The method significantly improves the
generalisation performance and robustness of emotion recognition on multiple datasets.

HiMul-LGG employs a hierarchical decision fusion strategy to ensure cross-modal
feature consistency and a local-global graph neural network architecture to enhance inter-
modality and intra-modality speaker dependency. In addition, HiMul-LGG utilizes a
cross-modal multi-head attention mechanism to facilitate inter-modal interactions.

4.3. Experiment Setup

In this study, all experiments were run on NVIDIA GeForce RTX 4060 laptop Gpus
(NVIDIA Corporation, Santa Clara, CA, USA). The training framework uses PyTorch 2.5.1
(developed by Facebook AI Research Team), Python version 3.9.0, CUDA Toolkit
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version 12.4 (NVIDIA Corporation, Santa Clara, CA, USA). During training, the Adam
optimizer is used to train our network with the dropout rate of 0.1 and the learning rate
set to 0.0003. And the batch size is set to 32 for all datasets. For context encoding, the
number of units of the GRUs used is set to 160. The hidden dimension of the hidden layer
of the hierarchical fusion graph and the hidden dimension of the temporal attention are
also set to 160. The weights of the emotion information and the gender information are
set to 0.7 and 0.3, respectively. The pre-determined hyper-parameters &, are 0.1, 0.7,
and 0.2, respectively. Our evaluation method is the same as that of the chosen baseline
article method, where the weighted average F1 scores and the average accuracies are used
to evaluate the performance of HGF-MiLaG.

5. Results and Discussion

In this section, experimental results will be reported to evaluate the proposed HGF-
MiLaG. Firstly, an overall comparison of HGF-MiLaG with all baseline methods will be
made. Then, the effects of different components in the ablation experiments on HGF-MiLaG
are discussed. Further, we specifically discuss the effect of injecting gender information
at different locations on the effectiveness of model implementation. Next, we explore the
effects of different time window settings on HGF-MiLaG. Finally, we also performed an
error analysis of our method.

5.1. Comparison with Baseline Models

Our model obtained optimal weighted average F1 scores on both the IEMOCAP
and MELD datasets. Table 1 compares the experimental results of HGF-MiLaG with
other baseline models (mentioned in Section 4.2). As can be seen from Table 1, for the
IEMOCAP dataset, the accuracy and F1 score of HGF-MiLaG are 70.98% and 71.92%, respec-
tively, which are 0.86% and 1.11% more accurate than the current state-of-the-art models
HiMul-LGG and GCCL, respectively, and the F1 scores are 0.80% and 1.73% more accurate,
respectively. In addition, we show the corresponding F1 scores for each emotion label in
detail in the table, and HGF-MiLaG shows significant improvement on the emotion label
of Happy. Notably, the F1 scores of HGF-MiLaG are significantly higher than the current
state-of-the-art models GCCL and AVL COLD Fusion for all six emotion categories.For
the MELD dataset, the accuracy and F1 scores of HGF-MiLaG are 66.22% and 65.26%,
respectively, and similarly, compared to the accuracies of HiMul-LGG and GCCL models
by 0.01% and 3.40%, respectively, and F1 scores by 0.08% and 4.98% over the HiMul-LGG
and GCCL models, respectively.

Based on these results, the HGF-MiLaG model exhibits superior performance on both
datasets, which is mainly attributed to the synergistic effect of hierarchical graph fusion
and Mid-Late multilevel gender-aware strategy. The hierarchical graph fusion strategy
effectively captures speaker dependency and temporal dependency within and across
modalities by constructing unimodal and cross-modal graph structures. This enables the
model to better understand the complex modal relationships and temporal dynamics in
emotional expressions. The Mid-Late multilevel gender-aware strategy further enhances
the model’s contextual understanding of emotion recognition and its ability to recognise
individual differences by simultaneously injecting gender-auxiliary information in both
the middle and late stages of the model. Gender plays a key role in emotion expression,
and there are often differences in the way males and females express their emotions. By
introducing gender information, the model is able to better distinguish these differences,
thus improving the overall recognition accuracy. The combination of these two approaches
enables the model to not only capture rich modal and temporal information, but also deeply
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understand gender differences in emotion expressions, thus achieving better performance
in complex emotion recognition tasks.

Table 1. Comparison with the baseline model: assessment metrics include Acc., F1 and Wa-F1,
representing accuracy (%), F1 score (%) and weighted average F1 score (%), respectively. The best
performance is indicated in bold.

IEMOCAP MELD
Model Ha Sad Neutral A Excited  Frustrated
ppy a eutra ngry xcite rustrate ~ :
F1 F1 F1 F1 F1 F1 Acc. Wa-F1 Acc. Wa-F1
DiagueGCN 41.28 82.52 64.33 65.18 73.18 64.46 66.85 66.78 59.58 58.17
DiagueCRN 53.23 83.37 62.96 66.09 75.40 66.07 67.16 67.21 61.11 58.67
MMGCN 37.61 79.84 62.26 74.29 75.00 63.68 67.28 66.67 61.07 57.33
COGMEN 51.90 81.70 68.60 66.00 75.30 58.20 68.20 67.60 -
GraphCFC 43.08 84.99 64.70 71.35 78.86 63.70 69.13 68.91 61.42 58.86
GA2MIF 46.15 84.50 68.38 70.29 75.99 66.49 69.75 70.00 61.65 58.94
GraphMFT 45.99 83.12 63.08 70.30 76.92 63.84 67.90 68.07 61.30 58.37
GCCL 54.05 81.10 70.28 68.21 72.17 64.00 69.87 69.29 62.82 60.28
AVL COLD Fusion 43.70 60.20 48.90 58.40 61.60 57.90 82.70 55.10 - -
HiMul-LGG 53.95 79.92 71.66 67.56 72.00 68.46 70.12 70.22 66.21 65.18
HGF-MiLaG 59.16 83.94 70.60 68.60 74.20 66.21 70.98 71.02 66.22 65.26

5.2. Ablation Study

To better understand the role of our model components, we performed ablation
experiments on key components of HGF-MiLaG. The results are shown in Table 2.

Effect of MiLaG. We first explored the impact of the Mid-Late multilevel gender-aware
strategy on the model’s emotion categorization task. For this purpose, we removed the
gender-auxiliary information injection module, and what can be seen is that the accuracy
decreased by 1.11% and the F1-weighted average score by 1.01% in the IEMOCAP dataset,
and the accuracy decreased by 0.31% and the F1-weighted average score by 0.35% in the
MELD dataset. Introducing gender-auxiliary information can provide the model with
additional a priori knowledge to help it better capture individual differences in emotion
expression. This strategy can enhance the model’s contextual understanding of emotion
recognition and make it more accurate in handling emotion classification tasks. This fully
demonstrates the effectiveness of introducing gender-auxiliary information in ERC. It can
enhance the model’s contextual understanding of emotion recognition and individual
difference recognition.

Impact of the MG. We then explored the impact of multimodal graphs on the model
emotion classification task. For this purpose, we removed the multimodal fusion graph and
relied solely on the three unimodal graph classifiers for emotion classification, in which
case we can see a decrease of 5.55% in accuracy and 5.57% in Fl-weighted average score
for the IEMOCAP dataset, and a decrease of 0.58% in accuracy and 0.37% in F1-weighted
average score for the MELD dataset. The reason for this is that there is complementarity
and correlation between different modes, for example, intonation and rhythm of speech
can enhance the intensity of emotion in text, while visual information (such as facial
expressions) can further assist the recognition of emotion. As an effective intermodal
information integration tool, multimodal graph can fuse information of different modes
and capture intermodal speaker dependency and temporal dependency. This cross-modal
fusion can make up for the deficiency of unimodal information and improve the accuracy
and robustness of emotion classification. The fact that the classification performance
decreases drastically proves the effectiveness of the multimodal map and the introduction
of the multimodal map, which enables cross-modal information integration and thus
captures inter-modal speaker dependency and temporal dependency.
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Impact of UG. another core of HGF-MiLaG is the unimodal graph. It is responsible for
modeling intra-modal speaker dependency and temporal dependency. For this reason, we
removed the three unimodal graphs, and the final emotion classification results were deter-
mined by the multimodal classifier only, as can be seen by the fact that in the [IEMOCAP
dataset, the accuracy was reduced by 1.97% and the F1-weighted average score by 1.93%,
and in the MELD dataset, the accuracy was reduced by 0.19% and the F1-weighted average
score was reduced by 0.51%. According to the dynamic theory of emotion, the expression
and transmission of emotion are sequential and dependent. Unimodal graphs can capture
this dynamic change of emotion by modeling the temporal dependencies within the modes.
In addition, modeling speaker dependence can further enhance the accuracy of emotion
recognition, since the emotional expression styles and habits of different speakers may
differ. The effectiveness of the unimodal graph lies in its ability to dig deep into the complex
relationships within the modes and provide richer semantic and structural information for
emotion classification. This demonstrates the validity of the unimodal graphs.

Table 2. Ablation experiments of HGF-MiLaG: assessment metrics include Acc. and Wa-F1. The best
performance is indicated in bold.

IEMOCAP MELD
Method
Acc. Wa-F1 Acc. Wa-F1
HGF-MiLaG 70.98 71.02 66.22 65.26
w/o MiLaG 69.87 70.01 65.91 64.91
w/o MG 65.43 65.45 65.64 64.89
w/o UG 69.01 69.09 66.03 64.75

5.3. Comparison with Different Position of Gender Injection

In this section, we explore the effect of the location of gender injection on the IEMOCAP
dataset, i.e., early, middle, late, and mid-late injection, on the model performance. The
results in Table 3 clearly show that injecting gender information in the Mid-Late stage
significantly improves the accuracy and weighted F1 scores of the model. Specifically, the F1
scores of injecting gender information in the Mid-Late stage are improved by 1.33%, 1.38%,
and 1.81% compared to the F1 scores of injecting gender information in the early, middle,
and late stages, respectively. This is due to the unique advantages of Mid-Late multilevel
gender aware strategies: Middle stage fusion excels in capturing information about mid-
level associations between different modalities, effectively balancing the advantages and
disadvantages of early and late fusion. While early fusion facilitates the integration of
information at the initial stage, it may lead to information loss or excessive smoothing due
to premature merging of features from different modalities. On the other hand, late fusion
allows for more flexible processing of data from different tasks in later stages of the model,
but may not effectively capture inter-modal associations. The Mid-Late multilevel gender-
aware strategy exploits mid-level correlation information by combining the advantages of
middle stage fusion and late stage fusion, while maintaining the flexibility and robustness
of late-stage fusion. This multilevel gender-aware strategy ensures that the model can better
adapt to the complexity of multimodal data, thereby improving its overall performance.

To better understand the effect of gender injection location on the model, we used
t-SNE to visualize the potential representations learned by different gender information
injection locations on the IEMOCAP test set. Figures 3a—c show the visualization results for
gender information injected alone in the early, middle, and late stages, respectively, and
Figure 3d shows the visualization results for gender information injected simultaneously in
the middle and late stages. Compared with injecting gender information at early, middle,
and late stages, our Mid-Late multilevel gender-aware strategy has significantly optimized
the clustering of the same emotional category and increased the distance and clarity of
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boundaries between different emotional categories. Specifically, the representations of
sad and happy are clearly distinguishable. Moreover, the overlapping areas of excited,
frustrated, and neutral with other emotional categories have been significantly reduced.
These results show that MiLaG is able to learn structured representations with clustered
levels, improving the model’s ability to recognize emotion categories.

Table 3. Comparison of effects across different gender injection locations on the IEMOCAP dataset.
The best performance is indicated in bold.
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Figure 3. T-SNE visualization of the learned features using different methods on the IEMOCAP test
set. In these figures, we use blue, green, red, purple, brown and pink to represent happy, sad, neutral,

anger, excited and frustrated, respectively.

5.4. Effect of Window Size
In this section, we discuss the effect of different window sizes on the performance of
HGF-MiLaG. Figure 4a,b show the changes in accuracy and weighted F1 values of HGF-MiLaG
corresponding to different window sizes on the IEMOCAP and MELD datasets, respectively.
IEMOCAP dataset sees a trend that both F1-w scores and accuracy rates show an
increasing and then decreasing trend. The highest values of both F1-w score and accuracy are
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reached at a window size of 10, both of which are 0.712. while the lowest values of these two
metrics are found at window sizes of 0 and 1, which are about 0.679 and 0.677, respectively.
the model performance is best at a window size of 10. The model’s performance first improves
as the size of the contextual window increases, but beyond a certain size, the effect of the
model’s enhancement gradually diminishes, the even to the point of showing a downward
trend. The possible reason for this is that shorter context windows cannot capture these
long-term dependency, while longer windows help the model to capture these dependency,
but beyond a certain length, the increased context information may contain too much noise or
irrelevant data, which in turn reduces the model’s recognition ability. Specifically, the optimal
window on the IEMOCAP dataset is 10.

The same phenomenon also occurs in the MELD dataset, but with a lower degree
of variability and more volatility, where the optimal window is 12. The F1-w scores and
accuracy of HGF-MiLaG fluctuate over a small range with window size, and the overall
scores are low.The F1-w scores do not vary much between a window size of 0 and 20, with
the highest value being about 0.651 and the lowest about 0.645.The accuracy similarly does
not vary much between a window size of 0 and 20, with the highest value being about
0.664 and the lowest about 0.657.This indicates that in the second graph, the window size
has less effect on the model performance and the performance is more stable. The possible
reason for this variability is that the MELD dataset is constructed based on dialogues from
the Old Friends TV series, where some of the neighboring utterances are not contiguous
in the actual scenarios, making the results somewhat uncertain and requiring longer
distances for contextual modeling. In this section, we conclude that the number of windows
(i.e., the number of nodes) in graph construction has a significant impact on the model,
and that choosing appropriate forward and backward time steps can maximize the model
performance and improve the model’s ability for emotion classification tasks.
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Figure 4. T-SNE visualization of the learned features using different methods on the IEMOCAP test
set. In these figures, we use blue, green, red, purple, brown and pink to represent happy, sad, neutral,
anger, excited and frustrated, respectively.

5.5. Insight from Output

To further evaluate the performance of the model, we show in Figure 5 the confusion
matrix of HGF-MiLaG on the IEMOCAP and MELD test sets, which is used to assess the
quality of the model’s prediction output. With the confusion matrix on the IEMOCAP test
set (Figure 5a), we observe that the HGF-MiLaG model has some limitations in distinguish-
ing emotional nuances. For example, the model exhibits low discrimination in recognizing
anger vs. frustrated and happy vs. excited. This suggests that the model has room for
improvement in capturing subtle differences in emotion.

We have further analysed the MELD test set to compare the model output distribution
with the true distribution of the dataset. The results show that the model output distribution
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is highly consistent with the true distribution of the MELD dataset, and there is no data
imbalance that causes the model to over-concentrate on outputting dominant labels.

Specifically, although the emotion labels Anger, Disgust and Fear have a small number
of samples and can be easily misclassified as the Neutral label with the largest number
of samples, the overall prediction results show that the model’s predicted probability
distributions of the emotion labels match with the actual distribution of the dataset. For
example, the model’s higher prediction probability for the Neutral label matches the actual
situation in the MELD dataset where neutral emotion expressions are more common. This
is not a flaw in the model, but rather a reflection of its ability to accurately reflect real-
world emotion distributions. In real-world emotion analysis scenarios, the distribution
of emotions is inherently uneven, and neutral emotion expressions are usually more
common, with strong emotions (e.g., anger, disgust, etc.) being relatively less common,
which is related to the natural distribution of people’s daily language expressions and
emotional states.

For visual presentation, we draw a histogram of the distribution of the model’s
output labels (see Figure 6) and compare it with the true distribution of the MELD dataset.
As can be seen from the figure, the model predictions are highly consistent with the real
distribution, further confirming the model’s adaptability to real-world emotion distribution.
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Figure 5. Normalized confusion matrix of HGF-MiLaG on IEMOCAP and MELD test sets. Rows
indicate predicted labels and columns indicate true labels.
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Figure 6. Comparison of model predictions and true emotion label distributions on the MELD test set

6. Conclusions

In this study, we present the innovative HGF-MiLaG model for analyzing conversa-
tional emotional states, and the model adequately combines the hierarchical graph fusion
and the Mid-Late multilevel gender-aware strategy to improve the performance of the
model’s affective classification task. We provide insights into the performance of our model
by comparing it to other baselines and related works in the IEMOCAP and MELD datasets
suitable for our experiments. The results reported on both datasets establish the superiority
of the HGF-MiLaG model performance. The results of the ablation experiments validate
the contribution of the key components of HGF-MiLaG to the model, and show that the
hierarchical fusion graph is able to capture speaker-dependency and temporal dependency
within and across modalities, and that the introduction of gender-auxiliary information in
the ERC strengthens the model’s contextual understanding of emotion recognition and the
identification of individual differences. Further, we explored the effect of the location of
gender information injection on the performance of ERC, and finally adopted the Mid-Late
multilevel gender-aware strategy to realize the ability to let the hierarchical graph network
have the ability to decide the proportion of emotion and gender information in the classifier
by itself. We believe that this study fully reveals the importance of graph-based modeling
techniques and the incorporation of gender-auxiliary tasks at optimal locations for emotion
recognition tasks, and that our work has taken an important step forward in the field of
modeling the dynamics of complex information for multimodal emotion recognition in
conversations. In future work, we will continue to push multimodal learning with a focus
on solving the previously mentioned problem of similar emotion discrimination, as well as
improving HGF-MiLaG to enhance the model’s ability to deal with sample label imbalance.
In addition, we would like to apply our model to more practical settings, similar to the
multimodal dialog generation domain, etc., to understand the utility of our model.

Author Contributions: Conceptualization, Y.W. and R.H.; Methodology, Y.W. and R.H.; Software,
Z.L.; Validation, X.K.; Formal analysis, F.Q.; Investigation, Z.L.; Data curation, J.D. and Q.Z,;
Writing—review & editing, C.F.; Visualization, X.K.; Supervision, FQ. and C.F; Project adminis-
tration, J.D. and Q.Z. All authors have read and agreed to the published version of the manuscript.

175



Sensors 2025, 25,1182

Funding: This research was funded by the National Natural Science Foundation of China
(Grant No. 62306068) Project and the Natural Science Foundation of Hebei Province, China
(Grant No. F2024501002).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: The data presented in this study are openly available.

Acknowledgments: The authors extend their thanks for the creators of the IEMOCAP and MELD
datasets for making their data publicly available, which greatly supported their research.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

Pereira, R.; Mendes, C.; Costa, N.; Frazdo, L.; Ferndndez-Caballero, A.; Pereira, A. Human-Computer Interaction Approach with
Empathic Conversational Agent and Computer Vision. In Artificial Intelligence for Neuroscience and Emotional Systems; International
Work-Conference on the Interplay Between Natural and Artificial Computation; Springer Nature: Cham, Switzerland, 2024;
pp. 431-440.

Votintseva, A.; Johnson, R.; Villa, I. Emotionally Intelligent Conversational User Interfaces: Bridging Empathy and Technology
in Human-Computer Interaction. In Human-Computer Interaction; International Conference on Human-Computer Interaction;
Springer Nature: Cham, Switzerland, 2024; pp. 404-422.

Messaoudi, C.; Guessoum, Z.; Ben Romdhane, L. Opinion mining in online social media: A survey. Soc. Netw. Anal. Min. 2022, 12, 25.
[CrossRef]

Huang, C.W.; Wu, B.C.; Nguyen, P.A.; Wang, H.H.; Kao, C.C; Lee, P.C.; Rahmanti, A.R;; Hsu, ].C.; Yang, H.C.; Li, Y.C.]. Emotion
recognition in doctor-patient interactions from real-world clinical video database: Initial development of artificial empathy.
Comput. Methods Programs Biomed. 2023, 233, 107480. [CrossRef] [PubMed]

Li, J.; Zhao, Y.; Zhang, H.; LiMember, W. J.; Fu, C.; Lian, C.; Shan, P. Image Encoding and Fusion of Multi-modal Data Enhance
Depression Diagnosis in Parkinson’s Disease Patients. IEEE Trans. Affect. Comput. 2024, early access. [CrossRef]

Imani, M.; Montazer, G. A. A survey of emotion recognition methods with emphasis on E-Learning environments. J. Netw.
Comput. Appl. 2019, 147, 102423. [CrossRef]

Poria, S.; Majumder, N.; Mihalcea, R.; Hovy, E. Emotion recognition in conversation: Research challenges, datasets, and recent
advances. IEEE Access 2019, 7, 100943-100953. [CrossRef]

Joshi, A.; Bhat, A; Jain, A.; Singh, A. V.; Modi, A. COGMEN: COntextualized GNN based multimodal emotion recognition. arXiv 2022,
arXiv:2205.02455.

Defferrard, M.; Bresson, X.; Vandergheynst, P. Convolutional Neural Networks on Graphs with Fast Localized Spectral Filtering. In
Proceedings of the 30th Annual Conference on Neural Information Processing Systems (NIPS), Barcelona, Spain, 5-10 December 2016.
Jiao, W,; Yang, H.; King, L; Lyu, M. R. HiGRU: Hierarchical Gated Recurrent Units for Utterance-level Emotion Recognition. arXiv 2019,
arXiv:1904.04446.

Ghosal, D.; Majumder, N.; Poria, S.; Chhaya, N.; Gelbukh, A. DialogueGCN: A graph convolutional neural network for emotion
recognition in conversation. In Proceedings of the 2019 Conference on Empirical Methods in Natural Language Processing
(EMNLP-IJCNLP), Hong Kong, China, 3-7 November 2019; pp. 154-164.

Hu, J; Liu, Y,; Zhao, J.; Jin, Q. MMGCN: Multimodal fusion via deep graph convolution network for emotion recognition in
conversation. In Proceedings of the 59th Annual Meeting of the Association for Computational Linguistics & 11th International
Joint Conference on Natural Language Processing (Volume 1: Long Papers), Virtual Event, 1-6 August 2021; pp. 5666-5675.

Li, J.; Wang, X;; Lv, G.; Zeng, Z. GA2MIF: Graph and attention based two-stage multi-source information fusion for conversational
emotion detection. IEEE Trans. Affect. Comput. 2024, 15, 130-143. [CrossRef]

Li, J.; Wang, X.; Lv, G.; Zeng, Z. GraphCFC: A Directed Graph Based Cross-Modal Feature Complementation Approach for
Multimodal Conversational Emotion Recognition. IEEE Trans. Multimed. 2024, 26, 77-89. [CrossRef]

Li, J.; Zhang, M.; Ji, D.; Liu, Y. Multi-task learning with auxiliary speaker identification for conversational emotion recognition.
arXiv 2020, arXiv:2003.01478.

Gao, Q.; Cao, B,; Guan, X.; Gu, T,; Bao, X.; Wu, J; Liu, B.; Cao, ]. Emotion recognition in conversations with emotion shift detection
based on multi-task learning. Knowl.-Based Syst. 2022, 248, 108861. [CrossRef]

Zheng, W.; Yu, J.; Xia, R.; Wang, S. A Facial Expression-Aware Multimodal Multi-task Learning Framework for Emotion
Recognition in Multi-party Conversations. In Proceedings of the 61st Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), Toronto, ON, Canada, 9-14 July 2023; 2023; pp. 15445-15459.

176



Sensors 2025, 25,1182

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Cao, X,; Li, H.; Wang, W. A study on gender differences in speech emotion recognition based on corpus. J. Nanjing Univ.
(Nat. Sci.) 2019, 55, 758-764.

Li, J.; Wang, X.; Lv, G.; Zeng, Z. GraphMFT: A graph network based multimodal fusion technique for emotion recognition in
conversation. Neurocomputing 2023, 550, 126427. [CrossRef]

Gan, C.; Zheng, J.; Zhu, Q.; Jain, D. K;; Struc, V. A graph neural network with context filtering and feature correction for
conversational emotion recognition. Inf. Sci. 2024, 658, 120017. [CrossRef]

Fu, C; Su, Y,; Su, K;; Liu, Y.; Shi, J.; Wu, B.; Liu, C; Ishi, C.T.; Ishiguro, H. HAM-GNN: A hierarchical attention-based
multi-dimensional edge graph neural network for dialogue act classification. Expert Syst. Appl. 2025, 261, 125459. [CrossRef]
Caruana, R. Multitask Learning. Mach. Learn. 1997, 28, 41-75. [CrossRef]

Ruder, S. An Overview of Multi-Task Learning in Deep Neural Networks. arXiv 2017, arXiv:1706.05098.

Xie, Y.; Yang, K.; Sun, C. J.; Liu, B.; Ji, Z. Knowledge-interactive network with sentiment polarity intensity-aware multi-task
learning for emotion recognition in conversations. In Proceedings of the Findings of the Association for Computational Linguistics:
EMNLP 2021, Punta Cana, Dominican Republic, 16-20 November 2021; pp. 2879-2889.

Wang, X.; Zhang, M.; Chen, B.; Wei, D.; Shao, Y. Dynamic weighted multitask learning and contrastive learning for multimodal
sentiment analysis. Electronics 2023, 12, 2986. [CrossRef]

Xue, P; Li, Y.; Wang, S.; Liao, J.; Zheng, J.; Fu, Y.; Li, D. Sentiment classification method based on multitasking and multimodal
interactive learning. In Proceedings of the 22nd China National Conference on Computational Linguistics, Harbin, China,
3-5 August 2023; pp. 315-327.

Ma, Z; Jia, W.; Zhou, Y.; Xu, B.; Liu, Z.; Wu, Z. Personality Enhanced Emotion Generation Modeling for Dialogue Systems. Cogn.
Comput. 2024, 16, 293-304. [CrossRef]

Cai, C.; He, Y,; Sun, L.; Lian, Z.; Liu, B.; Tao, J.; Xu, M.; Wang, K. Multimodal sentiment analysis based on recurrent neural
network and multimodal attention. In Proceedings of the 2nd on Multimodal Sentiment Analysis Challenge, Virtual Event,
24 October 2021; pp. 61-67.

Tian, H.; Gao, C.; Xiao, X,; Liu, H.; He, B.; Wu, H.; Wang, H.; Wu, F. SKEP: Sentiment knowledge enhanced pre-training for
sentiment analysis. arXiv 2020, arXiv:2005.05635.

Zhao, F,; Zhang, C.; Geng, B. Deep Multimodal Data Fusion. ACM Comput. Surv. 2024, 56, 216. [CrossRef]

Zadeh, A.; Liang, P. P,; Poria, S.; Vij, P.; Cambria, E.; Morency, L. P. Multi-attention recurrent network for human communication
comprehension. In Proceedings of the AAAI Conference on Artificial Intelligence, New Orleans, LA, USA, 2-7 February 2018;
Volume 32, No. 1.

Nagrani, A.; Yang, S.; Arnab, A_; Jansen, A.; Schmid, C.; Sun, C. Attention bottlenecks for multimodal fusion. Adv. Neural Inf.
Process. Syst. 2021, 34, 14200-14213.

Wu, L; Liu, Q.; Zhang, D.; Wang, J.; Li, S.; Zhou, G. Multimodal emotion recognition with auxiliary sentiment information.
Beijing Da Xue Xue Bao 2020, 56, 75-81.

Schuller, B.; Batliner, A.; Steidl, S.; Seppi, D. Recognising realistic emotions and affect in speech: State of the art and lessons learnt
from the first challenge. Speech Commun. 2011, 53, 1062-1087. [CrossRef]

Fu, C,; Liu, C,; Ishi, C. T,; Yoshikawa, Y.; Iio, T.; Ishiguro, H. Using an android robot to improve social connectedness by sharing
recent experiences of group members in human-robot conversations. IEEE Robot. Autom. Lett. 2021, 6, 6670-6677. [CrossRef]
Huang, G.; Liu, Z.; Van Der Maaten, L.; Weinberger, K. Q. Densely connected convolutional networks. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21-26 July 2017; pp. 4700-4708.

Chudasama, V.; Kar, P.; Gudmalwar, A.; Shah, N.; Wasnik, P.; Onoe, N. M2fnet: Multi-modal fusion network for emotion recogni-
tion in conversation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, New Orleans,
LA, USA, 18-24 June 2022; pp. 4652-4661.

Deng, L.; Liu, B.; Li, Z. Multimodal Sentiment Analysis Based on a Cross-Modal Multihead Attention Mechanism. Comput. Mater.
Contin. 2024, 78, 1. [CrossRef]

Morris, C.; Ritzert, M.; Fey, M.; Hamilton, W.L.; Lenssen, ].E.; Rattan, G.; Grohe, M. Weisfeiler and Leman go neural: Higher-order
graph neural networks. In Proceedings of the AAAI Conference on Artificial Intelligence, Honolulu, HI, USA, 29-31 January 2019;
Volume 33, No. 01, pp. 4602-4609.

Foggia, P.; Greco, A.; Saggese, A.; Vento, M. Multi-task learning on the edge for effective gender, age, ethnicity and emotion
recognition. Eng. Appl. Artif. Intell. 2023, 118, 105651. [CrossRef]

Ciampiconi, L.; Elwood, A.; Leonardi, M.; M’ohamed, A.; Rozza, A. A survey and taxonomy of loss functions in machine learning.
arXiv 2023, arXiv:2301.05579.

Busso, C.; Bulut, M.; Lee, C.C.; Kazemzadeh, A.; Mower, E.; Kim, S.; Chang, ].N.; Lee, S.; Narayanan, S.S. IEMOCAP: Interactive
emotional dyadic motion capture database. Lang. Resour. Eval. 2008, 42, 335-359. [CrossRef]

177



Sensors 2025, 25,1182

43.

44.

45.

46.

Poria, S.; Hazarika, D.; Majumder, N.; Naik, G.; Cambria, E.; Mihalcea, R. MELD: A Multimodal Multi-Party Dataset for Emotion
Recognition in Conversations. In Proceedings of the 57th Annual Meeting of the Association for Computational Linguistics,
Florence, Italy 28 July-2 August 2019; Association for Computational Linguistics: Florence, Italy, 2019; pp. 527-536.

Hu, D.; Wei, L.; Huai, X. DialogueCRN: Contextual Reasoning Networks for Emotion Recognition in Conversations. arXiv 2021,
arXiv:2106.01978.

Dai, Y.; Li, J.; Li, Y.; Lu, G. Multi-modal graph context extraction and consensus-aware learning for emotion recognition in
conversation. Knowl. Based Syst. 2024, 298, 111954. [CrossRef]

Fu, C,; Qian, F; Su, K;; Su, Y,; Wang, Z.; Shi, J.; Liu, Z; Liu, C.; Ishi, C.T. HiMul-LGG: A hierarchical decision fusion-based
local-global graph neural network for multimodal emotion recognition in conversation. Neural Netw. 2025, 181, 106764. [CrossRef]
[PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

178



E Sensors ﬁVI\D\Py

Article
A Projective-Geometry-Aware Network for 3D Vertebra
Localization in Calibrated Biplanar X-Ray Images

Kangqing Ye, Wenyuan Sun, Rong Tao and Guoyan Zheng *

Institute of Medical Robotics, School of Biomedical Engineering, Shanghai Jiao Tong University,
Shanghai 200240, China; yekangq@sjtu.edu.cn (K.Y.); wenyuansun1998@sjtu.edu.cn (W.S.);
rongt@nvidia.com (R.T.)

* Correspondence: guoyan.zheng@sjtu.edu.cn

Abstract: Current Deep Learning (DL)-based methods for vertebra localization in biplanar
X-ray images mainly focus on two-dimensional (2D) information and neglect the projective
geometry, limiting the accuracy of 3D navigation in X-ray-guided spine surgery. A 3D
vertebra localization method from calibrated biplanar X-ray images is highly desired to
address the problem. In this study, a projective-geometry-aware network for localizing 3D
vertebrae in calibrated biplanar X-ray images, referred to as ProVLNet, is proposed. The
network design of ProVLNet features three components: a Siamese 2D feature extractor
to extract local appearance features from the biplanar X-ray images, a spatial alignment
fusion module to incorporate the projective geometry in fusing the extracted 2D features
in 3D space, and a 3D landmark regression module to regress the 3D coordinates of the
vertebrae from the 3D fused features. Evaluated on two typical and challenging datasets
acquired from the lumbar and the thoracic spine, ProVLNet achieved an identification rate
of 99.53% and 98.98% and a point-to-point error of 0.64 mm and 1.38 mm, demonstrating
superior performance of our proposed approach over the state-of-the-art (SOTA) methods.

Keywords: landmark localization; biplanar X-ray imaging; projective geometry

1. Introduction

Biplanar X-ray imaging is widely used in image-guided spine surgery due to its low
radiation dose and acquisition cost [1]. However, the lack of 3D information negatively
affects navigation accuracy [2], which can be addressed by localizing 3D anatomical land-
marks like vertebral body centers. The localization of landmarks in 3D space facilitates
2D/3D registration [3], 3D reconstruction [4-9], surgical navigation [2], and spinal geometry
estimation [10].

Various Deep Learning (DL)-based methods have been developed for vertebra lo-
calization in both single [11-16] and biplanar [4,17-22] X-ray images. Payer et al. [13]
proposed the SpatialConfiguration-Net (SCN) for medical landmark localization in a single
image, which achieved superior performance and inspired various vertebra localization
methods [14,15]. Unlike single-view localization methods, an effective biplanar fusion
module is required in dual-view localization methods. The approaches to localizing land-
marks in 3D space from calibrated biplanar images is generally divided into two categories:
coordinate-level fusion methods and feature-level fusion methods. The coordinate-level fu-
sion methods [5,6,17,18] triangulate coordinates of landmarks detected by a 2D single-view
localization method, while the feature-level fusion methods [4,19-22] integrate features
from both images, facilitating aggregation of biplanar information in the feature space.
Given their advantages, this paper primarily focuses on the feature-level fusion methods.
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Feature-level fusion is commonly achieved by either concatenating 2D features from
each view [4,19-24] or constraining the landmark prediction using a consistency condition
based on the assumption of orthogonality [25]. By concatenating images of both views,
Aubert et al. [4,19] and Galbusera et al. [24] utilized biplanar information in vertebra
localization. Furthermore, Wu et al. [20] proposed the X-module, which combined biplanar
feature integration through summation and concatenation, thereby enhancing adolescent
scoliosis assessments. The X-module has been adopted in other studies as well [21,22].
Huang et al. [25] achieved biplanar fusion in intraoperative long-film X-ray images by
ensuring identical z-coordinates for the vertebrae in a Faster R-CNN framework. Despite
these efforts, current methods neglect the projective geometry between views, failing
to align the features from both views. Recently, a few multi-view fusion methods [26,
27] have been developed in multi-view 3D human pose estimation. However, directly
applying them to the biplanar X-ray localization task may lead to suboptimal results due
to the non-informative features [26] and the lack of 3D information [27]. Table 1 provides
a comparative overview of the state-of-the-art (SOTA) dual-view localization methods,
in terms of their backbone networks, fusion level, and fusion strategies.

Table 1. Overview of the state-of-the-art (SOTA) dual-view localization methods.

Methods Backbone Fusion Level Fusion Strategy
2D ResNet [28] ResNet Coordinate-level Triangulation of 2D coordinates
2D SCN [13] SCN Coordinate-level Triangulation of 2D coordinates
Alg [26] ResNet Feature-level Gradient-based triangulation
Vol [26] ResNet Feature-level Unprojecting 2D features into 3D space
Adafuse [27] ResNet Feature-level Fusion of predicted heatmaps in 3D space
Ours SCN Feature-level Unprojecting 2D features into 3D space

In this paper, an end-to-end projective-geometry-aware network, referred to as ProVL-
Net, is proposed for 3D vertebra localization in calibrated biplanar X-ray images. The de-
sign of ProVLNet features three components: a Siamese 2D feature extractor, a spatial
alignment fusion module, and a 3D landmark regression module. The workflow of the
proposed method begins with extracting features from both anterior—posterior (AP) and
lateral (LAT) images through two weight-sharing 2D feature extractors. The output features
are then unprojected and fused into 3D aggregated features by the spatial alignment fusion
module. Finally, the 3D landmark regression module computes 3D coordinates from these
aggregated features.

Our contribution can be summarized as follows:

* Anovel end-to-end network called ProVLNet is proposed, which incorporates projec-
tive geometry to localize vertebrae in 3D space from calibrated biplanar X-ray images.

* A spatial alignment fusion module and a 3D landmark regression module are carefully
designed, aiming to capture underlying 3D information by aligning 2D features from
biplanar views in 3D space and to resolve semantic ambiguity in 3D landmark detections.

e  Comprehensive experiments were conducted on two typical yet challenging datasets
acquired from the lumber and the thoracic spine, demonstrating superior performance
of our proposed approach over the state-of-the-art (SOTA) methods.

2. Method
2.1. Architecture Quverview

Figure 1 presents the overall pipeline of ProVLNet. Although the network can be
easily extended to multi-view scenarios, this paper mainly focuses on the widely used
biplanar setup. The inputs to ProVLNet are anterior-posterior (AP) and lateral (LAT) X-ray
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images x; € RH*W i € {AP,LAT} (H and W represent the spatial dimension) and the
associated projection matrix P; € R*>*# which can be used to project 3D coordinates to 2D
image space. The overall pipeline of our method is as follows. First, two weight-sharing 2D

€ RHXWxK and the associated fusion

feature extractors generate 2D features M; = fy(x;)
weights w; € RX, where K is the number of feature channels. Then, a spatial alignment
fusion module unprojects these 2D features into 3D space to generate the corresponding
3D features V; € R64*64x64xK haged on projective geometry. From the unprojected 3D
features V; and the associated fusion weights w;, a weighted summation is calculated
to obtain the fused 3D features Vug, € R64*64X64xK _Finally, a 3D landmark regression
module, which includes a 3D SCN u [13] with parameters ¢ and a soft-argmax function ¢,
is used to regress the 3D coordinates of all L landmarks. In particular, the 3D SCN regresses
distinct heatmaps Vprocessed € RO4x64x64xL from the 3D fused features Vagg, which are
taken as the input to the soft-argmax function to calculate the landmark coordinates
y € R3*L. Our network is fully differentiable and supports end-to-end training, which can
be formulated as:

v = o (ug(Fw(fo(xap), Pap, fo(xrat), PLat))), 1)
where F(-) represents the spatial alignment fusion module.

fusion weights Wap [K]

image 2D features
[ W) 2D feature extractor [H, W, K] aggregated volumes processed volumes predicted landmarks

f0 Ppar Vagg Pap Vprocessed Y

_ [64,64,64,K] [64, 64, 64,L] [3.L]
o >

| P e

. 3D SCN
TAP weight Map soft-argmax

v
v

shafing o

H . Ug . -
a‘ i 2;1
’ ‘ 3D landmark regression
fo

2D feature extractor Miir

fusion weights WLAT [K]

Figure 1. A schematic illustration of the overall pipeline of the proposed ProVLNet. The yellow
arrows represent the spatial alignment fusion module. SCN represents the SpatialConfiguration-Net.
Dimensions of data are indicated within square brackets.

2.2. 2D Feature Extractor

A Siamese-architecture-based 2D feature extractor is designed to extract features from
the AP and the LAT images. Features extracted by the two weight-sharing 2D feature
extractors are fed into the spatial alignment fusion module as described in the next section.

Figure 2 illustrates the network architecture of our 2D feature extractor, which takes a
2D SCN as the backbone to produce local appearance features. In the 2D SCN, the heatmap
produced by the local appearance component H-* € RHXWxL js multiplied with the
heatmap produced by the spatial configuration component ]HII-SC € RI*WxL to generate
the predicted heatmap h; € RI>*W*L Moreover, the 2D features of the last layer before
H}A are denoted as M; € RIT*W*K which are unprojected into 3D space to obtain the 3D
features V; as described below. Additionally, a fusion weight branch is designed to generate
w; € RX from the bottom-level features of the local appearance component. Both V; and w;
are taken as the input to the spatial alignment fusion module to calculate a weighted 3D

feature aggregation.
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2D feature extractor
2D SCN
local
image 2D features
T; M;
[H, W] [H, W, K]
H- — [ | -
[] 1
I~ J—[J={]
fusion weight branch
' = 2 P fusion weights
[(P= [T =T Do (T[T Wi
K]
spatial configuration component Fl‘::;:;f: = convolution
Y == downsamplin;
HLA ]HI‘?C hi AP g
[H, W,L] [H, W,L] [H, W,L] == upsampling
= = skip connection
Ly — - - ]—»| |— Ly .
== linear block
(© pixel-wise multiplication

Figure 2. A schematic illustration of the network architecture of the 2D feature extractor, which takes
a2D SCN as the backbone. H* represents the output heatmap of the local appearance component,
and H,.SC represents the output heatmap of the spatial configuration component. The architecture
of the local appearance component of the 2D SCN is a 5-layer U-Net [29]. The spatial configuration
component includes an average pooling layer that downsamples the features, three convolutional
layers, and an upsampling layer that rescales the features to their original size. Empty boxes represent
intermediate features. Dimensions of data are indicated within square brackets.

2.3. Spatial Alignment Fusion Module

In this module, 2D features M; € REXWXK i ¢ TAP AT} extracted from the AP
and the LAT images are unprojected into 3D features V; € R64*64x64xK 4 incorporate
projective geometry. These 3D features are then fused to produce V88 ¢ RO4x64x64xK,
An example of the k-th (k € [1,K]) channel of V288 is shown in Figure 3. Initially, a cubical
volume is defined in 3D space as the target for feature unprojection. The center of the cube
is determined using a linear algebraic triangulation approach [26] based on the centers of
the AP and the LAT images. The 64 x 64 x 64 voxel cube represents a physical space of
250 x 250 x 250 mm?3, capable of containing all vertebrae imaged by biplanar X-ray images
in our experimental setup.

wip
(1]
unproject M%p to Vi
MKP Vk
[H, W] AP
[64, 64, 64]

Vk

agg

[64, 64, 64]

Vi
64, 64, 64]

(© multiplication

wh (® addition
[1]

Figure 3. The aggregation of the 2D features Mf‘ in the spatial alignment fusion module. Dimensions
of data are indicated within square brackets.
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To unproject the k-th channel of 2D features M;, denoted as Mff, into the k-th channel of
the 3D features V;, denoted as V¥, correspondences between voxels in V/ and pixels in Mﬁ‘
are established as follows. Specifically, by applying the defined center, physical dimensions,
and size of the cube, the 3D coordinate r?,D € R3 of voxel v in Vik is obtained. Then,
the projection matrix P; is utilized to project the 3D coordinate r3° into the 2D coordinate
2P € R?. The value of voxel v is set to the value of the pixel at r2P in Mf?, which is obtained
through bilinear sampling.

To account for the influence of different features across two distinct views, a weighted
€ [RO64x64x64

summation of Vik is computed to obtain the 3D aggregated feature Vé‘gg

with weights wé‘ learned from the 2D feature extraction process (Figure 3):

Vakgg = Z(Wi( ) Vzk)/ wa ()

i
2.4. 3D Landmark Regression

In order to accurately localize landmarks from the 3D aggregated feature Vé‘gg, one has
to reduce the ambiguity by suppressing false positive responses in the areas with similar
structures. This is achieved by employing a 3D SCN, which has a two-branch structure that
is well suited for this task, to process Vagg with the ultimate goal to produce 3D heatmaps
Vprocessed € RO4x64x64xL for T, landmarks.

The structure of the 3D SCN is similar to the 2D SCN used in the 2D feature extractor,
where the convolutional layers in the 2D SCN are replaced by their 3D counterparts. With a
large receptive field, the spatial configuration component of the 3D SCN robustly predicts
the coordinate of a single landmark out of all landmarks in H*. Such a design naturally
incorporates the underlying 3D information.

In order to maintain the differentiability of the entire network, a soft-argmax function
is employed instead of argmax to extract landmark coordinates from Vrocessed- The first
step is to compute the softmax across the spatial axes:

V};lrocessed = exp (Vérocessed) / (% % % exp (Vérocessed) ) ’ ®)

where [ represents the I-th (I € [1,L]) channel.
Then, the centroid of V};’r ocessed 18 calculated to obtain the predicted landmark y' € RY,
which is approximately the argmax point:

V=Y Y e Vi cessea(T), @)

64 64 64

where r = (7y, Ty, rZ)T represents the world coordinate of the voxel in volumes.

2.5. Loss

The total loss is the aggregation of the losses from the Siamese 2D feature extractor
and the 3D landmark regression:

Liotal = Lop + L3p- )

The 2D loss £;p measures the similarity between the SCN’s predicted heatmaps
h; € RI*WXL and the ground truth Gaussian heatmaps g; € RP*WxL To resolve the
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foreground-background class imbalance, a combination of Dice loss and Mean Squared
Error (MSE) loss is used:

Lop =Y Loice(hi, &i) + Y, Lwst (hi, gi)- (6)
i i

As for the 3D loss L3p, a typical L1 loss with a heatmap regularization term is used to
maximize the value at the 3D ground truth landmarks, ensuring the existence of a peak for
each anatomical landmark:

Lsp = Z’]/l - yé;t‘ - log(véutput (]/fgt))/ )
l
where « is a parameter weighting the influence of the second term.

3. Experiments and Results
3.1. Datasets

Comprehensive experiments were conducted on two typical yet challenging datasets
of digitally reconstructed radiograph (DRR) images which were simulated from Computed
Tomography (CT) scans. In our simulation system, the source-detector distance was set to
2000 mm, with an isocenter distance of 1000 mm. The projection was parameterized by the
left/right anterior oblique (LAO/RAO) angle, which was randomly varied between —15°
and +15°, around the perfect AP and the LAT views. The 3D landmark ground truth was
established by localizing vertebral body centers in the CT scans and then transforming the
coordinates of the centers into the world coordinates system. The 2D landmark ground
truth was obtained by projecting the 3D landmark ground truth to 2D image space.

Lumbar Spine dataset: The Lumbar Spine dataset contains DRR images generated
from an in-house dataset of 130 CT scans, each containing the L1-L5 vertebrae. These
CT scans were divided into three subsets: 100 for training, 10 for validation, and 20
for testing. For each of these CT scans, we generated 10 AP and 10 LAT views with a
size of 1536 x 1024 pixels on a 450 mm x 300 mm detector plane, resulting in a total of
130 x 10 x 10 pairs of biplanar DRR images.

Thoracic Spine dataset: The Thoracic Spine dataset was generated from CT data
collected from MICCAI (Medical Image Computing and Computer Assisted Interventions)
VerSel9 and VerSe20 challenges [30]. A total of 235 CT scans containing thoracic vertebrae
were selected and cropped into 1465 smaller volumes, each containing four consecutive
thoracic vertebrae. These volumes were divided into three subsets: 993 for training, 153 for
validation, and 319 for testing, ensuring that all volumes from the same scan were grouped
in the same subset. For each CT scan, an AP and a LAT view were generated with a size of
1024 x 1024 pixels on a 300 mm x 300 mm detector plane.

3.2. Metrics

Three commonly used metrics are adopted to evaluate localization results.

Point-to-point error (PE): The PE for each anatomical landmark is calculated as
the Euclidean distance between the predicted and the ground truth landmark position.
The mean and standard deviation of PE across all test images are reported, denoted as PE,;.

Image-specific point-to-point error (IPE): The IPE for a specific image is the average
of the PE values for that image. To provide a comprehensive overview, cumulative IPE
distribution graphs, which can illustrate the proportion of images that reach various IPE
values in our test dataset, are presented.

Landmark identification rate (IDyate): The IDrq¢e is the ratio between the accurately
identified landmarks and the total number of vertebrae. A landmark is considered accu-
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rately identified if the distance between the predicted and the ground truth locations is
below 5.0 mm.

3.3. Implementation Details

The proposed method was implemented with the PyTorch framework. The input
images were rescaled to a size of 768 x 512 pixels for the Lumbar Spine dataset and a size
of 512 x 512 pixels for the Thoracic Spine dataset. Empirically, the number of channels K
for the 2D features M was set to 16, and the parameter « in Equation (7) was set to 0.01.
The number of landmarks, L, that ProVLNet could detect was set to 5 for the Lumbar Spine
dataset and 4 for the Thoracic Spine dataset. ProVLNet was trained for 1500 epochs on
the Lumbar Spine dataset and 500 epochs on the Thoracic Spine dataset, considering the
larger size of the Thoracic Spine dataset compared to the Lumbar Spine dataset. The Adam
optimizer was adopted with a learning rate of 0.001 and a batch size of 4. All experiments
were conducted on a single NVIDIA GeForce RTX 3090 GPU. To compare ProVLNet with
other state-of-the-art (SOTA) methods, a Wilcoxon signed-rank test was performed with a
significance level of 0.01.

3.4. Comparison Methods

In this study, our proposed ProVLNet was compared with two coordinate-level fusion
methods [13,28] and three feature-level fusion methods [26,27]:

e 2D ResNet [28]: this method predicts 2D coordinates by a network based on ResNet-
152 and determines the 3D coordinates by triangulation [26].

e 2D SCN [13]: this method predicts 2D coordinates by 2D SCN architecture [13] and
determines the 3D coordinates by triangulation [26].

e Alg[26]: this is a baseline method introduced in [26], which enables gradient propaga-
tion for triangulating coordinates.

® Vol [26]: this is another method introduced in [26], which incorporates 3D information
by unprojecting 2D features into 3D space.

e Adafuse [27]: this method fuses predicted 2D heatmaps based on epipolar geometry.

3.5. Results
3.5.1. Results on the Lumbar Spine Dataset

Table 2 compares the vertebra localization performance of ProVLNet with others
on the Lumbar Spine dataset. ProVLNet outperforms other methods with an IDyage of
99.53% and a PE,;; of 0.64 mm. The PE,); is reduced by about 50% over the second-best
method (Vol [26]). Such improvement is statistically significant, as evidenced by the results
of the Wilcoxon signed-rank test (p = 2.6 x 10710). Figure 4a illustrates the cumulative
IPE distributions for the Lumbar Spine dataset. The IPE of over 99% images provided
by ProVLNet is under 3 mm, while the proportion of all other methods is below 95%.
Figure 5 visualizes the localization results. ProVLNet identifies all vertebrae successfully,
outperforming others.
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Table 2. Overview of vertebra localization performance comparison on the Lumbar Spine dataset
(mean =+ SD). The best results are highlighted in bold.

Method IDsate (%) PE,;; (mm)
2D ResNet [28] 95.68 1.53 £ 3.95
2D SCN [13] 97.30 1.62 + 3.08
Alg [26] 96.18 1.72 + 3.88
Vol [26] 97.76 1.27 4+ 5.42
Adafuse [27] 96.97 3.98 + 19.02
Ours 99.53 0.64 £ 0.57
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Figure 4. Cumulative distributions of IPE on the Lumbar Spine dataset (a) and the Thoracic Spine
dataset (b). The top part shows a zoomed-in view of the dashed red box.
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Figure 5. Landmark detection on the Lumbar Spine dataset using different methods: 2D ResNet [28],
2D SCN [13], Alg [26], Vol [26], and Adafuse [27]. The first two rows show the AP and the LAT views
of projected landmarks, while the last two rows visualize landmarks in 3D space. The colored dots
are the detected body centers of different lumbar vertebrae: red (L1), yellow (L2), green (L3), blue
(L4), and purple (L5). GT: ground truth.
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3.5.2. Results on the Thoracic Spine Dataset

Table 3 compares the vertebra localization performance of ProVLNet with others on
the Thoracic Spine dataset. As one can see from this table, in comparison with other SOTA
methods, ProVLNet achieves the best results with an IDyate 0f 98.98% and a PE,;; of 1.38 mm.
The PE,j is reduced by about 20% over the second-best method (Alg [26]) (p = 1.1 X 1079).
Figure 4b illustrates the cumulative IPE distributions for the Thoracic Spine dataset. As one
can see from this figure, ProVLNet prevails over other SOTA methods with the highest
proportion of images in the range of 0.5-4 mm. The localization results are visualized in
Figure 6. Again, ProVLNet performs localization with the best precision, particularly for
the last two vertebrae in the lateral view.

Table 3. Overview of vertebra localization performance comparison on the Thoracic Spine dataset
(mean £ SD). The best results are highlighted in bold.

Method ID;ate (%) PEall (mm)
2D ResNet [28] 98.59 1.76 £1.23
2D SCN [13] 94.67 240 +2.17
Alg [26] 98.74 1.68 = 1.08
Vol [26] 98.43 1.73 £1.25
Adafuse [27] 98.74 1.92 £1.08
Ours 98.98 1.38 +1.72

AP

3D (AP)

. . . e
. . o . e
° ° ° °
° ° ° °

ce

3D (LAT)

o ° 3 ° ° ° °

° ° ° © ° ° °

GT 2D ResNet 2D SCN Alg Vol Adafuse Ours

Figure 6. Landmark detection on the Thoracic Spine dataset using different methods: 2D ResNet [28],
2D SCN [13], Alg [26], Vol [26], and Adafuse [27]. The first two rows show the AP and the LAT views
of projected landmarks, while the last two rows visualize landmarks in 3D space. The colored dots
are the detected body centers of different thoracic vertebrae. GT: ground truth.

3.5.3. Ablation Study

An ablation study on the Lumbar Spine dataset was conducted to evaluate the effec-
tiveness of the spatial alignment fusion module and the 3D landmark regression module.
The results are presented in Table 4. The baseline, represented in the first row, is the back-
bone network of the Siamese 2D feature extractor, consistent with the 2D SCN [13] in Table 2.
The approach in the second row integrates the 2D SCN and the spatial alignment fusion
module with the 3D Convolutional Neural Network (CNN) from the Vol method [26] to
determine landmark coordinates. According to Table 4, incorporating the spatial alignment
fusion module leads to a 0.73% increase in ID;4te, and the addition of the 3D landmark
regression module contributes to a further 1.5% improvement. Correspondingly, the PEy
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metric shows improvements of 0.62 mm and 0.36 mm, respectively. Figure 7 shows the
cumulative distributions of IPE for the methods in Table 4. It shows that for all IPE values,
our method achieves the highest proportion.

Table 4. Quantitative results of the ablation study on the Lumbar Spine dataset. The best results are
highlighted in bold. Fusion: spatial alignment fusion.

Components Results
Method 2D SCN Fusion 3D Landmark Regression IDrate (%) PE,;; (mm)
2D SCN v 97.30 1.62 £+ 3.08
2D SCN + Fusion v v 98.03 1.00 £+ 2.56
Ours v v v 99.53 0.64 £ 0.57
100
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Figure 7. Cumulative distributions of IPE on the Lumbar Spine dataset of ablation study.

3.5.4. Analysis of Intermediate Features

Qualitatively, Figure 8 shows the intermediate features when detecting the body cen-
ter of the L4 vertebra from a given pair of AP and LAT images, which can be used to
illustrate the efficacy of ProVLNet. Specifically, using the images from Figure 8a as inputs,
the Siamese 2D feature extractor generates aligned local appearance features, with one
representative channel shown in Figure 8b. These features effectively highlight the detected
vertebral body centers, but the ambiguity between adjacent vertebrae remains. The spa-
tial alignment fusion module then fuses these features based on projective geometry and
outputs the aggregated 3D features displayed in Figure 8c. The aggregated 3D features
from the spatial alignment fusion module highlight areas at the 3D vertebral body centers,
capturing the underlying 3D information. Following this, the 3D SCN, which is a compo-
nent of the 3D landmark regression module, outputs the predicted heatmaps as shown in
Figure 8d. Each channel in these heatmaps represents a specific landmark. As one can see
from Figure 8d, the ambiguity is resolved by the 3D SCN, where false positive responses in
adjacent vertebrae shown in Figure 8c are suppressed.

188



Sensors 2025, 25, 1123

(b) (d)

Figure 8. Visualization of the intermediate features when detecting the body center of the L4 vertebra

from a given pair of AP and LAT images. (a) Original input image; (b) output from the Siamese 2D
feature extractor; (c) 3D unprojection of features before 3D SCN (transverse, coronal, sagittal views);
(d) output after 3D SCN (transverse, coronal, sagittal views).

4. Discussion and Conclusions

In this paper, an end-to-end network referred to as ProVLNet was proposed. ProVLNet
was designed to incorporate projective geometry for accurate localization of vertebrae in
3D space from calibrated biplanar X-ray images. In particular, 2D local appearance features
were first extracted by a Siamese 2D feature extractor. The extracted 2D appearance features
were then fused in 3D space by a carefully designed spatial alignment fusion module.
Finally, 3D coordinates of all landmarks were predicted by a 3D landmark regression
module. Comprehensive experiments were conducted on two typical yet challenging
datasets to validate the efficacy of the proposed ProVLNet. Quantitatively and qualitatively,
the experimental results demonstrated the superior performance of the proposed ProVLNet
over other SOTA methods.

It is apparent that the coordinate-level fusion methods such as 2D ResNet [28] and
the 2D SCN [13] generate suboptimal results, as demonstrated by the quantitative results
presented in Tables 2 and 3. This is largely due to the fact that these methods learn to
detect 2D landmarks from the AP and the LAT image independently, followed by a 3D
coordinate triangulation to generate the final results. Thus, rather than incorporating the
projection geometry into the learning process, these methods only use it in the coordinate
triangulation step, leading to suboptimal results. Although methods such as Alg [26]
and Adafuse [27] exploit epipolar geometry to integrate biplanar information, they do
not incorporate underlying 3D information, resulting in lower performance. In contrast,
by incorporating the projection geometry into the learning process and by including a 3D
landmark regression module, our proposed ProVLNet can not only implicitly model the 3D
anatomical landmark prior but also reasonably handle ambiguity in landmark detections,
leading to superior results on both datasets.

It is worth comparing the proposed ProVLNet with the Vol method [26] as both
methods are designed to incorporate 3D information. Compared with the Vol method [26],
our method benefited from a decomposition strategy that divided the main task into two
sub-problems: the extractions of 2D features with ambiguous candidate predictions and
the reduction in ambiguity in 3D space. Such a strategy was proved to be effective for
anatomical landmark detection tasks [13], as demonstrated quantitatively and qualitatively
by the results presented in Tables 2 and 3 and Figures 4-6.

The effectiveness of the carefully designed spatial alignment fusion module and the 3D
landmark regression module was demonstrated by the ablation results shown in Table 4 and
Figure 8. By unprojecting 2D features into 3D space based on projective geometry, the spatial
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alignment fusion module captured the underlying 3D information, as demonstrated by
an example shown in Figure 8c. The 3D landmark regression module further resolved
the ambiguity in landmark detections by suppressing false positive responses in adjacent
vertebrae, as demonstrated by an example shown in Figure 8d.

There exist limitations in the present study. First, the number of vertebrae in the
calibrated biplanar images that ProVLNet can detect was fixed, i.e., 5 for the Lumbar
Spine dataset and 4 for the Thoracic Spine dataset. Extending our method to handle the
arbitrary number of vertebrae will be our future work. Second, due to the difficulty in
organizing calibrated biplanar X-ray images in clinical scenarios, we only validated our
method on synthetic datasets. One way to generalize the trained models to calibrated
biplanar X-ray images in clinical scenarios in the future is to explore unsupervised domain
adaptation technique [31]. Nevertheless, since all the methods were compared on the same
datasets, the results that we obtained in this study demonstrated the superior performance
of ProVLNet over other SOTA methods.

In summary, we proposed a projective-geometry-aware network called ProVLNet to
localize 3D vertebrae in calibrated biplanar X-ray images. It incorporates 3D information
into the landmark detection process via a carefully designed spatial alignment fusion
module. The remaining ambiguity in landmark detections are further resolved by the
3D landmark regression module. ProVLNet outperformed other SOTA methods when
evaluated on two typical and challenging datasets acquired for the lumbar and the thoracic
spine. It holds the potential to be applied to clinical scenarios of X-ray-guided spine surgery.
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Abbreviations

The following abbreviations are used in this manuscript:

AP Anterior—posterior

CT Computed Tomography

DRR Digitally reconstructed radiograph
LAO Left anterior oblique

LAT Lateral

MICCAI  Medical Image Computing and Computer Assisted Interventions
RAO Right anterior oblique

SCN SpatialConfiguration-Net

SOTA State-of-the-art

2D Two-dimensional

3D Three-dimensional

190



Sensors 2025, 25, 1123

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Sommer, F; Goldberg, J.L.; McGrath, L.; Kirnaz, S.; Medary, B.; Hartl, R. Image Guidance in Spinal Surgery: A Critical Appraisal
and Future Directions. Int. J. Spine Surg. 2021, 15, S74-586. [CrossRef]

Thakkar, S.C.; Thakkar, R.S.; Sirisreetreerux, N.; Carrino, J.A.; Shafiq, B.; Hasenboehler, E.A. 2D versus 3D Fluoroscopy-Based
Navigation in Posterior Pelvic Fixation: Review of the Literature on Current Technology. Int. J. Comput. Assist. Radiol. Surg. 2017,
12, 69-76. [CrossRef] [PubMed]

Kim, H.; Lee, K; Lee, D.; Baek, N. 3D Reconstruction of Leg Bones from X-Ray Images Using CNN-Based Feature Analysis. In
Proceedings of the 2019 International Conference on Information and Communication Technology Convergence (ICTC), Jeju
Island, Republic of Korea, 16-18 October 2019; pp. 669-672.

Aubert, B.; Vazquez, C.; Cresson, T.; Parent, S.; De Guise, ].A. Toward Automated 3D Spine Reconstruction from Biplanar
Radiographs Using CNN for Statistical Spine Model Fitting. IEEE Trans. Med Imaging 2019, 38, 2796-2806. [CrossRef] [PubMed]
Zhou, L.; Wu, G.; Zuo, Y.; Chen, X.; Hu, H. A Comprehensive Review of Vision-Based 3D Reconstruction Methods. Sensors 2024,
24,2314. [CrossRef]

Bayareh Mancilla, R.; Tan, B.P.,; Daul, C.; Gutiérrez Martinez, J.; Leija Salas, L.; Wolf, D.; Vera Herndndez, A. Anatomical 3D
modeling using IR sensors and radiometric processing based on structure from motion: Towards a tool for the diabetic foot
diagnosis. Sensors 2021, 21, 3918. [CrossRef] [PubMed]

Yan, H.; Dai, ]. Reconstructing a 3D Medical Image from a Few 2D Projections Using a B-Spline-Based Deformable Transformation.
Mathematics 2022, 11, 69. [CrossRef]

Lechelek, L.; Horna, S.; Zrour, R.; Naudin, M.; Guillevin, C. A hybrid method for 3d reconstruction of mr images. J. Imaging 2022,
8,103. [CrossRef]

Gobel, B.; Reiterer, A.; Moller, K. Image-Based 3D Reconstruction in Laparoscopy: A Review Focusing on the Quantitative
Evaluation by Applying the Reconstruction Error. J. Imaging 2024, 10, 180. [CrossRef]

Hu, Z.; Vergari, C.; Gajny, L.; Liu, Z.; Lam, T.P,; Zhu, Z.; Qiu, Y.; Man, G.C.W,; Yeung, K.H.; Chu, W.C.W.,; et al. Comparison of 3D
and 2D Characterization of Spinal Geometry from Biplanar X-Rays: A Large Cohort Study. Quant. Imaging Med. Surg. 2021,
11, 3306-3313. [CrossRef]

Liang, Y,; Lv, J.; Li, D.; Yang, X.; Wang, Z.; Li, Q. Accurate Cobb Angle Estimation on Scoliosis X-Ray Images via Deeply-Coupled
Two-Stage Network With Differentiable Cropping and Random Perturbation. IEEE ]. Biomed. Health Inform. 2022, 27, 1488-1499.
[CrossRef]

Cheng, L.W.; Chou, H.H.; Cai, Y.X,; Huang, K.Y.; Hsieh, C.C.; Chu, PL.; Cheng, L.S; Hsieh, S.Y. Automated Detection of Vertebral
Fractures from X-Ray Images: A Novel Machine Learning Model and Survey of the Field. Neurocomputing 2024, 566, 126946.
[CrossRef]

Payer, C,; Stern, D.; Bischof, H.; Urschler, M. Integrating Spatial Configuration into Heatmap Regression Based CNNs for
Landmark Localization. Med. Image Anal. 2019, 54, 207-219. [CrossRef] [PubMed]

Reddy, PK.; Kanakatte, A.; Gubbi, J.; Poduval, M.; Ghose, A.; Purushothaman, B. Anatomical Landmark Detection Using Deep
Appearance-Context Network. In Proceedings of the 2021 43rd Annual International Conference of the IEEE Engineering in
Medicine & Biology Society (EMBC), Virtual, 30 October-5 November 2021; pp. 3569-3572.

Kim, K.C.; Cho, H.C,; Jang, T.].; Choi, ].M.; Seo, ]. K. Automatic Detection and Segmentation of Lumbar Vertebrae from X-Ray
Images for Compression Fracture Evaluation. Comput. Methods Programs Biomed. 2021, 200, 105833. [CrossRef] [PubMed]
Rahmaniar, W.; Suzuki, K.; Lin, T.L. Auto-CA: Automated Cobb Angle Measurement Based on Vertebrae Detection for Assessment
of Spinal Curvature Deformity. IEEE Trans. Biomed. Eng. 2023, 71, 640-649. [CrossRef] [PubMed]

Liao, H.; Lin, W.A.; Zhang, ].; Zhang, J.; Luo, J.; Zhou, S.K. Multiview 2D/3D Rigid Registration via a Point-Of-Interest Network
for Tracking and Triangulation. In Proceedings of the 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), Long Beach, CA, USA, 16-20 June 2019; pp. 12630-12639.

Bousigues, S.; Gajny, L.; Abihssira, S.; Heidsieck, C.; Ohl, X.; Hagemeister, N.; Skalli, W. 3D reconstruction of the scapula from
biplanar X-rays for pose estimation and morphological analysis. Med Eng. Phys. 2023, 120, 104043. [CrossRef]

Aubert, B,; Vidal, P.A.; Parent, S.; Cresson, T.; Vazquez, C.; De Guise, ]. Convolutional Neural Network and In-Painting Techniques
for the Automatic Assessment of Scoliotic Spine Surgery from Biplanar Radiographs. In Proceedings of the Medical Image
Computing and Computer-Assisted Intervention—MICCAI 2017, Quebec City, QC, Canada, 10-14 September 2017; Descoteaux,
M., Maier-Hein, L., Franz, A., Jannin, P, Collins, D.L., Duchesne, S., Eds.; Lecture Notes in Computer Science; Springer: Cham,
Switerland, 2017; pp. 691-699.

Wu, H,; Bailey, C.; Rasoulinejad, P.; Li, S. Automated Comprehensive Adolescent Idiopathic Scoliosis Assessment Using MVC-Net.
Med. Image Anal. 2018, 48, 1-11. [CrossRef] [PubMed]

Wang, L.; Xu, Q.; Leung, S.; Chung, J.; Chen, B.; Li, S. Accurate Automated Cobb Angles Estimation Using Multi-View
Extrapolation Net. Med. Image Anal. 2019, 58, 101542. [CrossRef] [PubMed]

191



Sensors 2025, 25, 1123

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Zhang, K.; Xu, N.; Guo, C.; Wu, ]. MPE-Net: An Effective Framework for Automated Cobb Angle Estimation. Med. Image Anal.
2022, 75,102277. [CrossRef] [PubMed]

Li, Y; Liang, W.; Zhang, Y.; An, H.; Tan, ]. Automatic Lumbar Vertebrae Detection Based on Feature Fusion Deep Learning for
Partial Occluded C-Arm X-Ray Images. In Proceedings of the 2016 38th Annual International Conference of the IEEE Engineering
in Medicine and Biology Society (EMBC), Orlando, FL, USA, 16-20 August 2016; pp. 647-650.

Galbusera, F; Niemeyer, F; Wilke, H.]J.; Bassani, T.; Casaroli, G.; Anania, C.; Costa, F; Brayda-Bruno, M.; Sconfienza, L.M.
Fully Automated Radiological Analysis of Spinal Disorders and Deformities: A Deep Learning Approach. Eur. Spine J. 2019,
28,951-960. [CrossRef] [PubMed]

Huang, Y,; Jones, C.K.; Zhang, X.; Johnston, A.; Waktola, S.; Aygun, N.; Witham, T.E; Bydon, A.; Theodore, N.; Helm, P.A_; et al.
Multi-Perspective Region-Based CNNss for Vertebrae Labeling in Intraoperative Long-Length Images. Comput. Methods Programs
Biomed. 2022, 227,107222. [CrossRef] [PubMed]

Iskakov, K.; Burkov, E.; Lempitsky, V.; Malkov, Y. Learnable Triangulation of Human Pose. In Proceedings of the 2019 IEEE/CVF
International Conference on Computer Vision (ICCV), Seoul, Republic of Korea, 27 October-2 November 2019; pp. 7717-7726.
Zhang, Z.; Wang, C.; Qiu, W.; Qin, W.; Zeng, W. AdaFuse: Adaptive Multiview Fusion for Accurate Human Pose Estimation in
the Wild. Int. J. Comput. Vis. 2021, 129, 703-718. [CrossRef]

Xiao, B.; Wu, H.; Wei, Y. Simple baselines for human pose estimation and tracking. In Proceedings of the European Conference
on Computer Vision (ECCV), Munich, Germany, 8-14 September 2018; pp. 466—481.

Ronneberger, O.; Fischer, P.; Brox, T. U-net: Convolutional networks for biomedical image segmentation. In Proceedings of
the Medical Image Computing and Computer-Assisted Intervention-MICCAI 2015: 18th International Conference, Munich,
Germany, 5-9 October 2015; Proceedings, Part III 18; Springer: Berlin/Heidelberg, Germany, 2015; pp. 234-241.

Sekuboyina, A.; Husseini, M.E.; Bayat, A.; Loffler, M.; Liebl, H.; Li, H.; Tetteh, G.; Kukacka, J.; Payer, C.; Stern, D.; et al. VerSe: A
Vertebrae Labelling and Segmentation Benchmark for Multi-Detector CT Images. Med. Image Anal. 2021, 73, 102166. [CrossRef]
[PubMed]

Jin, H.; Che, H.; Chen, H. Unsupervised domain adaptation for anatomical landmark detection. In Proceedings of the International
Conference on Medical Image Computing and Computer-Assisted Intervention, Vancouver, BC, Canada, 8-12 October 2023;
Springer: Berlin/Heidelberg, Germany, 2023; pp. 695-705.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

192



E sensors

Article

DeiT and Image Deep Learning-Driven Correction of Particle
Size Effect: A Novel Approach to Improving NIRS-XRF Coal
Quality Analysis Accuracy

Jiaxin Yin 12, Ruonan Liu 2, Wangbao Yin 2%, Suotang Jia 12 and Lei Zhang 1-2-*

State Key Laboratory of Quantum Optics and Quantum Optics Devices, Institute of Laser Spectroscopy,
Shanxi University, Taiyuan 030006, China; 202222618045@email.sxu.edu.cn (J.Y.);
202322618022@email.sxu.edu.cn (R.L.); fla@sxu.edu.cn (S.].)

Collaborative Innovation Center of Extreme Optics, Shanxi University, Taiyuan 030006, China

*  Correspondence: ywb65@sxu.edu.cn (W.Y.); k1226@sxu.edu.cn (L.Z.)

Abstract: Coal, as a vital global energy resource, directly impacts the efficiency of power
generation and environmental protection. Thus, rapid and accurate coal quality analysis is
essential to promote its clean and efficient utilization. However, combined near-infrared
spectroscopy and X-ray fluorescence (NIRS-XRF) spectroscopy often suffer from the particle
size effect of coal samples, resulting in unstable and inaccurate analytical outcomes. This
study introduces a novel correction method combining the Segment Anything Model (SAM)
for precise particle segmentation and Data-Efficient Image Transformers (DeiTs) to analyze
the relationship between particle size and ash measurement errors. Microscopic images of
coal samples are processed with SAM to generate binary mask images reflecting particle
size characteristics. These masks are analyzed using the DeiT model with transfer learning,
building an effective correction model. Experiments show a 22% reduction in standard
deviation (SD) and root mean square error (RMSE), significantly enhancing ash prediction
accuracy and consistency. This approach integrates cutting-edge image processing and
deep learning, effectively reducing submillimeter particle size effects, improving model
adaptability, and enhancing measurement reliability. It also holds potential for broader
applications in analyzing complex samples, advancing automation and efficiency in online
analytical systems, and driving innovation across industries.

Keywords: coal quality analysis; near-infrared spectroscopy (NIRS); X-ray fluorescence
(XRF); particle size effect; image segment; data-efficient image transformer (DeiT)

1. Introduction

Coal, as a critical global energy resource, directly impacts the efficiency of power
generation, coal preparation, and coal chemical industries, as well as their environmental
effects [1,2]. Therefore, rapid and accurate coal quality analysis plays a crucial role in pro-
moting the clean and efficient utilization of coal [3]. Key indicators of coal quality include
ash, volatile matter, calorific value, and sulfur content, which determine the combustion
performance and environmental characteristics of coal [4].

Traditional coal quality analysis methods include LIBS [5,6], XRF [7], NIRS [8] and
Dual-Energy X-ray Analysis (DEXA) [9,10]. These methods, with their high sensitivity,
rapid response, and non-destructive characteristics, offer certain advantages in terms of
accuracy. However, they often face challenges such as complex sample preparation, lengthy
analysis times, and susceptibility to human interference. To address these issues, NIRS-XRF
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combined spectroscopy [11] has emerged as an analytical technique that integrates the
strengths of near-infrared spectroscopy (NIRS) and X-ray fluorescence spectroscopy (XRF).
It provides higher accuracy and reliability, particularly in overcoming the limitations of
single techniques [12].

NIRS excites molecular vibrations in the sample using specific wavelengths of light,
generating unique absorption spectra that precisely reflect the organic components of
the sample [13]. Meanwhile, XRF employs high-energy X-rays to excite atoms in the
sample, producing characteristic fluorescence spectra that efficiently and reliably measure
inorganic elements [14]. The combination of these two techniques enables highly stable and
comprehensive detection of coal components, facilitating the rapid and accurate analysis
of key coal quality indicators. For example, Gao et al. [15] developed a fast calorific
value analyzer for coal using NIRS-XRF technology, employing a partial least squares
regression (PLSR) algorithm with an overall-segmented model. They achieved a standard
deviation of 0.09 MJ/kg when measuring the calorific value of four coal products with a
particle size of 0.2 mm. Additionally, they proposed a method for identifying coal types
using random forests and applying corresponding PLSR sub-models to predict calorific
value, effectively addressing the measurement challenges posed by varying coal types
in complex applications like coking and coal washing industries. Similarly, Li et al. [16]
proposed an automatic classification method for coking coal by combining NIRS-XRF fusion
spectroscopy, principal component analysis (PCA), and t-distributed stochastic neighbor
embedding (t-SNE) for dimensionality reduction. They classified the samples using support
vector machines (SVM) and built regression models with PLSR. This approach significantly
improved the prediction accuracy of ash, volatile matter, and sulfur content in coal samples
with a particle size of 0.2 mm. The determination coefficient (RZ) for ash reached 0.9987,
with a root mean square error of prediction (RMSEP) of 0.31%.

In practical applications, grinding samples to a 0.2 mm particle size often causes
blockages in grinders, leading to equipment downtime and increased maintenance costs,
which in turn affect the overall operational efficiency of the system. In contrast, coal
samples with a particle size of Imm can be obtained directly through simple crushing
processes, which are more convenient and significantly improve the efficiency of online coal
detection. However, the NIRS-XRF analysis of Imm coal samples is subject to interference
from uneven surface particle distribution and particle size variations [17,18]. This is because
a 1 mm particle size represents the D50 median diameter, meaning 50% of particles are
smaller than or equal to this size. Larger particles may cause uneven light scattering and
absorption [19]. To improve the accuracy and consistency of NIRS-XRF analysis for coal
samples with a particle size of 1 mm or larger, effective correction of particle size effects
has become a key issue that needs urgent resolution.

Conventional particle size correction methods, such as Multiplicative Scatter Correc-
tion (MSC) [20], Polynomial Multiplicative Scatter Correction (PMSC) [21], Standard Nor-
mal Variate Correction) [22], and Extended Multiplicative Scatter Correction (EMSC) [23],
can partially reduce the impact of physical factors on spectral data and are widely used
in industries such as agriculture [24] and pharmaceuticals [25]. However, these methods
primarily rely on spectral data for correction and fail to account for the influence of spatial
distribution and morphological characteristics of particles. In contrast, image segmentation
technology can directly capture the spatial distribution and morphological information
of sample particles, allowing for more precise correction of spectral changes caused by
uneven particle size, thus providing more accurate correction results.

This study focuses on developing a particle size effect correction method based on
machine vision and image deep learning, aiming to make NIRS-XRF prediction models
insensitive to variations in particle size distribution. Specifically, the Segment Anything
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Model (SAM) [26] is used to achieve precise particle segmentation of microscopic images
of coal samples, generating binary mask images that reflect particle size distribution
characteristics. Then, Data-Efficient Image Transformers (DeiTs) [27] are employed to train
these mask images and the associated ash measurement errors, establishing a particle
size effect correction model for NIRS-XRF coal quality measurements. By validating the
effectiveness of this method through experiments, we aim to provide an innovative solution
to the particle size effect issue in spectral analysis.

2. Materials and Methods

2.1. Experiment
2.1.1. Experiment Setup

The NIRS-XRF combined coal quality analysis experimental setup used for particle
size effect correction comprises the following five modules as shown in Figure 1:

Computer

NIRS

6:1 reflected light probe (length=2m)

Microscope

4
CCD y

)| FTIR Halogen light source
engine & ¢ TR Sy
;. Tip of optical fiber |
i i
| For :
i irradiation |
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=

Sample Loading Cell

ﬂstepper Motor

Figure 1. NIRS-XRF combined coal quality analysis setup for particle size effect correction (CCD:
charge-coupled device, FTIR: Fourier-transform infrared spectroscopy, HV Power: high voltage
power, HG: hydrogen generator, BW: beryllium window, CM: collimator, SDD: silicon drift detector,
PLC: programmable logic controller).

1. NIRS Module: A Fourier-transform infrared spectrometer (C15511-01, Hamamatsu
Photonics, Hamamatsu, Japan) is employed, with a working wavelength range of
1100-2500 nm, a spectral resolution of 5.7 nm, a signal-to-noise ratio of 10,000:1, and a
spectral repeatability of £0.5 nm. The exposure time is set to 15 s. The light source is
a halogen lamp (AvaLight-HAL-S Mini, Avantes, Apeldoorn, The Netherlands) with
a working wavelength range of 360-2500 nm, a color temperature of 2700 K, and a
service life exceeding 13,000 h.

2. XRF Module: This energy-dispersive structure is equipped with an X-ray tube (VF-50],
Varex Imaging, Salt Lake City, UT, USA) with a maximum power of 50 W and a
rhodium target cathode. The tube voltage and current are set to 14 kV and 0.4 mA,
respectively. A silicon drift detector (VIAMP, KETEK, Munich, Germany) with a
graphene window is included, featuring a peak integration time of 0.1 ps and an
integration time of 30 s. To prevent low-energy X-ray fluorescence signals from being
absorbed by air, a hydrogen generator (SFH-300, Shen Fen Analytical Instruments,
Shanghai, China) supplies hydrogen with 99.99% purity at a flow rate of 150 mL/min
to the measurement chamber.

3. Microscopic Imaging Module: Located between the sample pool’s initial position and
the NIRS analysis module, this module includes a CCD microscope (RY-602, Renyue
Electronics, Shanghai, China) and a ring-shaped auxiliary light. The microscope
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features 1x optical magnification, ~30x electronic magnification, and a working
distance of 120 mm, with a field of view of 18 mm x 10 mm. The light provides an
illumination of 55,000 Lux with an optimized angle to ensure uniform illumination
on the coal sample surface.

4. Sample Transport Module: The core component is a one-dimensional motorized linear
stage located beneath the NIRS and XRF modules, with an effective travel distance of
600 mm, a repeatability of 0.03 mm, and a moving speed of 20 mm/s. The sample
loading cell mounted on this module measures 130 mm x 30 mm x 10 mm.

5. Analysis and Control Module: This module consists of a computer (equipped with
an NVIDIA GeForce RTX 4090 GPU) and a programmable logic controller (PLC,
SIEMENS S7-1200), responsible for timing control and data processing during the
measurement process. The experimental operation software, developed on the Lab-
VIEW platform, provides a user-friendly interface, allowing users to input sample
information, select measurement methods, and monitor and display the progress and
results in real time.

During the experiments, microscope images, NIRS spectra, and XRF energy spectra
were collected from a central square area on the sample loading cell of the sample transport
module, as shown in Figure 2. The left side shows the sample loading cell captured by a
standard camera, while the right side provides a detailed view of the central square area
(9 mm x 9 mm, green square) in the measurement region, captured by a microscope and
highlighted by the green square. This area was used for collecting microscope images,
NIRS spectra, and XRF energy spectra. We carefully calibrated the movement distances
between these modules to ensure alignment of the same area for data collection, using
adhesive labels and X-ray film for precise alignment.

100

Figure 2. Schematic diagram of the sample cell and the corresponding magnified image showing the
measurement area.

The experimental setup operates as follows: first, microscopic imaging (~5 s) is per-
formed, followed sequentially by NIRS (~15 s) and XRF detection (~30 s). The entire process
takes approximately 1 min. After completion, the sample pool returns to its initial position,
and all data are saved and recorded. Special attention is required to align the near-infrared

196



Sensors 2025, 25, 928

and X-ray beam spots to the same size and ensure consistent sample irradiation areas.
This ensures that the microscopic images can be accurately cropped and correspond to
the respective spectra. The experimental environment is maintained at 22-25 °C with a
humidity of 40-50%.

2.1.2. Samples

In this study, eight coal samples were collected from the coal preparation plant of
Shanxi Sunshine Coking Group, all with a median particle size of 1 mm. These samples
were classified as coking coal according to the Chinese National Standard GB/T5751-
2009 Classification of Coals in China. The ash content standard values were determined
following the Chinese National Standard GB/T212-2008 Methods for Chemical Analysis of
Coal to ensure accuracy and authority.

The previously established ash prediction model based on 0.2 mm coal samples was
used as the standard model. The eight 1 mm samples were used for particle size effect
correction to ensure the standard ash prediction model maintained accurate prediction
capabilities across samples with varying particle size distributions.

Each coal sample was placed in the sample pool, leveled, and tested 100 times, result-
ing in 100 microscopic images and 100 initial ash measurement values for each sample.
For model training, 90 images were randomly selected from each sample, with the remain-
ing 10 images used for testing. Thus, the dataset consisted of 720 training images and
80 testing images.

2.2. Construction of the Particle Size Effect Correction Model

The overall construction process of the particle size effect correction model is shown in
Figure 3. For the microscopic images of the coal samples, systematic preprocessing, image
segmentation, and post-processing are performed to generate binary mask images. The
difference between the predicted ash values from the standard model and the actual ash
values is then calculated. This forms a dataset comprising 224 x 224 pixels mask images
and ash difference values, used for training and testing the correction model.

Image Preprocess Lmsge Segmentide Training Data Preparation DeiT for Regression
Postprocess
Image Crop
Collect Load DeiT
l Load SAM Model PLS Predicted Value & Pretrained
Actual Ash Content Value Model Weight
Gaussian Blur l
l Modify DeiT for
e~ regression
Add circular Mask cature ‘ Compute Ash Correction Value ‘ {
Extraction
Automatic Mask
Eeneation <l > Model Train
Filter Non- ( ‘<\
comliant Masks fl> Model Test
Extract Image by
Filtered Masks Color Image Result

Figure 3. Overall construction process of the particle size effect correction model.
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2.2.1. Image Preprocessing and Post-Processing

The original images cover a large area, so they are first center-cropped to reduce
the pixel size to 1000 x 1000. To minimize noise, Gaussian filtering is applied for image
smoothing. Since the spectral acquisition region is circular, a circular mask is used to process
the images, ensuring the size matches the mask’s outer boundary while maintaining a pixel
size of 1000 x 1000.

For accurate coal particle segmentation, the SAM model is utilized to produce high-
precision panoptic segmentation maps and extract the mask for each coal particle. The
segmentation masks are sorted and filtered to remove abnormal sizes and discard smaller
masks in overlapping regions.

The filtered segmentation masks are combined into a single mask image. Using this
mask, valid segmented coal particle regions are extracted from the original image and
resized to 224 x 224 pixels for subsequent model training and testing.

2.2.2. Segment Anything Model

Image segmentation is a core task in computer vision [28], aiming to divide an image
into multiple meaningful regions or objects for further analysis or processing. Traditional
image segmentation methods, such as thresholding, edge detection [29], region grow-
ing [29], watershed algorithms [30] and normalized cuts [31], rely on handcrafted features
and low-level image information. While effective for simple scenarios, these methods often
fail when handling complex or irregularly shaped objects. With advancements in deep
learning, methods such as U-Net [32] and Mask R-CNN [33] have significantly improved
segmentation capabilities through large-scale data training and end-to-end learning. How-
ever, these methods typically require extensive labeled data and task-specific architecture
design, limiting their generalizability and applicability across tasks.

Against this backdrop, the Segment Anything Model (SAM) emerges as an innovative
image segmentation method. Trained on vast amounts of data, SAM captures diverse visual
concepts and supports cross-domain transfer learning, greatly enhancing its generality
for segmentation tasks in various applications [26]. Its key advantage lies in its ability to
perform efficient and precise segmentation even in the absence of abundant labeled data,
automatically adapting to different scenarios. This capability is particularly valuable in
complex, dynamic environments. SAM has been widely applied in areas such as medical
image analysis [34], remote sensing image processing [35], object detection in autonomous
driving [36], industrial inspection [37] and agricultural pest identification [38,39]. Its excep-
tional flexibility and efficiency make it particularly suitable for tasks involving complex
structures or diverse environments.

The SAM model combines the strengths of CNNs and transformers to form an efficient
image segmentation method. CNNs excel at extracting local features and recognizing
spatial structural information within images, making them particularly suitable for tasks
with prominent local patterns. At the same time, transformers, through their self-attention
mechanism, capture global information and exploit long-range dependencies in images.
This combination allows SAM to extract fine details while also understanding the global
context of an image, achieving more precise and robust segmentation. In particular, when
processing the panoptic segmentation of coal particle images, SAM effectively addresses
differences in particle morphology and the complexity of image backgrounds, providing
more accurate segmentation results.

Figure 4 illustrates the basic structure of the SAM model [26], which consists of three
main components: an Image Encoder, a Prompt Encoder, and a Mask Decoder. First,
the Image Encoder (based on the Vision Transformer) extracts features from the input
image, generating an embedded representation of the image (Image Embedding). Next, the
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Prompt Encoder converts user-provided prompts (such as points, bounding boxes, or text)
into embeddings. These embeddings are combined with the image embeddings and input
into the Mask Decoder. Finally, the Mask Decoder integrates the image features and prompt
information to generate the final segmentation mask. This overall structure effectively
combines global image features with the guidance of prompt information, enabling the
SAM model to flexibly adapt to various segmentation tasks.

valid mask 1, score 1
valid mask 2, score 2

D m Mask Decoder B

D \f valid mask 3, score 3

Image Encoder I T T
Image (Vision Transformer) D
l:‘ conv Prompt Encoder
Image T T T T
Erieing Mask Points Box Text

Figure 4. Basic structure of the SAM model.

In this study, SAM is applied to the task of panoptic segmentation of coal particle
images. Coal samples exhibit complex particle morphology with significant variation
between samples, making traditional segmentation methods challenging. SAM excels in
adapting to diverse image characteristics and effectively completing segmentation tasks
without requiring extensive labeled data [24]. For coal particle images, SAM accurately
identifies and separates particles of different sizes, generating binary mask images that
reflect coal particle morphology. Figure 5 demonstrates SAM’s strong capability in coal
particle image processing. Compared to traditional methods, SAM not only improves
segmentation accuracy but also significantly enhances the model’s adaptability to complex
and dynamically changing scenarios. Using SAM for coal particle image segmentation
provides high-quality data support for subsequent analyses such as coal quality detection
and particle size effect correction, advancing coal analysis technology.

(b)

Figure 5. Comparison of different segmentation methods. (a) Coal sample original microscopic

image; (b) Watershed segmentation using convex hull analysis; (c) SAM segmentation.

2.2.3. PLSR Model

We previously developed an ash content prediction model for coal with a median par-
ticle size of 0.2 mm, implemented on our experimental platform using Partial Least Squares
Regression (PLSR). We collected near-infrared and X-ray fluorescence spectral data. These
data are preprocessed to reduce noise and enhance quality. Principal Component Analysis
(PCA) is then applied to extract relevant features from the processed spectra, focusing on
the principal components associated with ash content, such as specific wavelengths in the
NIRS spectrum or element concentrations measured by XRF. A PLSR model is constructed
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to establish the relationship between the extracted features and ash content. The model’s
output is the predicted ash content, which has not been corrected for particle size effects.
The model was validated on 0.2 mm coal powder samples, demonstrating excellent per-
formance with a repeatability standard deviation (SD) of less than 0.2%, indicating high
accuracy in ash content prediction. The next step will involve addressing particle size
effects through a correction model, targeting coal with a median particle size of 1 mm.

2.3. Correction Model
2.3.1. DeiT Model

The core of the particle size effect correction model lies in using particle size distribu-
tion data to adjust the ash content of coal samples, effectively reducing measurement errors
caused by particle size differences and improving the accuracy of ash measurement. The
process begins by calculating the ash error as the difference between the actual ash content
and the measured value of the sample. This error is then normalized and regularized,
serving as the target value for ash error correction. For model design, 224 x 224 pixel
three-channel color images are used as training inputs. These mask images incorporate
comprehensive physical information about larger particles on the coal sample surface,
including shape, color, position, and size.

In recent years, deep learning has achieved significant breakthroughs in image anal-
ysis [40], leading to the development of numerous efficient models. Among these, trans-
former models have demonstrated exceptional performance in tasks such as image clas-
sification, owing to their powerful feature extraction and global information modeling
capabilities, exemplified by ViT [41]. The core mechanism of transformer models is self-
attention, which captures long-range dependencies within images and provides a global
receptive field. In contrast, CNN models [42] have local receptive fields that require
multiple layers of convolution and pooling to gradually expand their receptive field. How-
ever, traditional transformer models require large datasets for training, which poses a
challenge in coal composition analysis due to the high cost of acquiring large-scale coal
image datasets.

To address this limitation, this study adopts the concept of transfer learning and
employs the Data-efficient Image Transformers (DeiTs) Model. DeiT is an improved trans-
former model that uses a training method called “distillation” to enhance performance
on small datasets. Distillation involves a knowledgeable teacher model (usually a high-
performing traditional model, such as a CNN) guiding a student model (DeiT) to learn
more effectively, as illustrated in Figure 6 [43]. This approach enables DeiT to learn mean-
ingful image features from smaller datasets, which is crucial for analyzing coal images with
limited data.

Specifically, the task involves mapping coal images to a floating-point number repre-
senting the ash error (actual ash value minus the measured value), essentially performing
image regression. The DeiT model’s core mechanism, self-attention, efficiently captures
relationships between different regions of an image, which is critical for understanding
the microstructure and compositional distribution of coal. By pretraining on large general-
purpose image datasets, DeiT learns generic image features. Subsequently, the pretrained
DeiT model is fine-tuned on the coal image dataset to better adapt to coal-specific charac-
teristics and accurately predict relevant physical and chemical properties. The structural
design and workflow based on the DeiT deep learning model are as follows:

e Backbone Model: This study uses DeiT Base as the backbone model. Its architec-
ture is based on Vision Transformer (ViT) and consists of multiple transformer en-
coders capable of extracting global features from input images. The model accepts
224 x 224 x 3 images as input, performs linear projection and positional encoding, di-
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vides the image into 16 x 16 patches, and maps these patches into fixed-length embed-
ding vectors. Each embedding vector is processed through a multi-head self-attention
mechanism and a feed-forward network to capture global feature relationships.

e Adaptation for Regression Tasks: To adapt to the regression task for ash correction, the
DeiT classification head is replaced with a regression head. The original classification
head is modified to a linear layer with a single output node for predicting continuous
values. The input dimension of the new linear layer matches the final embedding
features of DeiT (768 dimensions), while the output dimension is set to 1 to generate
ash correction predictions.

e  Feature Extraction and Regression Output: Preprocessed images are fed into the
backbone DeiT model, where multi-layer transformer encoders extract global image
features. The regression head then produces the ash correction prediction. The trans-
former structure effectively models complex spatial distributions and ash variation
patterns within coal particle images through its global modeling capability.

Teacher Model / T o Soft
(Pre-Trained) Labels
XT 2
KLDDivLoss —
Image
/T Soft X
Softmax —> gl
Prediction
_ Student Model
o (To be trained) > Total Loss
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CELoss —
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Figure 6. Teacher-student distillation training in DeiT model.

Compared to traditional CNNSs, DeiT directly models global feature interactions
through its multi-head self-attention mechanism, eliminating the dependency of convolu-
tion operations on local regions. Furthermore, DeiT’s data efficiency allows it to perform
well on smaller labeled datasets by leveraging pretrained models. By adapting the regres-
sion head to task-specific needs, this method achieves a direct mapping from coal particle
images to ash predictions, providing robust support for multimodal feature integration
and analysis of complex feature relationships.

Unlike traditional image analysis methods that rely on handcrafted features, DeiT au-
tomatically learns intricate image characteristics, avoiding the complexity and subjectivity
of manual feature design. Its global receptive field further enhances its ability to capture the
overall structure of coal images, which is crucial for composition analysis tasks requiring
consideration of global structures. As a complementary tool to CNNs, DeiT provides a
powerful modeling approach for ash correction tasks, improving both prediction accuracy
and generalization capability. Therefore, using DeiT for regression tasks to correct ash
measurement errors is highly appropriate.

2.3.2. Model Evaluation

To evaluate the established particle size effect correction model, this study uses Stan-
dard Deviation (SD) and Root Mean Square Error (RMSE) as assessment metrics to measure
the model’s accuracy and repeatability in prediction results.

SD measures the model’s repeatability, reflecting the consistency of ash prediction
results obtained from multiple measurements of the same coal sample under identical
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conditions. A smaller SD value indicates better repeatability of the model’s ash predictions.
The calculation formula is as follows:

" (X - X)*

D:
5 n—1

@)
where X; represents the corrected ash value from the i-th measurement of the same coal
sample, X represents the average of all predicted values for the coal sample during repeated
measurements, and # denotes the total number of repeated measurements.

RMSE is a widely used error evaluation metric primarily designed to quantify the
deviation between the model’s predicted ash values and the actual ash values of coal
samples. Compared to Mean Absolute Error (MAE), RMSE is more sensitive to larger
errors due to its inclusion of a squared term, which amplifies the impact of significant
errors. Therefore, RMSE is better suited for scenarios requiring a focus on penalizing large
errors and more effectively reflects the model’s stability and precision in predictions. The
calculation formula is as follows:

(G -Y)?
n

RMSE = 2)
where Y; represents the actual ash value of the coal sample, Y represents the predicted
value, and n denotes the total number of samples.

3. Results
3.1. Impact of Particle Size on NIRS and XRF Spectra

In the experimental analysis, the reproducibility of NIRS spectra (Figure 7) and XRF
energy spectra (Figure 8) was compared for the same coal sample under different particle
size conditions (median diameters of 0.2 mm and 1 mm). The coal sample surface was
leveled multiple times, and five repeated measurements were conducted under each
particle size condition.

The results show that changes in surface particle distribution significantly affected
spectral stability, with larger-particle samples exhibiting greater spectral fluctuations com-
pared to smaller-particle samples. Spectral stability refers to the consistency of spectral
data over time and under varying conditions, characterized by minimal spectral fluctu-
ations. In our experiment, smaller-particle samples maintained more consistent spectral
characteristics after each leveling, indicating better spectral stability.

For NIRS spectra, 1 mm particle samples displayed higher absorbance. Larger particles
caused stronger light scattering and longer optical path lengths, enhancing light-sample
interaction and increasing absorbance. Poor surface uniformity in large-particle samples
further increased light capture and absorption efficiency due to variations in porosity.
Additionally, the uneven distribution of chemical components accentuated absorption
peaks at specific wavelengths.

For XRF energy spectra, characteristic emission lines of various elements were labeled.
Small-particle samples exhibited significantly higher fluorescence intensity for elements
such as S, Ti, Fe, and Co. This is because fine-particle samples had a more uniform surface,
enhancing fluorescence signal output, while larger particles with rough surfaces and larger
particle spacing caused signal attenuation.
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Figure 7. NIRS spectra of the same coal sample leveled repeatedly with different particle sizes.
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Figure 8. XRF energy spectra of the same coal sample leveled repeatedly with different particle sizes.

3.2. Training and Evaluation of the Correction Model

During the training and evaluation phase of the ash correction model, we used the

SAM model to extract particle size features in the task of precise coal particle segmen-

tation in microscopic images, ensuring the accuracy of the particle size effect correction
model training.

To adapt to this specific task, we adjusted the SamAutomaticMaskGenerator parame-

ters in the SAM model to minimize the impact of large coal particles on the segmentation

results. The optimized parameters are detailed in Table 1. These adjustments significantly

203



Sensors 2025, 25, 928

reduced the interference caused by large coal particles, making the segmentation results
more aligned with the true morphology of the coal particles.

Table 1. Parameter settings for the Sam AutomaticMaskGenerator.

Parameter Value Type
points_per_side ! 32 int
points_per_batch 2 128 Int
pred_iou_thresh ? 0.87 float
stability_score_thresh 0.8 float
box_nms_thresh ° 0.8 float
min_mask_region_area 6 200 int

! The number of points to be sampled along one side of the image. 2 Sets the number of points run simultaneously
by the model. 3 A filtering threshold in [0,1], using the model’s predicted mask quality. # A filtering threshold in
[0,1], based on the mask’s stability when changing the cutoff for binarizing the mask. > The box IoU cutoff used
by non-maximal suppression to filter duplicate masks. ® Remove disconnected regions and holes in masks with
area smaller than min_mask_region_area.

Figure 9 illustrates the complete workflow from capturing the raw images to gener-
ating the final segmented coal particle images. Initially, the raw images are acquired at a
resolution of 1920 x 1080, containing mixed information of coal particles and background.
To improve the effectiveness of subsequent segmentation, the images undergo preprocess-
ing, including cropping and denoising, resulting in images resized to 1000 x 1000 pixels.
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Figure 9. Image processing workflow.

The preprocessed images are then input into the SAM model for segmentation, which
generates multiple binary segmentation instances, each representing an independent coal
particle region. During segmentation, the instances output by the SAM model are visualized
using randomly assigned colors with a transparency of 0.6 to facilitate evaluation and
verification of the segmentation results. This produces an integrated mask preview.

Next, the segmentation results are optimized through filtering and overlay operations,
retaining only regions that meet the particle size requirements. This step generates the final
binary segmentation mask (a single-channel image) that clearly delineates coal particle
regions while masking irrelevant background information.

The binary mask is then used to extract coal particle regions from the original images.
The extracted images are standardized by resizing them to 224 x 224 x 3 pixels, making
them suitable as input for deep learning models. This comprehensive workflow, combining
image preprocessing, segmentation, filtering, and standardization, ensures the generated
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images are of high quality and consistency, providing reliable input data for subsequent
analysis and modeling.

This processing pipeline demonstrates the efficiency of the SAM model, not only
achieving precise coal particle segmentation but also eliminating over-segmentation and re-
gions with abnormal sizes through post-processing. This significantly improves the consis-
tency between the segmentation mask and the actual geometry of coal particles, providing
high-quality input data that enhance the accuracy and stability of the ash prediction model.

Figure 10 shows five coal particle images from the dataset. The top row represents
the original color images with circular masks applied, while the bottom row displays the
color images generated after segmentation and post-processing by the SAM model. The
results demonstrate the SAM model’s robust ability to extract and segment individual coal
particles from images, producing outputs closely aligned with the actual geometric features
of coal particles.

SAM Input

SAM Output
with Postprocess g4

Figure 10. Comparison of coal particle images in the dataset.

During the training phase, a custom regression model based on the DeiT architecture
was implemented using the PyTorch [44] framework and executed on a GPU to accel-
erate computation. The MSELoss function was selected as the loss criterion, and the
Adam optimizer was used with an initial learning rate of 0.0001, ensuring stable training
and convergence.

To further enhance the model’s training effectiveness and adaptability, a Cosine An-
nealing Learning Rate Scheduler was introduced. This scheduler dynamically adjusts the
learning rate over the total number of training epochs (num_epochs), gradually decaying it
from the initial value to a minimum value of 0.00001. This learning rate strategy allows
the model to explore a broader learning space in the early stages of training and refine its
parameters during later stages through the gradual reduction in the learning rate.

4. Discussion
4.1. Significance of Particle Size Effects on Spectral Stability

The results highlight the critical impact of particle size on the stability of NIRS and
XREF spectra. Large-particle samples exhibited greater spectral fluctuations due to factors
such as stronger light scattering, uneven porosity, and inconsistent chemical composition.
For NIRS, higher absorbance in larger particles was attributed to enhanced light-sample
interaction. For XREF, the fluorescence intensity was significantly higher in fine-particle
samples due to their uniform surface. These findings underscore the necessity of correcting
for particle size effects to improve measurement accuracy and stability.

4.2. Impact of Correction on Ash Prediction Accuracy

The validation set experiments showed significant improvements in the SD of ash
predictions after correction (Figure 11). For example, the SD of sample #1 decreased from
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SD(%)

0.37% to 0.30%, and sample #2 from 0.35% to 0.28%. Similarly, the SD of samples #3 and #4
dropped from 0.33% and 0.32% to 0.26% and 0.24%, respectively. Other samples, such as
#5, #6, #7, and #8, also exhibited varying degrees of reduction, with sample #6 showing the
most notable improvement, decreasing from 0.34% to 0.27%. Overall, the average SD of
ash predictions decreased from 0.34% to 0.27% after correction, representing a reduction of
approximately 20.59%. These results indicate that particle size effect correction not only
improves the accuracy of ash predictions but also enhances their repeatability, providing
more reliable support for coal quality analysis.
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Figure 11. Comparison of standard deviation (SD) before and after correction.

Figure 12 presents the changes in RMSE of ash predictions before and after correction.
After correction, RMSE showed a significant reduction. For instance, the RMSE of sample
#1 decreased from 0.40% to 0.34%, sample #3 from 0.37% to 0.30%, sample #4 from 0.36%
to 0.26%, and sample #8 from 0.39% to 0.27%. Overall, the average RMSE of the samples
decreased from 0.36% to 0.28% after correction, representing a reduction of approximately
22.22%. These results clearly demonstrate that particle size effect correction significantly
improves the model’s predictive accuracy and adaptability to samples with different
particle sizes.

In summary, the model correction significantly improved the performance of ash
prediction in terms of both SD and RMSE: the reduction in SD indicates enhanced stability
and repeatability of the model’s predictions, while the decrease in RMSE reflects reduced
prediction errors, improved accuracy, and more consistent predictive performance across
different samples.
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Figure 12. Comparison of root mean square error (RMSE) before and after correction.

5. Conclusions

To address the impact of particle size effects on the accuracy of spectral analysis for
coal samples, this study proposed a correction method based on the SAM and DeiT models.
This method successfully established a more comprehensive and efficient particle size effect
correction mechanism, offering a novel technical solution to tackle complex interference
factors in coal quality analysis.

During the experiments, the DeiT model was utilized to extract deep features from
microscopic images of coal samples. Leveraging Deil’s transformer architecture, the model
captured comprehensive global information on particle size distribution and morphological
characteristics. Subsequently, DeiT’s regression capability modeled the extracted high-
dimensional features, learning the complex nonlinear relationships between particle size
features and target parameters, such as ash content.

Compared to traditional spectral correction methods, this approach eliminates the
reliance on spectral data alone by integrating spatial distribution characteristics and ge-
ometric structures of coal samples into the correction model. This significantly enhances
adaptability and correction accuracy for particle size effects.

The experimental results demonstrate that the DeiT-based correction method sub-
stantially improved ash prediction accuracy, reducing SD from 0.34% to 0.27% and RMSE
from 0.36% to 0.28%. These outcomes highlight the method’s significant advantages in
mitigating particle size effect interference and enhancing the precision of spectral analysis.

The innovation of this study lies not only in the application of the DeiT model but also
in the in-depth exploration and utilization of complex spatial characteristics of samples.
By incorporating the global modeling capabilities of transformer models, this method
constructs a precise and generalizable particle size effect correction mechanism, providing
a novel solution for handling complex interferences in coal quality analysis. Moreover, the
method has broad application potential, extending to other tasks requiring particle size
effect correction in complex sample analyses, and laying a foundation for the innovative
development of spectral analysis technology.
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The particle size effect correction method proposed in this study has potential applica-
tions not only in coal quality analysis but also in various other industries. For instance, in
environmental monitoring, this method may improve the accuracy of pollutant concen-
tration predictions in soil and water samples. In the mining sector, it could enhance ore
composition testing and potentially improve assessment precision. Furthermore, in the
field of food science, this method might aid in better particle analysis of powdered food
products, contributing to a deeper understanding of their compositional characteristics.
In medical diagnostics, particularly in cancer detection, this approach may help analyze
the particle characteristics of biological samples, potentially improving disease prediction.
Additionally, drug development may benefit from this method by optimizing the anal-
ysis of drug release characteristics and possibly increasing the accuracy of drug efficacy
assessments. In summary, this research offers a novel perspective on addressing particle
size effects in the analysis of various complex samples, and we will continue to explore its
broader application prospects in the future.
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Abstract: It is a great challenge for a safe surgery to localize the cutting tip during laminar
grinding. To address this problem, we develop a framework of state estimation based
on the CT image—force model. For the proposed framework, the pre-operative CT image
and intra-operative milling force signal work as source inputs. In the framework, a bone
milling force prediction model is built, and the surgical planned paths can be transformed
into the prediction sequences of milling force. The intra-operative milling force signal is
segmented by the tumbling window algorithm. Then, the similarity between the prediction
sequences and the segmented milling signal is derived by the dynamic time warping
(DTW) algorithm. The derived similarity indicates the position of the cutting tip. Finally, to
overcome influences of some factors, we used the random sample consensus (RANSAC).
The code of the functional simulations has be opened.

Keywords: state estimation; CT image; milling force prediction

1. Introduction

In spinal surgeries, it is significantly risky to undertake mechanical operations, in-
cluding bone drilling and milling [1]. In general, bone milling is used for bone removal
to relieve compression on the spinal cord [2,3]. The surgeons have to perform complex
operations in a narrow surgical field, and prevent a cutting tip from damaging soft tis-
sues, such as nerves, blood vessels, and ligaments. It is extremely high dependent on the
surgeons’ experience [4,5].

The image-based navigation system has been developed for surgeons to conduct
surgical planning through patient-to-image registration [6,7]. It integrates with a stereotaxy
device, which can track the surgical tools with markers [8]. It is critical for a safe surgery to
determine the position of the cutting tip. However, it is impossible to not only sense the
deflection of a cutting bit but also to obtain the position of the cutting tip [9].

To address this problem, many researchers have been developing state recognition
methods [10]. Some methods employ the intra-operative signal to identify the bone
state during cutting. These signals consist of the cutting force/torque [11], sound pres-
sure [12], vibration [13], and motor power of a cutting tool [14]. The bone state is recog-
nized by detecting the signal feature of the stepwise breakthrough in the time domain.
Qu et al. [15] developed a backpropagation neural network for state recognition on ver-
tebral laminar grinding. Four intra-operative signals, including the characteristic milling
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force, milling speed, milling depth, and ultrasonic scalped power, were loaded to detect the
state of bone breakthrough. Jiang et al. [16] proposed an analytical force model to estimate
the cutting depth. Its accuracy was up to 0.2 mm, and this performance was dependent
upon identification of the force coefficients inside the milling force model. Most of the
intra-operative signals are affected by the heat released by the bone cutting, except for the
vibration signal. Xia et al. [17] developed a vibration signal fusion method to predict the
remaining thickness of the lamina in real time, from which, the lamina cutoff had a success
rate of 98.4%. There can be variations in the bone cutting states and signal features for
different specimens because those are functions of bone tissue properties [18-20]. Therefore,
there existed a potential risk for the above methods from the perspectives of robustness
and adaption.

The bone cutting force can be predictable. The mechanical model of the cutting
force has been introduced from the field of metal manufacturing into the field of medical
engineering [21-23]. In the mechanical model of the bone cutting, some force coefficients
are different due to a change in the yield strength of bones. It is only through complex
experiments that the force coefficients for the precious prediction on the drilling force can
be calibrated [24].

Researchers have been focusing on the challenge of how to obtain some prior infor-
mation and estimate the surgical states before an operation. The pre-operative CT image
has been used to predict the cutting state [25]. CT images can digitize the bone shape and
material properties well. Grayscale CT images can quantify the strength of the bone [26,27].
Williamson et al. [28] found that the drilling force sequence was similar to the grayscale
array of the planning path extracted from the CT image. Therefore, Wang et al. [6] com-
bined the pre-operative CT image and the intra-operative drilling force signal to estimate
the drilling position. However, the accuracy was affected by the sampling synchronization
of the drilling signal. Thus, the CT image is combined with the mechanical model of
the drilling force to derive the CT image—force mapping model. Based on this model,
Li et al. [25] developed the virtual sensing framework to predict the trend of the thrust
change during the drilling process. The discrimination capacity of identification can achieve
the voxel level of the CT images. According to the gray value array in the CT image subject
to the surgical planning, Li et al. [29] proposed a strategy to adjust the cutting speed.
Despite the existing models considering the mechanism between a cutting tool and bone
tissue, and from the results of these published works, the prior force information derived
from the CT images does not seem to be consistent with actual measurements [6,29].

The focus of this work is on estimating the position of the cutting tip, rather than
directly avoiding injury to tissues. The relative code can be found at https://github.com/
GHow-sjtu/LaminarStateEstimator-CT. Based on the existing knowledge of the CT image-
force mapping model, we propose a method to estimate the real-time position of the cutting
tip. The main contributions lie in three aspects:

e Wedevelop an intra-operative state estimation for laminar grinding. The pre-operative
CT image and the intra-operative milling force signal are combined to estimate the
tip position. Simulation results show that the proposed estimation method is ro-
bust for different bones from various specimens, and it can adopt CT images from
different centers.

e We establish a CT image—force model to generate prior knowledge of the bone milling
state before an operation. The proposed method may not provide an accurate quantita-
tive estimation of the milling force due to various bone properties. However, the prior
knowledge contains the time-domain signal characteristics that are used to estimate
the milling state.
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e  Experiments showed that the milling force sequence is relative to the density distribu-
tion along one milling path. The bone density distribution of one milling path in a
lamina is independent. It can work as one of the identification features for positioning
during cutting. It means that the proposed framework may no longer be effective
when the object bone becomes brittle due to osteoporosis or degeneration.

Despite the strengths of our study, we acknowledge that there are certain limitations.
We ignore the impact of the sampling frequency of the cutting force sensor in this work. We
believe that addressing this limitation in future studies will provide a more robust method
for clinical application. Moreover, the effectiveness of the proposed method depends
on the characteristics of bone density distribution. Although we have conducted many
tests, we cannot determine the specific conditions under which the proposed method
becomes ineffective.

The paper is organized as follows. Section 2 presents the proposed method. Section 3
describes the experiments and results. Finally, we present discussions in Section 4, followed
by our conclusion in Section 5.

2. Methods
2.1. Method Overview

In this work, a framework is developed to estimate the tip position during the opera-
tion process, as shown in Figure 1. The proposed framework adopts the pre-operative CT
images and real-time milling signal as the inputs, and it consists of five functional modules.
Module 1 extracts the CT voxels according to the surgical planning. Module 2 utilizes the
CT image—force model to predict milling sequences in view of the thrust force, torque, and
lateral forces. Module 3 segments the milling force signal into four-channel sequences by
a tumbling window. The above data flows are combined into Module 4 to estimate the
instantaneous tip position. The fitting algorithms in Module 5 are used to eliminate the
nonlinear disturbances, as well as to estimate the position of the milled part. Finally, we
can obtain the estimations on the position of the cutting tip, as well as the deviation of the

actual milled paths.
Preoperative
Surgical @
Plan
Image-force
mapping model | Milling force®
CT > Siogd Similarity
predictions .
analysis .
Position@ F’”’"i Optimization
Intraoperative estimation ey
For real-time
r"‘ce‘ P data sequence
Sensor Tumbling window

Figure 1. Framework of state estimation on laminar grinding.

The CT image-force model in Module 2 will be introduced in Section 2.2. This model
is derived based on the mechanical model of ball-end milling. The tip position’s estimation
in Module 4 will be detailed in Section 2.3, and the fitting algorithms in Module 2 will be
proposed in Section 2.4.

In this work, because the cutter—workpiece engagement (CWE) is considered in the
milling force model, we can ignore the impact of the milling strategy. As shown in Figure 2,
a common layer-by-layer policy is used as the milling strategy [17]. The planning paths
are filled in a rectangular space. By using this policy, the milling cutter will remove the
bone tissue through multi-layer horizontal movements. A Cartesian coordinate system is
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established to model actions of the milling cutter. The x-axis is defined by the direction of
the feed rate of the cutter. The z-axis is defined by the direction of the milling depth. The
y-axis is defined according to the right-hand rule. And the origin is defined by the starting
position of the surgical task.
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Figure 2. Schematic view of the layer-by-layer policy. (a) Schematic view of the thinned lamina,
where four red lines represent the paths on the first milling layer. (b) Three groups of color lines
represent the different layers, respectively. (c) Top view of the milling paths. (d) Spatial motions of
the cutting tip during laminar grinding.

2.2. Ct Image—Force Mapping

The CT image-force model allows translation of the high-dimensional 3D images
into several-dimensional virtual force sequences. The instantaneous milling force results
from the contact force at the cutting edges engaging with the bone. The contact force
at the micro-edge varies with the bone strength at the contacting location. Because the
bone strength is quantified by the gray value in the CT image, the bone milling process
can be regarded as the interaction process of the cutting edges with the corresponding
image voxels of the object bone. Thus, the contact force of a micro-edge can be modeled by
Equation (1).

fi(t) = func(I(Pi(t))) )

where f'(t) indicates the prediction of the instantaneous force at the i-th micro-edge at time
t, P;(t) indicates the position of the i-th micro-edge at time ¢, I(-) indicates the extracted
image gray value at the corresponding position, and func(-) indicates the milling force in
a function of the gray value.

It is noteworthy that the proposed CT image-force model is inaccurate when predicting
the milling force due to many factors that are mentioned above. However, the predicted
sequences encompass the same time-domain signal features.

2.2.1. Geometric Model of the Ball-End Cutter

For modeling of the milling process of a ball-end cutter, we establish four coordinate
systems, including the milling cutter coordinate system (MCCS), the instantaneous milling
cutter coordinate system (i-MCCS), the local working coordinate system (I-WCS), and the
workpiece coordinate system (WCS). As shown in Figure 3, these four coordinate systems
are used to define the geometric model of cutting edges, instantaneous cutting force, and
milling motions.
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Figure 3. Schematic view of the bone milling process.

The MCCS, i-MCCS, and [-WCS are all defined at the ball-end cutter, and their origins
are located at the centroid of the ball end, while the workpiece coordinate system (WCS)
is defined at the object bone. The x-axis of the i-MCCS, I-WCS, and WCS is parallel to
the feed direction of the milling cutter. The z-axis of the MCCS and i-MCCS is defined by
the rod axis of the cutter. The z-axis of the I-WCS and WCS is normal to the milling layer.
The y-axes of theses four coordinate systems are produced by the right-hand rule. During
the milling process, there is an incline angle between the rob axis of the cutter and the
bone surface.

In Equation (1), the coordinate position P;(t) of a micro-edge is one of the indispens-
able parameters for the milling prediction function. In order to obtain the position P;(f),
the morphological and kinematic models of the ball-end cutter are built.

The morphological model of a ball-end cutter defines the position of cutting edges. In
this work, a widely used orthopedic cutter with four flutes is chosen as the surgical tool.
As shown in Figure 4, the position of the micro-edges on a ball-end cutter is modeled in the
MCCS [21], as:

v Starting
- dF, point

(a) | B0

Figure 4. Geometric model of a four-flute ball-end cutter. (a) The bottom view of a four-flute cutter.
(b) Isometric view of one cutting edge on a ball-end cutter.

Xm = R cos 0y, cos(¢@y — sin 6, tan B)
Ym = Rcos 0y, sin(@g — sin 6, tan B) )
Zm = —Rsin 6y,
where R is the radius of the ball end; ¢ is the circumferential starting angle that defines
the starting point of the cutting edge; B¢ is the helical angle of the cutting edge, B = 30°;

and 6, is the axial position angle of one micro-edge. Some cutting edges do not pass the
tool center at the apex. As shown in Figure 4a, h is the distance from the edge to the center
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in the bottom view. Thus, the corresponding range of the axial position angle is within
[0, arccos(h/R )].

2.2.2. Kinematic Model of the Ball-End Cutter

As the milling cutter grinds, the interactions of cutting edges with the bone occur on
a complex helix trajectory. The real-time position of the micro-edges in the [-WCS can be
obtained through a spatial transformation, which is written as:

Wp=N1.'p 3)

where [VT is the transformation matrix from the milling cutter coordinate system (MCCS)
to the workpiece coordinate system (WCS), which indicates the grinding motion of the
milling cutter, as follows:

W — (;UT.(:)(t) V(lt)> @

where Q(t) denotes the self-spinning motion of the cutter, v(f) denotes the feed motion,
and |’T is the transformation matrix from the instantaneous milling coordinate system
(i-MCS) to the local working coordinate system (I-WCS). It is defined by the incline angles
Omt of the spindle axis in the workpiece coordinate system (WCS).

1 0 0 0
8 coSdyr —sindy: 0 5)

sindy; cosdyr O
0 0 0 1

The spinning matrix (}(t) and the motion vector v(t) are modeled in the coordinate
system i-MCCS, as follows:

cos(wt + ¢o) —sin(wt+¢y) 0
Q(t) = | sin(wt+¢g) cos(wt+¢p) 0 (6)
0 0 1
T
v(t) = (vd 0 o) @)

where w is the self-spinning speed [rad/s], and v is the feed rate [mm/s].

2.2.3. Cutter-Workpiece Engagement (CWE)

Cutter-workpiece engagement (CWE) relates to the section of the cutter interacting
with the bone. During the bone milling process, the salient feature of the ball-end milling is
that the geometry and material properties of the surgical object vary along the milling path.
It leads to the continuous change in the section of cutting edges participating in milling, as
shown in Figure 5. When the micro-edges are inside the area of CWE, they are valid for
the milling interaction. Thus, the calculation of CWE is the precondition to obtaining the
milling prediction [21,23].
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Figure 5. Schematic view of the cutter—workpiece engagement (CWE). (a) Top view. (b) Side View.
(c) View of the CWE of several paths in the layer-by-layer policy.

The CWE area can be modeled by the boundary curves. The boundary of the CWE
area is an intersection between the envelope surface formed by the previous machined
path and the semi-spherical surface of the ball-end cutter. Due to the usage of a ball-end
cutter, the previous machined surface is regarded as a nonstandard cylindrical surface. As
shown in Figure 5c, the CWE area is relative to the milling depth d and the step distance w
among the milling paths. As shown in Figure 6, there exist five types of CWE areas during
the layer-by-layer milling process. These figures are created by Function mesh and surfin
the software MATLAB 2021b. The detailed equations that model the boundary curves of
CWE areas are listed in Appendix A.

(c) (d) (e)

Figure 6. Schematic view of the CWE areas of different milling paths. (a) Valid CWE area of the first
path on the top layer. (b) Valid CWE area of the others on the top layer. (c) Valid CWE area of the
first path on the other layers. (d) Valid CWE area of the middle paths on the other layers. (e) Valid
CWE area of the last path on the other layers.

2.2.4. Mechanical Model of Ball-End Milling

Lee and Altintas [22] propose the micro-element milling force model for orthogonal
cutting, where the shearing mechanism and the plowing mechanism are considered separately.
The formula that expresses the cutting forces at a micro-edge is shown in Equation (8).

dF, = Kyetydb + Kpeds
dFu - Kactndb + Kagds (8)
dFt = Ktctndb + KtedS

where dF;, dF,;, and dF; are the radial, axial, and tangential forces at the micro cutting edge

[N]; Kye, Kze, and K. are the shear coefficients [N/mm]; K;., Kz, and K;, are the blade
force coefficients, and also, namely, edge specific coefficients [N/mm)]; ¢, is the thickness
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of the undeformed chip [mm]; and db is the projection width of the micro-edge on the
generatrix (the infinitesimal length of cutting edge) [mm], and is the projection length of the
micro-edge on the generatrix (the crossing sectional area of cut) [mm?]. The shear coefficients
and the blade force coefficients can be obtained by calibration methods [30-32]. However, it
is impossible to calibrate the coefficients of the mechanical model for each patient.

The micro-edge chip width db could be expressed in a function of the micro-axial
position angle df,, and the radius of cutter R, as follows:

db = Rd6, ©)

The micro-edge length ds is written as

ds = Ry/1+ cos*0tan?B - bl (10)

The thickness of the undeformed chip ¢, is the projection of feed per tooth in the
normal direction of the sphere. According to the theory of Merdol and Altintas [33], the
thickness of the undeformed chip ¢, is shown as the equation:

Vi -y

where v; denotes the projection of the feed rate per teeth of the cutter on the rotating milling
cutter coordinate system (MCCS). n; denotes a vector from the centroid of the ball end to
the micro-edge, and |n¢| = R. The feed rate per tooth is written as:

v — 60 - vy
n-N
where N is the self-spinning speed of the cutter [RPM], n is the number of flutes on the
cutter, and ‘v, is the tool feed data in the i-MCS [mm/s].
The cutting forces at the micro-edge are not parallel to the coordinate axes of the

(12)

MCCS, which is modeled by the following equation:

dF,r —COmc@m  —SOmCPm  SPm dF,
dFyT = | —c0us@m —50uSPm —CPm dF, (13)
dFE,t —50p, O 0 dF;

where s and ¢ denote the trigonometric functions of sin() and cos(), respectively. dF,r,
dFyr, and dF;7 are the components of the cutting force on the coordinate axes. ¢y, is the
circumferential angle of the micro-edge, which is expressed as:

@m = @o — sin by, tan B (14)

Based on the finite element method, the instantaneous milling forces of the cutter in
the MCCS could be obtained as follows:

Fer = Y dFr(P)
Fyr = Y dF,r(P) (15)
FzT - ZdFZT(Pi)

where Fyr, Fy1, and F,r are the components of the cutting force.
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2.2.5. CT Image-Force Mapping Model

During the bone cutting process, the cutter faces variations in bone shapes and bone
material properties. The above mechanical model considers many factors but still lacks
consideration of the time-varying material property. Some works have shown that bone
materials’ strength and modulus have a power relationship with density [27], and the bone
density is proportional to the value in a CT image [26]. Thus, the CT image information is
introduced into the bone milling model herein.

The cutting forces are weighted by the power of the grayscale value of the CT images.
This is also consistent with the viewpoint of the literature [25]. Equation (16) reveals the
weighted personalized bone milling forces.

dF, =AM - (K - £y - db + Ky - ds)
dF; = A* - (Kge - ty - db + Kge - ds) (16)
dF; = AF . (Ktc by - db+ Kge - dS)

where A is the image grayscale value at the infinitesimal element’s position and y is the
power relationship coefficient.

In order to eliminate the gray shift due to changes in CT devices’ performance, the
image grayscale value extracted is normalized herein. In Equation (17), a piecewise linear
function is used as the normalization rule.

0, X < Mpin,

A= é(x - mmin)r Mmin < X < Mmax, (17)

Mmax —Mmin

1, X 2 Mmax-

where x represents the grayscale value of a CT image voxel. #pyin and mmax represent
normalized parameters, which can be determined according to the gray distribution of the
specified CT images. Typically, a bone contains both cortical bone and cancellous bone,
Mmin can be taken as the mean CT value of the cancellous bone area minus two times the
standard deviation, and #max is the mean CT value of the cortical bone area plus two times
the standard deviation [25].

2.3. Tip Position Estimation

The local density distribution of the vertebrae can be used as the identifiable local-
ization feature [28,34]. However, it is difficult to directly obtain real-time bone density
during surgery. According to Equation (16), the fluctuation of the milling signals consists
of information including the object density. In the clinical environment, many factors
can introduce noise into the intra-operative signals, which affects the estimation of the
milling states.

In the proposed method, the estimation principle of the tip position is to search the in-
dex of the maximum similarity between the milling prediction sequences and the real-time
force signal. To improve the accuracy, the fitting methods are used for estimation of the tip
position. As shown in Figure 7, the planned workspace is digitized into paralleled com-
ponents subject to the planned paths. Each component is further divided into continuous
grids. Each grid consists of several CT image voxels in series. The image voxel works as
the basic metric unit in this work. According to the CT image—force model, each grid can
be transformed into one data sequence with the same length.
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Figure 7. Tip position estimation by the method of similarity matching.
Every prediction sequence g(i, j, k) can be regarded as the unique landmark indicating

the position Py(i,j,k) of the k-th segment in the j-th path of the i-th layer inside the
workspace of the surgical task, as shown in Equation (18).

8(i,j, k) = Pp(i,j, k) (18)

The intra-operative real-time force signal is segmented into continuous sequences
with the length of n; by a tumbling window. When the sampling frequency of the sensor is
fs [Hz], the physical length / [mm] of a signal sequence can be expressed as:

I'=ogns/f (19)

The initial phase of the milling cutter has an influence on the milling signal. It can be
ignored when the milling parameters agree with the following relationship:

60
n-N

Vg K Axpix (20)

where Ax,;, represents the physical size of one voxel of the CT images. It means that the
ratio of the self-spinning speed of the cutter to the feed rate should be high enough.

Similarity mapping between the prediction sequences and the force signal segment
enables estimation of the tip position. Due to the influence of bone motions, sensor
noise, and signal synchronization, it is a great challenge to find precious paired sequences.
To address this problem, the dynamic time warping (DTW) algorithm is employed to
improve robustness.

Dynamic time warping (DTW) is a well-known machine learning method to measure
the similarity of two temporal sequences, allowing similar shapes to match even if they are
out of phase in the time axis [35-37]. It means that the sequences are warped in a nonlinear
fashion to match each other. The steps of the position estimation method are as follows:

1. Calculate the similarity metric M(S;y). M(S;n) is a three-dimension matrix that is
the optical DTW distance of the signal segment S,,, and the predicted sequences. Its
component d; ; in the metric M(S») represents the similarity with the predicted
sequence of the index I[i, j, k], which can be expressed as:

dijx(Sm) = DTW (s,m, S k) 1)
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where1 <i < Nj,1 <j < Ny, and 1 <k < Ns. Ny, Nyygj, and N are the number of
grids on one path, the number of paths on every layer, and the number of layers in
the planning task, respectively.

The optical DTW distance is used to represent the similarity between two sequences,
as follows:

dl-’]-’k = C(Ns, Ns) (22)

where C(Ns, Ns) denotes the component value of the index (N;, N5) in the DTW
distance matrix C.

The optical DTW distance between two sequences is derived based on the principle
of the shortest distance, as follows:

C(i—1,j)
C(i,j) = D(i,j) +min¢  C(i,j—1) (23)
Ci—1,j—1)

where1 <i < N;, 1 <j < N, and D is the distance matrix. In this work, we use the
Euclidean metric to obtain the distance matrix D, as follows:

D(i,j) = |srm(i) — Si,j,k(j) (24)

where s, (i) indicates the i-th data point in the real-time sequence S;;, and Sijk (j)
indicates the j-th data point in the prediction sequences.

Find the index of the sequence with the highest similarity as the paired
coordinate position:

I+ = arg min (M) (25)

Lijk

The tip position is obtained according to Equation (18) as

P = P(Ix) (26)

2.4. Optimization on the Position Estimation

By a fitting method, points of the real-time position of the cutting tip can be used to

derive the location of the milling path. The schematic view of estimating on the real-time

milling path is as shown in Figure 8. We adopt the random sample consensus (RANSAC)

algorithm as the fitting method to estimate the milling path. This algorithm was proposed

by Fishler and Bolles in 1981, and it is a widely used robust estimator [38].
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Figure 8. Schematic view of estimating the location of the milling path by a fitting algorithm. The

blue circle indicates the estimated positions. The blue dashed line indicates the estimation on the

current path. The red line indicates the planned paths.
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The RANSAC algorithm for fitting the milling path is shown in Algorithm 1. In this

step, ny is 2, ky is 2000, and ¢4 is 1.0.

It is assumed that the deviation of every milled path from those planned is identical.

During the milling operation, the space formed by the continued milled paths agrees with

some geometric conditions. These are used as the geometric constraints to estimate the

location of the milled space, as well as to evaluate the deviation from the planned paths.
We also use the RANSAC algorithm to obtain the milling depth, and deviation of the milled
part, as shown in Algorithm 2. In this step, ny is 30, k; is 2000, and ¢, is 1.0.

Algorithm 1 RANSAC for fitting the milling path.

INPUT:
data—The matched coordinate point P; on the current milling path, as well as the
milled path.

fitting model—The model for fitting a 3D line:

X—Xp X—Yo X—2Z20

l m n

(27)

where the vector (I,m,n) indicates the direction of the fitted line in the 3D space,

VIZ+m?+n?=1.

evaluation model—the deviation distance from the data point to the fitting line:

(P; —Po) - (vo x (P; — Py) x vo)
IP; — Po|

€= (28)

where Py = (x¢, Yo, 20) and vy indicate one point on the fitted line, and the line direction,
respectively.

n1—BestNum: Minimum number of data points to estimate model parameters.

k1—Maximum number of iterations allowed in the algorithm.

t;—The threshold value to determine data points that fit well by the above models.
OUTPUT:

bestFit—The parameters for the fitting line: [, m, n

Algorithm 2 RANSAC for estimating the milling depth.

INPUT

data—The fitting lines of milled paths.

Fitting model—The model for fitting a displace deviation between the planned space
and the current milled space:

An, = E(Rl,] - i’i/]‘) (29)
A?Zl = E(Li,]‘ — li,j)

where An,, and An; represent the deviations on the y-axis and the z-axis of the WCS, re-
spectively. E(-) represent the mean function. R; ;, and r; ; indicate the y-axis components
of the estimation and planning value of a path. L; ;, and [; ; indicate the z-axis component
of the estimation and planning value of a path.

Evaluation model—The geometric constrain, as:

£ = \/(Ri,j —tij— Anr)z + (Li,j — li,j — Anl)z (30)

n;—BestNum: Minimum number of data points to estimate model parameters.

ko—Maximum number of iterations allowed in the algorithm.

to—The threshold value to determine data points that fit well by the model.
OuTrUT:

bestFit—The deviation between the planning workspace and the actual milled
workspace.
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3. Experiments and Results
3.1. Simulations of the CT Image—Force Model

In order to depict the milling force to various densities, we built a virtual CT image with
the stepped pixel gray level as the milling object. The size was 12.0 mm x 12.0 mm X 6.0 mm.
The physical dimension of each voxel was defined as 0.25 mm x 0.25 mm x 0.25 mm. As
shown in Figure 9, the grayscale in the image was divided into 10 step intervals from 0 to
1400. This range of grayscale conformed to that of the common CT images. Following the

by the gradient direction in this CT image.

(2) (©

H 500
3 0
Y - axis

above definition of the WCS, a coordinate system was built, where the x-axis was defined
(b) (d

O]
- N
500
1000
62) feed direction 500
N 0
0

. Y - axis
_ X - axis

Figure 9. Schematic view of milling on one virtual object filled with gray gradient. (a) Simulation

feed direction

Z - axis

X - axis

Z - axis

where milling paths paralleled the direction of the gray gradient, in which the color indicates its
grayscale. (b) Simulation where milling paths ran vertical to the direction of the gray gradient, in
which the color indicates its grayscale. (c) Front view of the virtual object. (d) Side view of the virtual
object. (e) Top view of the virtual object.

It was assumed that the milling feed rate was 0.5 mm/s, the grinding speed was
800 RPM, the inclined angle of the cutter was 30°, the helix angle of the chisel edge was
30°, the one-layer milling depth was 0.8 mm, the number of the flutter was 4, the distance
from the edge i was 0.25 mm, and the step angle of the axial angel of cutting edges was
4°. The sampling frequency of the cutting force sensor was 20 Hz. In this simulation, the
milling parameters and model parameters are listed in Table 1.

Table 1. Milling parameters in the CT image—force model simulations.

Parameters Symbol Value
Feed rate 4 0.5mm/s
Spinning speed N 800 RPM
Milling depth d 0.8 mm
Step distance w 2.8 mm
Number of the flutter ny 4
Radius of the cutter Tt 2 mm
Helix angle of the cutter 30°
Inclined angle of the cutter 30°
Step angle of the axial angle do,, 4°
Distance between cutting edges h 0.25 mm
Sampling frequency 20Hz
Number of milling layers 3
Number of paths on every layer 4
Upper normalized parameter Mmax 1400
Lower normalized parameter Mmin 80

We adopt the parameters in Table 2 for the force coefficients of Equation (16). In
addition, it was assumed that the initial phase of the cutter on each milling path was
random. Then, we obtained the milling forces Fy, Fy, F;, and M; in the i-MCCS, as shown
in Figure 10. The instantaneous gray was quantified by the average of the gray value of
image voxels contacting with the valid micro-edges on the CWE area.
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Table 2. Coefficients of the milling model.

Symbol Value
Ko —1203.1 N/mm?
Kae —105.2 N/mm?
Kic 2142.1 N/mm?
Kie —75 N/mm?
Kae 22.4 N/mm2
Kie —199.1 N/mm?
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Figure 10. (a) Milling forces subject to the paths along the gray-gradient direction. (b) Milling force
responding to the trajectories vertical to the gray gradient. The blue line depicts the prediction, while
the red line depicts the gray average of the milling path in the CT image. The horizontal axis indicates
the sequential order of the sampled predictions.

3.2. Signal Analysis on the Laminar Milling

According to studies [39,40], although the bone strength of humans is different from
that of animals, the structural and functional properties of bone tissue are conserved. Ani-
mal experiments serve as the foundations for human trials in the field of bone tissue injury
and repair [41]. Therefore, three groups of robot-assisted laminar milling experiments were
conducted to verify the relationship between the bone density distribution and the milling
force signal. Of these, two groups were conducted on porcine thoracic and lumbar laminas,
respectively. The third group of experiments was on the plastic lumbar made by 3D print-
ing technology (Material: R4600, Manufacturer: Wenext Technology Co., Ltd., Shenzhen,
China). Different from porcine laminas, the plastic is profiled with uniform density. Every
group of experiments was repeated three times. The milling force signal was collected
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during the operations. Through the spatial transformation as shown in Equation (31),
we can obtain the milling force in the i-MCCS through the force/torque sensor.

Mg ="Ad . fF (31)

where ?Ad is the adjoint transformation matrix from the robotic flange coordinate sys-

tem to the i-MCCS, and /F represents the force/torque data in the format of the vector
(fx/fyzfz; My, My, mz) T-

Following the proposed milling strategy, a UR 5e robot arm with a six-axis
force/torque sensor was used to assist the milling operation, as shown in Figure 11a.
During the milling operations, the milling tool was constrained by the guide as the end
effector of the robot arm. The spinning speed of the cutter was manually controlled. In
these experiments, we adopt the bi-direction milling during the bone milling. The path
planning is listed in Table 3, where ny,s indicates the number of paths in the positive
direction, 11,,¢¢ indicates the number of paths in the negative direction, and 74, indicates
the length of every data sequence. Moreover, the milling depth was 0.6 mm, and the feed
rate was about 1 mm/s. It was noticed that the cutter did not contact the object during the
first-layer milling procedure.

¥ .
s/
)

@

(d)

Figure 11. Experimental platform of the robot-assisted laminar milling and the experimental objects.
(a) Robot-assisted milling operation. (b) CT image of porcine laminas. (c¢) CT image of porcine
laminas. (d) The plastic model is made by 3D printing technology.

Table 3. Plan for the milling experiments.

Objects Mpos Myeg Ndata Penetration?

Thoracic 9 9 67 Yes

Lumbar 10 9 42 Yes
Plastic 16 16 51 No

Correlation analysis was used to determine the relation between the milling force
signal and bone density. As shown in Equation (32), we used the Pearson correlation
coefficient to quantify the similarity among the milling sequences subject to different paths
on the same object. The result can be written by a matrix. The correlation matrix was shown
in the format of a figure, as shown in Figure 12. The diagonal elements in the correlation
matrix represented the autocorrelation coefficient, and all of them were scaled to 1.0. If the
correlation coefficient of two sequences was below 0.4, their relationship was regarded to
be independent.

R(i,j) = corr(s;,s) (32)

where 1 <i < n15eq, and 1 < j < 115¢5. 115¢9 Was the sum of the positive direction paths and
the negative direction paths. s; and s; were the i-th and j-th sequences.
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(c)
Figure 12. (a) Correlation relationship among the milling force sequences subject to the thoracic
lamina. (b) Correlation relationship among the milling force sequence subject to the lumbar lamina.
(c) Correlation relationship among the milling force sequence subject to the plastic model.

3.3. Functional Simulations of the Position Estimation

The commercial software MATLAB R2021b was used to conduct the functional sim-
ulation of the proposed tip position estimation on a computer (CPU: Intel i5-1135G7,
RAM: 16.0 GB). Following the anatomical model in the commercial software Complete
Anatomy [42], we created the segmentation annotation on the lamina in CT images using
the open-source software ITK-SNAP [43]. An open-source library MNI2FS (MNI2FS: high-
resolution surface rendering of MNI registered volumes) in MATLAB was used to extract
the bone structure information, segmentation, and image information from the medical
image files. In MATLAB, the point cloud method was used to demonstrate the segmented
lamina and vertebra. The segmented lamina was marked by a frame. Further, we manually
made the plan of the milling paths, as shown in Figure 13.

Lamina of Lumbar
Vertebra (Left)

Lamina of Lumbar

Vertebra (Right)

Inferior articular Inferior articular
process of lumbar process of lumbar
vertebra (Left) vertebra (Right)

(@) (b)
Figure 13. (a) Schematic view of the lumbar vertebra [42]. (b) The point cloud of a lumbar vertebra,
where blue lines represent the planned paths, the red point represents the annotated lamina, and
the yellow star represents the starting point of vertebra grinding. The color of the point cloud of the
spinal bone indicates high information.
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Milling efficiency is affected by the direction of feed motion. Thus, we employed the
milling strategy to ensure that valid milling interactions occur during the motion along the
positive direction. The milling parameters in Table 1 and the force coefficients in Table 2
were also utilized to generate the milling prediction sequences. Several factors, like bone
motions, sensor noises, and unstable motions of a cutting tool, can introduce disturbance.
Referring to the literature [7,44-46], it was assumed that the deviations in the simulated
milling paths were limited and random. Moreover, the unstable feed rate of the milling
cutter was modeled in a sine function.

In this simulation, nine sets of CT images with lumbar vertebra were randomly chosen
from the VerSe dataset [47], including verse 503, 507, 620, 704, 714, 718, 756, 762, and 835.
These cases and the CT images were from different centers. Every vertebra was profiled
with different shapes, as well as the size of the voxel in the CT images being different. We
chose randomly from lumbar vertebras in every case. Correspondingly, the surgical paths
were different, as shown in Table 4.

Table 4. Path planning and initial deviations for the simulation cases.

Deviations
No. Layers Paths (rad, rad, rad;
mm, mm, mm)

0.014, 0.011,
503 16 4 0.011; —0.65, 1.19
—1.23,-0.27
0.021, 0.001,
507 11 5 0.010; 0.003, 1.34
0.24, —0.24
0.007, 0.004,
620 12 4 0.003; —0.12, 0.48
—0.02, —0.16
0.005, 0.021,
704 11 3 0.024; 1.80, 1.87
0.69, —0.40
0.004, 0.013,
714 9 4 0.029; —0.67, 1.86
—-147,1.17
0.060, 0.018,
718 10 5 0.007; —1.64, 3.58
—1.87,0.37
0.005, 0.013,
756 11 4 0.025; 0.65, 1.65
—0.84,1.26
0.026, 0.020,
835 15 7 0.015; 0.71, 1.88
0.09, 0.25

Incline Angle

)

The estimation deviation can be divided into two parts, including the distance devia-
tion and the milling depth deviation. Through a comparison of the similarity calculations,
we verified the validity of the proposed estimation. The Pearson correlation was used to
take the place of the DTW algorithm. The length of the data sequence was 15 herein. The
errors of the tip position estimations are shown in Figure 14. The estimation error based on
the correction coefficient was larger than that based on the optical DTW distance.

In the case of VerSe 762, the left lamina inside the second lumbar vertebra was narrow,
so we only planned two paths on every layer, and 11 layers. In this group of simulations, the
number of data for the fitting model was re-defined by eight in Algorithm 2. The initial de-
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viations are listed in Table 5. Correspondingly, the estimation errors are shown in Figure 15.

The means of the estimation error were all less than 1 mm.
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Figure 14. Estimation errors of the tip position. (a) Error of the distance deviation based on the
correlation coefficient. (b) Error of the distance deviation based on the DTW distance. (c) Errors of
milling depth estimation based on the correlation coefficient. (d) Errors of milling depth estimation
based on the DTW distance. The unit of errors is millimeters.
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Depth Deviation
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]

(a) (b)
Figure 15. Estimation errors of simulations for Verse 762. (a) Absolute distance deviation. (b) Abso-
lute milling depth deviation. The unit of the deviation is millimeters.
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Table 5. Random deviation in the case of VerSe 762.

No. Deviations Incline Angle (°)
1 0.065, 0.024, 0.030; 0.43, 2.48, —0.24 4.35
2 0.054, 0.033, 0.024; —0.32, —0.01, 0.20 3.86
3 0.069, —0.000, 0.019; —0.35, 0.04, —0.21 411
4 0.053, 0.021, 0.022; 0.07, —0.18, —2.39 3.53
5 0.064, 0.010, 0.009; —1.43, 0.48, 0.97 3.78
6 0.055, 0.019, 0.022; 0.53, —0.02, 1.02 3.56
7 0.053, 0.029, 0.034; —1.24, —1.07, —1.43 3.97
8 0.009, 0.004, 0.004; 1.37, —0.89, —1.02 0.59
9 0.056, 0.031, 0.017; —0.77,0.22,1.19 3.77
10 0.064, 0.028, 0.029; 1.61, 1.74, 0.47 4.33
11 0.030, 0.003, 0.013; 1.36, —0.37, 1.43 1.89

In the case of VerSe 620, we chose the left lamina of the second lumbar vertebra as
the target. In this case, we planned 12 milling layers, and four paths on every layer. The
path planning and the pre-defined deviations are listed in Table 4. The corresponding
milling predictions are shown in Appendix B. When the BestNum in Algorithm 2 was 30,
the estimation errors based on the correlation coefficient and the DTW distance are shown
in Appendix C.

We can estimate the tip position when the number of milled paths was more than the
BestNum in Algorithm 2. Furthermore, when the BestNum values were 20, 25, 30, and 32,
the estimation errors corresponding to various conditions are shown in Figure 16.
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Figure 16. Estimation error in the case of Verse 620. (a) BestNum20. (b) BestNum25. (c) BestNum30.
(d) BestNum32. The unit of the errors is millimeters.
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Due to bone motion and the deformation of the cutter, the feed rate was unstable
during the operation. We used a sine function to model the unstable feed rate. With the
amplitudes of 0.05 mm/s, 0.10 mm/s, 0.15 mm/s, 0.20 mm/s, and 0.30 mm/s, five groups
of 0.5 mm/s feed rates were used. The initial phase of the milling cutter, as well as the
deviation, was also random. Subject to different amplitudes, the estimation errors are
shown in Figure 17. The results showed that the estimation error was less than 1.0 mm,
and the error based on the DTW algorithm was less than 0.5 mm.

COR DTW

== - '
= Q R T =

0.25 -
0.2 ! -
0.2 i
0.5 1.0 1.5 2.0 3.0 0.5 1.0 1.5 2.0 3.0
Amplitude [mm] Amplitude [mm]
(a) (b)

Figure 17. Estimation errors subject to various feed rates. (a) Estimation error based on Pierre’s
relevant analysis. (b) Estimation error based on the DTW algorithm.

4. Discussion

In other works, the principle of state recognition for spinal surgery is to detect the
signal relieved when the cutter breaks through the second bone layer. As mentioned
earlier, due to the difference in the bone properties of various specimens, the threshold
for identified bone states is different. The focus of this paper is to address this problem.
We take advantage of intra-operative CT images to predict the milling states. Then, we
perform position estimation based on the similarity mapping between the predicted and
real-time force signals by using the machine learning algorithm and the iterative algorithm.
Therefore, we do not employ neural networks or deep learning algorithms in this work.
Thus, the proposed method is not dependent on data samples, and does not require
extensive training.

In the proposed CT image—force model, the force coefficients in Equation (16) should
be obtained by a complex calibration process [23,30], whereas it is impossible to predict the
milling force without loss of accuracy. In this work, through the prior knowledge gained
from the CT image, we prefer to obtain the time-domain characteristics of milling forces
rather than precious results. Moreover, the principle of position estimation is based on the
similarity mapping of time-domain signal features. Various groups of CT images from the
VerSe dataset were utilized to verify the validation of the proposed estimation method. The
resolutions of CT images from different centers and CT devices are different. The results
showed that the estimation method can adapt to CT images from different sources and
CT devices.

To eliminate the influences of uncertain factors, such as bone motion, signal noise,
signal synchronization, and so on, we make use of the DTW algorithm in the proposed
framework. Compared with the linear algorithm, the usage of the DTW algorithm can
improve estimation accuracy. The results showed that estimation accuracy can be up to
the sub-millimeter level. However, the estimation is also affected by the step distances
between the planning paths.

Time efficiency will degenerate with the increase in the milling volume of the surgical
task, owing to the workload of the mapping calculation. In addition, time efficiency is
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affected by the length of the segmented data sequences. When the length is too long, the
noise can affect the accuracy of the similarity matching. When the length is too short, the
amount of location information is too little to generate the effective feature. Currently,
application of the proposed framework is limited by the time-efficient performance.

5. Conclusions

This work has established a framework for state estimation of the intra-operative tip
position during laminar grinding. Based on our proposed CT image—force model, we have
demonstrated that prior knowledge of milling states, subject to specific surgical planning,
can be extracted from pre-operative CT images. By integrating real-time milling force
signals with this model, we have successfully estimated the tip position with improved
robustness and accuracy, as evidenced by our simulation results. The DTW algorithm
and the RANSCA algorithm have been effectively integrated to enhance performance; the
estimation error is less than 1 mm, achieving an accuracy level up to the sub-millimeter.
We employ many cases with different image resolutions from the VerSe dataset to verify
that the proposed method is robust.

In future, our focus will shift towards optimizing the time efficiency of our framework
from aspects of estimation algorithms. We plan to conduct laminar grinding experiments to
empirically validate the proposed framework, aiming to assess and refine its performance
under clinical conditions.

Author Contributions: Conceptualization, J.L. and G.Z.; formal analysis, J.L.; funding acquisition,
J.L. and G.Z.; investigation, J.L.; methodology, J.L. and G.Z.; project administration, ]J.L. and G.Z,;
resources, ].L. and G.Z.; supervision, ].L. and G.Z.; validation, J.L.; writing—original draft, ].L. and
W.Y,; writing—review and editing, J.L. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was supported partially by the National Science Foundation of China
(62203295 and U20A20199).

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Institutional Review Board of the School of Biomedical Engineering,
Shanghai Jiao Tong University, China (Approval No E20230356C, approved on 19 December 2023).

Informed Consent Statement: Not applicable.
Data Availability Statement: Data are contained within the article.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:
CWE Cutter-workpiece engagement

DTW Dynamic time wrapping

i-MCCS Instantaneous milling cutter coordinate system
I-WCS Local working coordinate system

MCCS Milling cutter coordinate system

RANSAC Random sample consensus
WCS Workpiece coordinate system
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Appendix A. Equations for Boundary Curves of CWE

M P; ; indicates a point on the surface of CWE in the case of the j-th path on the i-th
layer in the workpiece coordinate system (WCS), and it is written as:

WPi,]‘ S { (xl-,]-, yi,j/ Z,‘,j) |S.t. } (Al)

where s.t. denotes the constrain condition subject to different paths.
(a) The constrain equations that model the boundary curves of the CWE area in the
case of the first path on the top layer are as follows:

{xl,l >0 (A2)

211 <0

(b) The constrain equations that model the boundary curves of the CWE area in the
case of the other paths on the top layer are as follows:

xlr]' Z 0

21; <0 .
\/(]/Lj - ?1,]'71)2 + (21,j - 21/]-_1)2 >R

where Ei,]- denotes the projection decomposition of the centroid of the ball-end cutter along
the j-th path of the i-th layer in the WCS.
(c) The constrain equations that model the boundary curves of the CWE area in the

case of the first path on the other layers are as follows:

xi12>0

\/ (yi,l - ?i_u)z + (Zz‘,l - Ei—l,/)Z =R (Ad)

\/(yi,l - /y\i—l,Z)z + (Zi,l - Eifl,Z)Z >R

(d) The constrain equations that model the boundary curves of the CWE area in the
case of the middle paths on the other layers are as follows:

xij >0
\/(J/i,j - ?i,j—l)z + (zi,j - Ei,]-_l)z >R
\/(yi,j - ?i—u)z + (Zi,j - Ei_lrj)z >R

~ 2 _ 2
\/(yi,j - yi—l,j-i—l) + (Zi,j - Zifl,j+1) >R

(A5)

(e) The constrain equations that model the boundary curves of the CWE area in the
case of the last path on the other layers are as follows:

Xij >0
\/(yi,j - ?i,jfl)z + (Zi,j - Ei,j—1>2 > R (A6)

\/(yi,j - yi—l,j)z + (Zi,j - Ei—1,j—1>2 >R
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Appendix B. Relationships Between Cutting Forces and Bone Density

In the simulation case of VerSe 620, the milling force sequences and grayscale se-
quences subject to the planning path and the simulation path are shown in Figures A1-A5.
The horizontal axis indicates the sequential order of the sample points. In this section,
every groups of figures consists of 48 subplots subject to the order number of the milling
layer and the order number of the path on one layer. For instance, the subject in the i-th
row of the j-th column depicts sequences of the i-th path on the j-th layer.
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Figure A1. Sequences of milling force Fy. Red line indicates predictions on the planned paths, and
blue line indicates intra-operative sequence in the simulation.
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Figure A2. Sequences of milling force Fy. Red line indicates predictions on the planned paths, and
blue line indicates intra-operative sequence in the simulation.
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Figure A3. Sequences of milling force F,. Red line indicates predictions on the planned paths, and

blue line indicates intra-operative sequence in the simulation.
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Figure A4. Sequences of milling force M,. Red line indicates predictions on the planned paths, and

blue line indicates intra-operative sequence in the simulation.
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Figure A5. Sequences of grayscale values of real-time contact. Red line indicates gray value on plan

paths, and blue line indicates intra-operative sequence in the simulation.
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Appendix C. State Estimation on the Milled Path

In the simulation case of VerSe 620, the distance deviation of every path was esti-
mated from four channels of the milling forces. The errors of every path are shown in
Figures A6-A9.
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Figure A6. Errors of estimations based on Fy sequences.
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Abstract: Evaluating students’ learning effectiveness is of great importance for gaining a deeper
understanding of the learning process, accurately diagnosing learning barriers, and developing
effective teaching strategies. Emotion, as a key factor influencing learning outcomes, provides a
novel perspective for identifying cognitive states and emotional experiences. However, traditional
evaluation methods suffer from one sidedness in feature extraction and high complexity in model
construction, often making it difficult to fully explore the deep value of emotional data. To address
this challenge, we have innovatively proposed a lightweight neurodynamic model: 3D-BCLAM.
This model cleverly integrates Bidirectional Convolutional Long Short-Term Memory (BCL) and
dynamic attention mechanism, in order to efficiently capture emotional dynamic changes in time
series with extremely low computational cost. 3D-BCLAM can achieve a comprehensive evaluation of
students’ learning outcomes, covering not only the cognitive level but also delving into the emotional
dimension for detailed analysis. Under testing on public datasets, 3D-BCLAM has demonstrated
outstanding performance, significantly outperforming traditional machine learning and deep learning
models based on Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN).
This achievement not only validates the effectiveness of the 3D-BCLAM model, but also provides
strong support for promoting the innovation of student learning effectiveness assessment.

Keywords: emotion recognition; brain-computer interface; student learning effectiveness

1. Introduction

Emotions are the psychological reactions that humans experience when faced with
external events, such as happiness or sadness. It has a significant impact on our perception,
memory, and expression. Nowadays, emotion recognition technology is becoming increas-
ingly important in fields such as human-computer interaction and emotion computing.
Whether it’s smart speakers, mobile phones, or our commonly used social media, they
are all using this technology to analyze users’ emotions. Based on the results of emotion
recognition, these systems can better understand our needs and provide us with more
thoughtful and personalized services.

During the learning process, students” emotions play a crucial role. Research has
found that when students are in a good mood, such as feeling interested or enjoying
learning, they are more proactive, engaged, and learn better. On the contrary, if students
feel anxious or depressed, their learning will be hindered and their grades may also decline.
Therefore, if we can take into account students” emotions when evaluating their learning
effectiveness, we can have a more comprehensive understanding of their learning status.
At the same time, teachers can develop more suitable teaching methods based on each
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student’s emotional and cognitive needs. This assessment method that combines emotions
and learning can assist teachers in teaching.

Currently, facial expressions are a relatively common method for human emotion
recognition. This approach is based on computer vision and uses methods such as machine
learning for classification and prediction. Avula et al. [1] suggested a methodology where
facial emotions are initially learned through a CNN. Subsequently, an emotion-to-speech
model is trained. Ultimately, this approach integrates hand gestures with the recognized
facial emotions to comprehend and produce emotion alongside speech. Gupta et al. [2] fo-
cused on facial emotion recognition using thermal imaging. The primary goal of this work
is to enhance the efficiency, robustness, and accuracy of emotion recognition systems to
improve human-computer interaction, mental health monitoring, personalized education,
marketing effectiveness, and security. The proposed CNN architecture is designed to recog-
nize human emotions by classifying facial images into six distinct categories (happiness,
sadness, anger, fear, disgust, and surprise). Foo et al. [3] devised a system for recognizing
facial emotions aimed at detecting mental stress. Salma et al. [4] presented a machine
learning model based on CNN to predict the face expressions. However, this method of
recognizing human emotions through facial expressions has certain disadvantages. This
is because facial expressions are not necessarily the most intuitive expression of human
emotions. Some people may express emotions that are different from their inner thoughts
under special circumstances. Therefore, physiological signals, as one of the characteristics
of the human body, can intuitively display the inner activities of the human body and are
an important basis for emotion detection.

The various life activities of humans rely on the core central control system: the
brain. The human brain is composed of tens of thousands of neurons, and the activity
between neurons generates electrical signals. In 1924, Berger measured the first human
electroencephalogram (EEG) through the activity of electric eels. This discovery greatly
promoted human interest in the study of the connection between the human body and the
outside world, giving rise to brain computer interface technology.

In recent years, emotion detection research using EEG signals has gained significant
attention. Analyzing EEG signals allows for the direct observation and quantification of
attention levels, offering the advantages of objectivity and accuracy. Some early proposed
methods took advantage of the huge advantages of EEG signals in feature band matching,
such as Alpha, Beta, Theta, Gamma, etc. They all improved traditional frequency band
power feature extraction algorithms by introducing machine learning methods, optimizing
the algorithm’s processing and results through classic frameworks such as K-Nearest-
Neighbor (KNN), K-means, Support Vector Machines (SVM), and auto regressive models.
Using artificial neural networks to automatically capture the time-domain and frequency-
domain features of EEG signals, and effectively extract and analyze these features, thereby
directly learning the complex nonlinear relationship between the original EEG signal
and physiological features; Meanwhile, these technologies can be trained through a large
amount of data, thus having high prediction accuracy. Li et al. [5] used Fast Fourier Trans-
form (FFT) and Continuous Wavelet Transform (CWT) to extract the features of EEG signals.
Liu et al. [6] introduced a novel approach employing a three-dimensional convolutional at-
tention neural network (3DCANN) specifically designed for the emotion recognition based
on EEG signals. Zhao et al. [7] proposed Differential Entropy-Recurrent Neural Network-
Convolutional Neural Network (DE-CNN-RNN) model to explore emotion recognition.

Graph Neural Network (GNN) is a kind of deep learning models designed to process
graph-structured data, which have garnered increasing attention in EEG-based emotion
recognition. GNNs excel at capturing the spatial relationships among electrodes in EEG
signals, thereby extracting more discriminative features. Guo et al. [8] proposed a novel
model that integrates graph neural network-based prototype representation across multiple
source domains with clustering similarity loss. Zhong et al. [9] proposed a regularized
graph neural network (RGNN) for EEG-based emotion recognition, which considerd the
biological topology among different brain regions to capture both local and global relations
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among different EEG channels. On the other hand, the Transformer architecture, renowned
for its powerful sequence modeling capabilities, initially achieved remarkable success
in the field of natural language processing. More recently, research has begun to utilize
a unique self-attention mechanism to efficiently process long-range dependencies and
temporal features in EEG signals. These studies typically serialize EEG signals into a
sequence of time steps or feature vectors, subsequently leveraging Transformers for feature
extraction and classification. Liu et al. [10] designed a hybrid architecture combining CNN
and transformer for analyzing human psychological states. However, these methods have
certain shortcomings in feature selection and model construction, and one-dimensional
features have accuracy defects in time, frequency band and spatial feature analysis.

Traditional convolutional neural networks cannot capture precise features in time. At
the same time, in order to cope with major emotional changes in the human body, it is
necessary to preprocess the EEG signals. Therefore, we propose a lightweight neurody-
namic emotion recognition model: 3D-BCLAM. For the raw dataset, we propose a new
pre-processing process and selects differential-entropy as the input feature. The model is
based on the CNN and Bi-LSTM module, and combines the dynamic Attention mecha-
nism to classify the features of the emotional dataset. This model has certain advantages
in parameter quantity and running time. The model is stable and robust and has good
applicability. The primary contributions of this study are outlined below:

1. This paper proposes a novel preprocessing process for EEG emotional raw data,
which involves designing a bandpass filter to optimize signal quality and stacking
the processed data into a three-dimensional form to enhance the model’s ability to
represent features.

2. This paper introduces the Bi-LSTM model, which can simultaneously consider the
forward and backward information of time series data, thereby capturing emotional
features in EEG signals more comprehensively.

3. This paper integrates dynamic Attention Mechanism that enables the model to fo-
cus more on EEG signal features that are more important for emotion recognition
tasks, ignoring irrelevant or redundant information, thereby improving the model’s
discriminative power and robustness.

4. Experiment on open-source datasets and real-time monitor: In this study, the robust-
ness of emotion recognition is ensured through rigorous experimental validation
using extensive public datasets. Additionally, real-time monitoring is implemented to
assess performance across a wide range of samples and scenarios.

5. This paper proposes an evaluation model for student learning effectiveness that inte-
grates emotion classification. The model categorizes students’ various learning states
based on calculated scores, and its efficacy has been validated in real-world scenarios.

2. Related Work

EEG signals are potential changes recorded from the scalp of humans or other animals,
mainly reflecting the electrical activity characteristics of the brain. It is the overall reflection
of the electrophysiological activity of brain nerve cells in the cerebral cortex or scalp
surface [11]. In the human brain, the cerebral cortex is related to the cognitive level and
emotions of the human body, and the analysis of EEG signals is mainly based on the cerebral
cortex. When the human brain is active, a large number of neurons in the brain synchronize,
and their postsynaptic potentials can be obtained by high-precision EEG sensors, which
are local EEG signals. EEG signals are weak bioelectrical signals, with amplitudes mainly
ranging from 0 to 60 uV, the frequency distribution is between 0 and 100 Hz. This type of
signal has the characteristics of non-stationary and strong randomness. EEG signals from
different frequency bands have different characteristics. Table 1 introduces some common
bands that can be used for research on emotion recognition.

Regarding the task of recognizing emotions through EEG, current methods can gener-
ally be divided into conventional machine learning techniques and deep learning strategies.
The traditional EEG-based emotion recognition methods using machine learning typically
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follow a sequence of steps: data acquisition, preprocessing, feature extraction, feature
selection (optional), classifier design and training, and testing and evaluation. Among
these steps, feature extraction and classifier design are the core components. Feature
extraction aims to distill crucial information related to emotional states from raw EEG
signals, while the classifier identifies different emotional states based on these extracted
features. Li et al. [12] segmented EEG signals into four frequency ranges utilizing the
discrete wavelet transform method, and computed entropy and energy as characteristics
for the K-nearest neighbor classifier. Chen et al. [13] introduced an EEG-based emotion
identification approach that relies on the Library for Support Vector Machines (LIBSVM) as
the classification tool, and the average sentiment recognition rates on DEAP were 74.88%
and 82.63%. Zheng et al. [14] transformed the initial one-dimensional EEG vector signal
into a two-dimensional matrix signal that incorporated channel position data. Subsequently,
they introduced a recognition technique grounded on an Adaptive Neural Decision Tree
(ANT). Xiao et al. [15] introduced the Attention-based Temporal Learner with Dynamic
Graph Neural Network (AT-DGNN), the results achieved accuracy of 83.74% in arousal
recognition and 86.01% in valence recognition.

Table 1. Various Bands and Characteristics of EEG Signals.

Type Frequency Characteristics
Theta 4-8Hz Generated in a latent state of consciousness
Low Alpha 89 Hz Blurred and confused before going to bed
Alpha Mid Alpha 9-12 Hz Relaxed body and mind, focused attention
Fast Alpha 12-14 Hz Highly alert
Low Beta 14-16 Hz Relax but concentrate
Beta Mid Beta 16.5-20 Hz Think and process receiving external information
Fast Beta 20.5-31 Hz Exciting or anxiety
Gamma 31-45Hz Stress relief and meditation

As mentioned before, traditional machine learning methods rely on manually de-
signed features, which may not fully capture the complex emotional information. The
feature extraction process often depends on the researchers’ experience, which may po-
tentially lead to information loss or redundancy. In contrast, 3D-BCLAM eliminates the
need for tedious manual feature engineering through integrating Bi-LSTM and dynamic
attention mechanisms. The model is capable of automatically learning features from raw
EEG signals. Furthermore, traditional machine learning models may exhibit limited gener-
alization capabilities when dealing with complex emotional states and cross-dataset tasks.
This is primarily due to overfitting to specific datasets or sensitivity to variations in data
distribution. 3D-BCLAM may possess better generalization abilities to adapt to different
datasets and task requirements.

3. Methods
3.1. Baseline Drift Elimination

EEG baseline drift refers to a slow and sustained change in the baseline of a signal (i.e.,
the potential level when there is no electrical activity) [16]. This change may manifest as
an increase or decrease in baseline level, causing the background potential of EEG signals
to deviate from the normal zero potential level. When collecting emotional data from
subjects, baseline drift can occur due to changes in their physiological state, including
breathing, heartbeat, and muscle activity. Baseline drift presents a challenge to the analysis
and interpretation of EEG signals, as it may mask real brain electrical activity and diminish
the accuracy and reliability of the signals.

Wavelet transform [17,18], as a time-frequency analysis method, is capable of analyzing
local characteristics of signals at different scales. To deal with baseline drift in EEG signals,
this method can effectively decompose the signal into components at multiple scales,
identify and remove the low-frequency components associated with baseline drift, and
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subsequently reconstruct the signal. This process ensures that useful information in the
signal is well-preserved while effectively eliminating baseline drift. The formula of using
wavelet transform to remove baseline drift is shown in (1):

WT(a,t) = \}a/o;f(t) *(p(t;T)dt

The variables in wavelet transform contain displacement T and scale 4, and the scale
control signal waveform shrinks while the displacement control signal waveform shifts.
Wavelet basis functions constitute a specific set of functions that efficiently decompose
signals into their constituent components across various frequencies and time scales. Owing
to their unique localization properties, these functions exhibit finite characteristics in both
the time and frequency domains, enabling them to precisely capture the local features
of signals. When multiplying the wavelet basis function with the signal function, the
relationship between the current scale contained in the signal and the corresponding
frequency components can be obtained.

When selecting wavelet basis functions, it is imperative to consider factors such as
signal characteristics, orthogonality, compact support, and vanishing moments. Therefore,
in this paper, the biore wavelet is used as the wavelet basis function, which is commonly
represented as biore x.iy (where x is the reconstruction coefficient and y is the decomposition
coefficient). Symmetric wavelets can be used for signal decomposition and reconstruc-
tion, respectively. The individual wavelets have tight support, and the support length for
reconstruction and decomposition is 2N + 1 (where N is the coefficient x, y). Here, the
reconstruction coefficient is selected as 4 and the decomposition coefficient is selected as 3.
The wavelet coefficients after thresholding are used for signal reconstruction. The recon-
struction process is the inverse of wavelet decomposition, which combines the processed
wavelet coefficients into an EEG signal with baseline drift removed through layer-by-layer
upsampling and filtering operations. The reconstructed signal retains as much useful
information from the original signal as possible, while eliminating baseline drift and noise.
Figure 1 shows the comparison after baseline drift elimination.

)

EEG Signal Before and After Baseline Drift Elimination — Raw Signal
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Figure 1. Baseline drift elimination based on wavelet transform.

As is shown in Figure 1, zero drift caused by both the device itself and external
factors interferes with the true EEG signals, making it challenging to accurately capture
and analyze brain electrical activity. However, the reconstructed signal, obtained through
wavelet transform, eliminates these negative effects, thereby facilitating further processing.
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3.2. Pre-Processing

The raw signal collected through a portable headset contains a large amount of noise
and artifacts, and certain pre-processing is required for the original signal to facilitate
subsequent feature extraction and model classification.

The main frequency of EEG is from 0 to 100 Hz [19], and in practical research, different
rhythmic bands represent different physiological meanings. In order to obtain the band we
want to study, it is necessary to filter the original signal. According to the characteristic table
of EEG signals, band-pass filters are mainly used in this paper. A zero-phase band-pass
filter based on Bessel filter has been designed to filter out signals of 0.5 to 40 Hz. The filter
has an almost constant group delay throughout the entire pass-band, thereby maintaining
the waveform of the filtered signal in the pass-band. The Bessel transfer function [20] in
the filter aims to obtain a linear phase (i.e., the smoothest delay), and the impulse response
has no oscillation characteristics. The Bessel transfer function is implemented by (2):

_ Bu(0)
Ty (S) B, (S) (2)
Among them, By, is the Bessel polynomial, as (3) shows:
n
Bu(s) = Y sk, ay =1 (3)
k=0

The expression of the coefficient is shown in (4):

(2n —k)!

ax = k'(n——k)'Z*H‘ 4

n is the order of the Bessel filter, which is used to observe the signal characteristics of
EEG signals with non-stationary digital signal processing type using a 4th order Bessel filter.

Due to the possibility of the same frequency domain components of the signal in
different time domains, windowing analysis based on Hamming window [21] is required
for the signal, which can be achieved through the (5):

0, others ©®)

win) = {0.5[1 —cos (F)],0<n<M-1

In this paper, the application of the Hamming window plays a significant role. The

Hamming window effectively smooths the EEG signals, significantly reducing spectral

leakage and edge effects, thereby enhancing the accuracy of spectral analysis. Furthermore,

by applying windowing processing, critical features in the signals are accentuated [22,23],

effectively suppressing noise and unnecessary frequency components, which establishes a
strong groundwork for the ensuing feature extraction and classification endeavors.

3.3. Feature Extraction

To analyze EEG signals in the time domain is the most direct and effective method,
which facilitates the extraction of intuitive features. Time domain analysis is mainly based
on the time series analysis of EEG signals.

The differential entropy [24] of sub frequency bands is shown in (6), which describes
the temporal variation patterns of different frequency components in EEG signals, which
can effectively transform high-dimensional and low signal-to-noise ratio temporal signals
(one-dimensional temporal vectors) into descriptive values of several sub frequency bands
(scalar values), and has strong discriminative power for emotional and other brain activities.

_ 1 2
DE = Elog(ZneU ) (6)
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In Table 1, it is noted that EEG signals within distinct frequency bands reflect varying
characteristics of brain activity. Consequently, we performed a bandpass filtering process
on the raw EEG signals, utilizing the bandpass filters designed previously, to isolate the
signals into their constituent frequency components. The purpose of this breakdown was
to reveal the unique brain activity patterns present within various frequency ranges. In
particular, we divided the EEG signals into four main categories: theta (4-8 Hz), alpha
(8-14 Hz), beta (14-31 Hz), and gamma (31-45 Hz). The frequency specific analysis allows
us to gain a deeper understanding of the neural activity behind various cognitive and
emotional states [25].

3.4. 3D-BCLAM Framework

As is shown in Figure 2, 3D-BCLAM framework includes two primary components:
the neurodynamic data generation module and the BCLAM framework. The neurodynamic
data generation module is designed for transforming EEG signals into a three-dimensional
neurodynamic data format, which is then sequentially sent into the nodes of the BCLAM
framework. This facilitates temporal interactions among nodes and enables the learning of
temporal features in the data.

EEG Dataset Conv Layer Bi-LSTM Layer Attention Layer Output

Figure 2. 3D-BCLAM Framework.

The BCLAM framework consists of three layers: two-dimensional convolutional
(2D-Conv) layer, Bi-LSTM layer, and dynamic Attention Mechanism layer. This design
enables the framework to efficiently capture complex features in both space and time
from converted EEG data. The 2D-Conv layer is used for extracting local features from
the original 3D data at beginning; Subsequently, the Bi-LSTM layer further processes
these features to capture their long-term dependencies over time; After that, the dynamic
attention mechanism layer analyzes the correlation between emotional data by focusing on
key features.

The output of BCLAM framework is passed through fully-connected layer, which
performs the classification of EEG emotional data. The approach introduces a novel and
effective solution for emotion recognition from EEG signals by integrating neuromorphic
data generation and deep learning methods.

3.4.1. 3D Data Generation

In this paper, we design a specific data transformation way that efficiently converts one-
dimensional EEG data into a three-dimensional format. We employ a custom data reshaping
algorithm to transform each processed one-dimensional data segment, corresponding to
features extracted from distinct frequency bands, into a two-dimensional matrix, denoted
as data_2D. This step relies on a particular mapping rule that allocates consecutive elements
from the one-dimensional data to specific locations within the two-dimensional matrix,
resulting in a spatially structured feature representation.

To construct a three-dimensional dataset, we stack all these two-dimensional matrices
along the feature dimension. In our case, this entails assembling the two-dimensional
matrices, each representing a different frequency band, into a four-dimensional array with
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dimensions (s, f, h, w), where s is the number of samples, f is the number of frequency bands,
h is the height, and w is the width. However, to maintain compatibility with common deep
learning frameworks, we can alternatively consider the last dimension f as the number of
channels c in the feature maps, yielding a three-dimensional array of shape (s, ¢, h1, w), where
c corresponds to the number of channels. This process not only preserves the temporal
and spectral information inherent in the original one-dimensional EEG signals but also
enhances their representational power by introducing a spatial dimension. Consequently,
it provides a richer set of features as input to subsequent deep learning models, facilitating
improved performance in emotion recognition and other related tasks.

3.4.2. Long-Short Time Memory Node

EEG is a kind of time series data, and its characteristics have dynamic changes in time.
Through LSTM, we can model the dynamic characteristics of EEG signals at different time
points [26,27]. There may be long-term dependencies in EEG signals, that is, past emotional
states may affect future emotional expressions. Traditional recurrent neural networks have
the problem of gradient disappearance or gradient explosion, and LSTM effectively solves
this problem by introducing gating mechanisms, especially forget gates and input gates.
This enables LSTM to better capture long-term dependencies in sequence data, thereby
improving the emotion recognition model’s ability to understand sequence data.

The structure of the LSTM node is shown in Figure 3, which reveals its internal working
mechanism. In this design, ¢; and h; represent the memory state and hidden layer state of
the unit respectively, which are key components of the model when processing sequence
data. At the same time, x; and y; serve as the input and output of the model respectively,
interacting with the external world. The ¢ symbol represents the sigma activation function,
which plays an important role in LSTM. In addition, LSTM is equipped with three gating
mechanisms to finely manage the flow of information:

O

Q tanh

(%) "
\r iy A [}
o) (0}

/
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P4 ‘ | | T h,

- /
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Figure 3. LSTM node.

The forget threshold, controlled by f;, determines which memory states should be
discarded, thereby helping the model “forget” unimportant information.

The input threshold, controlled by i;, is responsible for screening which parts of cNt
should be included in the current memory state to achieve the effective integration of
new information.

The output threshold, controlled by o, determines which memory states should be
read and used as output in the current time step, affecting the update of the hidden state ;.

As the memory state ¢;_1 is passed through the network, it first filters and discards
information through the forget threshold, and then selectively absorbs new memory content
through the input threshold. This mechanism ensures that the memory state of the model

246



Sensors 2024, 24, 7856

can be dynamically updated and optimized at each time step. Finally, after a series of
operations, the content of the memory state is copied and passed to the function for
processing, and then filtered by the output threshold, and finally a new hidden state /; is
generated to prepare for the processing of the next time step.

3.4.3. Bi-Convolutional-LSTM Layer

We introduce a lightweight neurodynamic model to recognize complex emotional data
from human. The convolution kernel of two-dimensional Convolutional layer operates
in the temporal or spatial dimension, while the three-dimensional convolution kernel
performs convolution in two dimensions and extracts useful classification information.
CNN extracts local features of the input data by using convolutional layers and pooling
layers [28,29]. The same convolution kernel is slid across the entire input data to detect
similar features at different locations.

In one-way LSTM, the hidden state at the current moment can only rely on the past
input sequence, while bidirectional LSTM can use both past and future information to
update the hidden state at the current moment. This helps reduce the risk of informa-
tion loss, especially when processing longer sequences, and better preserves important
information in the sequence. Bi-Convolutional-LSTM (BCL) maps the LSTM output to the
space of attention weights through a fully connected layer. This fully-connected layer maps
the hidden state of each time step output by the LSTM to a scalar value representing the
importance of that time step.

3.4.4. Dynamic Attention Mechanism

In tasks such as EEG emotion recognition, sequence data usually have a long-time
span, in which some time steps may contain more critical information, while other time
steps may contain relatively less or less important information. By introducing an attention
mechanism [30], the model can dynamically adjust the degree of attention paid to different
time steps, thereby more effectively capturing important features in sequence data, and
giving different importance to information at different time steps.

Then, these scalar values are converted into attention weights via the softmax function
such that the sum of all weights equals 1. These weights represent the relative importance
of each time step, which means the degree to which the model should focus at that time
step. The LSTM outputs are weighted and summed using the calculated attention weights
to obtain a weighted representation. Specifically, for each time step, the LSTM output
is multiplied with the corresponding attention weight, and then all weighted results are
summed. This results in a weighted representation, where the contribution of each time
step is determined by the attention weight. (7) is the formula of the attention mechanism:

Attention(Q,K, V) = Softmax(QKT> (7)
Vi
Q, K, V refer to Query, Key and Value respectively [31]. Query is obtained by linear
transformation of the LSTM output and represents the hidden state of the current time
step. Key represents the hidden state of the input sequence. They are used to measure the
correlation between the hidden state of the current time step and the hidden states of other
time steps. Value is the original representation of the LSTM output, that is, the hidden state
without any linear transformation. It is used to represent the hidden state of each time
step in the input sequence, and will be weighted and summed according to the calculated
attention weight to obtain the final output. The weighted depiction is propagated through
a fully connected layer to acquire the ultimate output forecast.

4. Discussion
4.1. Dataset Introduction

DEAP [32,33] is a physiological signal database used for emotion analysis. It contains
physiological data and emotional ratings of multiple participants while watching multiple
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music video clips. Participants rated their emotional experience based on a discrete 9-
point rating after watching each music video clip. These emotions include joy, excitement,
anger, pressure, sadness, fear, surprise, calmness, and boredom. There are four values
in each label: arousal, valence, dominance, and like. Valence represents the positive or
negative nature of emotions. Arousal stands for the intensity or level of emotional activity.
Dominance can reflect whether an individual is capable to control their emotional response,
which is often expressed as confidence or a sense of authority. By dividing emotions into
these three dimensions, they can help people better identify and classify emotions, and
provide more accurate methods for emotion recognition.

To comprehensively evaluate students’ learning effectiveness, we propose an assess-
ment framework based on the VAD (Valence-Arousal-Dominance) model, with a scoring
range of 0-9 for each dimension. Specifically, Valence measures students’ interest and
engagement in the learning content. Arousal reflects their mental activation and capacity
for innovation. Dominance assesses their self-regulatory skills. Arousal, which directly
relates to students” attention and emotional activation, is assigned the highest weight
(0.4) due to its importance in efficient learning. Valence and Dominance, reflecting stu-
dents” emotional disposition towards the lesson and their sense of control over the task,
respectively, are each given equal weight (0.3) to balance their contributions to the learning
effectiveness assessment. By assigning appropriate weights to each dimension and calcu-
lating score, we obtain a quantitative indicator that validly represents students’ learning
effectiveness. This comprehensive approach not only facilitates a thorough understanding
of students’ learning effectiveness, but also is helpful to develop personalized teaching
plans and interventional strategies. The formula for calculating learning effectiveness score
is shown in (8):

Score =03V +04xA+03*D (8)

To illustrate the purpose of the formula, we have designed a classification standard
based on scores derived from the VAD dimensions. The standard is shown in Table 2. This
standard describes different learning states corresponding to different score ranges, each
with specific characteristics, aimed at providing teachers with targeted teaching strategies.

Table 2. Learning State Evaluation Standard.

Aggregated Score Range Learning State Characteristics
. Lack of interest, distracted attention, weak
0-3 Ineffective
self-management
34 Moderate Moderate interest, but attention and

self-control lacking
4-6 Good Equitable learning state
High engagement, focused attention,

69 Excellent strong self-control

To assess the practical applicability of the model, a graduate student (aged 23, female)
and an undergraduate student (aged 19, female) were recruited as the experimental subjects
in this study. Both subjects have signed the experimental consent form. As is shown in
Figure 4, they wore non-invasive dry electrode caps and used OpenBCI Cyton to accurately
capture raw EEG signals. In order to simulate real classroom settings and situations, the
student was prompted to simulate a series of classroom states during the lessons. The EEG
data acquisition was conducted at a high sampling rate of 256 Hz across eight channels,
ensuring comprehensive and accurate data collection for subsequent analysis.

The SEED-1V [34] (SJTU Emotion EEG Dataset for Emotion Recognition with Four
Emotions) dataset, developed by the Brain and Computational Intelligence Lab (BCMI)
at Shanghai Jiao Tong University, is a comprehensive dataset for emotion recognition
encompassing four emotion categories: happiness, sadness, fear, and neutrality. This
dataset meticulously selected 72 movie clips as stimuli to induce these four emotions and
recorded EEG and eye movement data from 15 healthy Chinese subjects. Each subject
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participated in three experiments, with at least a three-day interval between each session to
mitigate any lingering emotional effects. The signals were acquired using a 62-channel ESI
NeuroScan system with a sampling rate of 1000 Hz, which was subsequently downsampled
to 200 Hz. These emotion categories are pre-defined and mutually exclusive, conforming
to the characteristics of discrete data. In the dataset, each movie clip was designed to elicit
one of these four discrete emotions, and participants were asked to self-evaluate based on
these discrete emotion categories after watching.

(b)

Figure 4. Practical application subjects. (a) a graduate student (aged 23, female); (b) an undergraduate

student (aged 19, female).

4.2. Experimental Setup
4.2.1. Labels Generation

In this paper, we employ the MATLAB interface to retrieve DEAP datasets that
encompass emotional labels. Subsequently, we implement a binarization process for
these labels, setting a threshold value of 5. Labels exceeding this threshold are designated
as representing positive emotions, whereas those falling below are classified as negative
emotions. This binarization step aims to simplify subsequent analyses. To align with
the multiple temporal windows obtained from the differential entropy decomposition
of EEG signals, each original emotional label is replicated and extended to match the
corresponding number of windows. This ensures that each window is associated with its
respective emotional label, facilitating the investigation of the relationship between EEG
signal features and emotional states through deep learning.

The SEED-1IV dataset has been down sampled to 200 Hz. We employ a specially
designed bandpass filter to process the data, aiming to minimize artifacts to the greatest
extent possible. Following this, we take into account the temporal dynamics of emotional
states and employ the moving average method to smooth out the filtered data, thereby
further eliminating irrelevant components. To ensure experimental balance, we still select
differential entropy as the feature. The EEG signals from each experiment are segmented
into individual samples, with a 1-s time window between each sample and no overlap. In
the SEED-IV dataset, emotions are categorized into four distinct classes, hence the labels
are mapped in a one-hot encoding format.

4.2.2. Framework Settings

In this study, all experimental procedures were conducted within the Windows 11
environment. The construction and training of deep learning models were facilitated by
PyTorch 2.1.0. All computational tasks were executed on NVIDIA GeForce 4070Ti GPU
(NVIDIA Corporation, Santa Clara, CA, USA). BrainFlow library utilizes dual threading
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and dual process programming methods to achieve real-time raw data reading, which is
used to obtain raw EEG signals on OpenBCI Cyton and analyze learning effectiveness.

A comprehensive overview of the crucial hyperparameters for each component is
shown in Table 3.

Table 3. Function Block and Hyperparameters of 3D-BCLAM.

Function Block Hyperparameter

In_channels: 4
2D_Convl Out_channels: 24
Kernel size =5*5
In_channels: 24
2D_Conv2 Out_channels: 128
Kernel size =2*2
Batch_size = 32
Bi-LSTM layer Embedding_size: 16
bidirectional = True
Input_features = 128 *2*2
Output_features = 96
Input_features = 96
Output_features = 16
Input_features = 16
Output_features = Softmax

2D-Convolutional-layer

Full-Connected layers FCl layer

FC2 layer

Attention Mechanism layer

The DEAP dataset employed in this experimental study originates from pre-processed
dataset. We divided this dataset into three different subsets using a ratio of 6:2:2. The first
60% of the data is designated as the training set for training the model and adjusting its
parameters. The remaining 20% is used as a validation set, allowing us to evaluate the
performance of the model and make any necessary adjustments during the training process.
The remaining 20% constitutes the test set for evaluating the final performance.

For the SEED-IV dataset, our experimental design adopted widely accepted standards
proposed by Zhong et al. [9], utilizing the first 16 trials as the training set and the latter
8 trials as the test set. For each test sample, the model outputs a predicted category and then
compares it with the true category to calculate accuracy. After completing the prediction
of all test samples, we calculated the average accuracy of all these samples, in order to
calculate the overall average accuracy.

For the optimization of our model during the training process, we have chosen the
Adam optimizer. Adam [35] is a widely-used optimization algorithm that stands out due to
its adaptive learning rates. In our experiment, we initiated the model with a learning rate
of 0.0001, a batch size of 32, and conducted training for a total of 500 iterations to ensure
thorough convergence and optimization of the model.

4.2.3. Experimental Metrics

When evaluating the performance of emotion recognition models, it is common
practice to adopt a multifaceted approach by selecting multiple evaluation metrics. This
ensures a thorough assessment of the model’s capabilities. In the context of our experiment,
we carefully chose three evaluation metrics: the F1 Score, Standard Deviation (STD),
and Area Under the Curve (AUC). By combining these evaluation metrics, we aim to
gain a holistic understanding of our emotion recognition model’s performance, ensuring
that it not only achieves high accuracy but also demonstrates consistency and reliability
in its predictions.

1. F1 Score

In classification tasks, F1 score [36] plays a key role as a comprehensive measure for

evaluating model performance. By integrating two crucial indicators, precision and recall,

the F1 score is designed to provide a more comprehensive and balanced perspective on
assessment, particularly in situations involving imbalanced datasets. Precision predicts
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the ratio of positive instances to true positive instances, while the recall represents the
proportion of true positive instances accurately predicted by the model as positive. The
formula for calculating F1 score is shown in (9):

F1— 2 % Precision x Recall
"~ DPrecision + Recall

©)

As is shown in the (9), the F1 score spans from 0 to 1, where a larger number represents
improved model effectiveness.

2. STD

In emotion recognition models, the role of standard deviation [37] is mainly reflected
in the degree of data dispersion or variation, which is helpful to evaluate the performance
stability of the model in different samples or batches of data. The formula is shown in (10):

(% —%)?

5= N-1

(10)

3. AUC

The AUC [38] serves as an indicator measuring a model’s capacity to prioritize positive
instances over negative ones. Specifically, there are two approaches to determining the
AUC: the first involves graphing the Receiver Operating Characteristic (ROC) curve and
computing the enclosed area; the second entails arranging the anticipated scores of both
positive and negative instances and determining the likelihood that a positive instance
will be placed above a negative one. In the empirical studies presented here, we opt for
the latter technique to ascertain the AUC figure, thereby assessing the efficacy of various
classification models.

4.3. Experimental Results

According to Table 4, 3D-BCLAM achieved good results on the DEAP dataset. On
the DEAP dataset, 3D-BCLAM s’ valence classification accuracy, arousal classification
accuracy and dominance classification accuracy were 95.47%, 95.83% and 96.88% respec-
tively. It can be observed that different stimuli in different subjects tend to trigger different
emotional dimensions.

Table 4. 3D-BCLAM Performance on DEAP.

Subjects VAl AAZ2 DA3
St 92.52 96.62 95.15
S2 97.98 97.22 93.84
S3 94.06 100 100
S4 94.14 93.80 96.76
S5 94.38 95.21 100
S6 94.66 98.71 93.73
s7 95.26 94.37 92.67
S8 88.87 99.15 95.54
S9 95.78 94.90 97.66
Ss10 98.51 90.53 97.88
Si1 93.30 97.01 98.44
S12 92.71 99.56 95.52
S13 98.26 95.66 100
S14 95.69 95.01 100
S15 96.18 95.99 94.03
Si6 90.61 92.59 100
S17 100 94.41 96.84
S18 96.34 96.55 95.79
S19 92.92 97.35 100
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Table 4. Cont.

Subjects VA AA? DA3
S20 95.74 94.27 98.59
s21 95.81 98.11 96.72
S22 98.68 98.62 90.03
S23 94.52 96.89 98.61
S24 94.45 95.24 93.14
S25 97.86 95.75 97.96
S26 95.54 93.01 95.61
S27 90.37 92.02 97.72
S28 100 95.37 97.77
S29 88.8 97.81 96.31
S30 96.4 91.41 96.77
S31 98.03 100 96.73
S32 100 99.8 97.11

! Valence accuracy. 2 Arousal accuracy. * Dominance accuracy.

Table 5 shows the typical experimental metrics of 3D-BCLAM in three states, which
has good performance. To further confirm the impact of time series length in emotion
recognition. 3D-BCLAM was tested on different time series lengths. Figure 5 shows
that the classification accuracy of 3D-BCLAM differs in different time series, and the best
performance was achieved when the sequence length is 8. Therefore, personalized models
based on important features such as representative channels and appropriate time periods
are of great value to achieve human emotion recognition.

Table 5. Evaluation Metrics of 3D-BCLAM on DEAP.

Metrics Valence Arousal Dominance
Average Accuracy 95.47 95.83 96.88
Average STD 3.64 2.83 2.31
F1 Score 0.9555 0.9639 0.9718
AUC 0.9566 0.9642 0.9825

As is shown in Tables 6 and 7, 3D-BCLAM also achieved good results on the SEED-IV
dataset. Among the 15 subjects, there were sessions where the accuracy rate surpassed 95%,
indicating that our proposed model can be applied across different sessions with good
generalization performance. However, there were also sessions where the accuracy rate
fell below 65%, which might be caused by factors such as the quality of the collected EEG
signals or similar brain activities among the subjects.

Table 6. 3D-BCLAM Performance on SEED-IV.

Subjects Session 1 Session 2 Session 3
S1 93.96 96.34 82.39
S2 91.68 85.86 69.92
S3 63.01 78.04 71.39
S4 75.19 66.34 99.95
S5 97.69 75.25 93.08
S6 66.49 88.74 7541
S7 69.40 91.16 61.43
S8 95.91 69.85 87.99
S9 85.82 85.24 62.48

S10 84.78 97.67 70.65
S11 65.20 90.26 74.34
512 80.42 98.84 67.79
S13 80.59 68.13 90.84
S14 83.29 86.75 81.39
S15 65.79 88.86 67.87
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Table 7. Evaluation Metrics of 3D-BCLAM on SEED-IV.

Metrics SEED-IV
Average accuracy 80.52
Average STD 5.39
F1 Score 0.8148
Valence
100 Arousal

[ |Dominance

90 +

Accuracy
Qo
o
1

70 +

60 T

Lengths

Figure 5. Applied time lengths of sequence and accuracy on DEAP.

As shown in the Figure 6, the student’s learning effectiveness exhibited variation over
a single testing cycle. During the initial time, the student’s learning scores remained above
5, indicating a favorable learning outcome. This can be attributed to the initial novelty of
the course, which likely enhanced the student’s attention and engagement. However, in
the subsequent test points, the student’s learning scores declined, gradually falling below
5, reflecting a moderate learning performance. This decline may be attributed to a gradual
waning of the student’s patience and the emergence of a weariness towards learning as the
course progressed.

Besides, the disparity in learning outcome assessments between graduate and un-
dergraduate students can be largely attributed to the distinctiveness in their respective
educational orientations and cognitive paradigms. Graduate subject education emphasizes
the cultivation of academic abilities, thereby fostering highly autonomous learning meth-
ods. This self-regulated learning mode not only deepens their subject knowledge, but also
effectively improves their attention management skills through continuous exploration and
practice. On the contrary, undergraduate education often emphasizes broad-based general
education, and students typically receive more structured knowledge transfer. Although
equally valuable, this model may lead to relatively inadequate self-regulation and attention
control among undergraduate students compared to graduate students. In our research,
we invited three experts in the field of education to conduct manual evaluations. The
evaluations provided by these experts are consistent with the results generated by our
proposed evaluation model, thus validating our research findings.
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Figure 6. Learning Effectiveness.

4.4. Baseline Comparison

A comparative evaluation of 3D-BCLAM was conducted alongside several other
methodologies, including the Linear Support Vector Machine (Linear-SVM) [39], the Spik-
ing Neural Network enhanced with Transfer Learning (SNN + TL) [40], the Attention-based
CNN-RNN (ACRNN) [41], the Synchronous Brain Network (SBN-STM) [42], the SNN
integrated with Infinite Impulse Response Filters (SNN + IIR) [43], the Fractal SNN (Fra-
SNN) [44], the Functional Connectivity Network (FCN) [45], and the NeuCube SNN [46].
Given the similarities between 3D-BCLAM and these methods in terms of model architec-
ture and feature extraction, they were selected as benchmarks for comparison.

In addition, recently popular models based on graph neural networks and transform-
ers were used for comparison, including Regularized Graph Neural Network (RGNN) [9],
Attention-based Temporal Learner with Dynamic Graph Neural Network (AT-DGNN) [15],
Dynamic graph convolutional neural networks (DGCNN) [47] and Emotion Recognition
Transformer Net (ERTNet) [10]. The outcomes are presented in Table 8.

Table 8. Comparison Methods.

Methods VAl AAZ? DA3 SA ¢
Linear-SVM [39] 66.47 60.33 - -
SNN + TL [40] 82.75 84.22 - -
ACRNN [41] 93.72 93.38 - -
SBN-STM [42] 78.00 78.30 - -
ERTNet [10] 73.31 80.99 - -
AT-DGNN [15] 83.74 86.01 - -
SNN + IIR [43] 61.15 53.86 67.50 -
Fra-SNN [44] 69.84 69.61 73.20 -
FCN [45] 45.55 62.73 59.60 -
NeuCube SNN [46] 78.00 74.00 80.00 -

RGNN [9] - - - 79.37

DGCNN [47] - - - 69.88

3D-BCLAM 95.47 + 3.64 95.83 + 2.83 96.88 + 2.31 80.52 + 5.39

! Valence accuracy. 2 Arousal accuracy. > Dominance accuracy. * SEED-IV accuracy.

In comparison to these methodologies on DEAP, the accuracy variance ranged from
1.75% to 41.97%. Notably, when compared to approaches utilizing the frequency domain
feature, Power Spectrum Density (PSD) (such as Linear-SVM and SNN + TL), 3D-BCLAM
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demonstrated enhancements of at least 12.72% and 11.61% in valence and arousal, re-
spectively. Furthermore, when juxtaposed against methods employing DE (Fra-SNN),
3D-BCLAM exhibited improvements of 25.63%, 26.22%, and 23.68% in valence, arousal,
and dominance, respectively. In comparison to these methodologies on SEED-IV, the
accuracy variance ranged from 1.15% to 10.64%.

4.5. Ablation Study

To validate the efficacy of our proposed framework, we undertook a series of abla-
tion studies [48]. Specifically, we systematically excluded certain components from the
3D-BCLAM model—namely, those modules instrumental in extracting EEG temporal fea-
tures and those focusing on emotional attributes—and performed experiments. Ensuring
consistency, the parameter inputs for each modified submodel were maintained akin to the
original 3D-BCLAM configuration, thereby allowing us to rigorously assess the contribu-
tions of these components to the overall model performance. The results are shown in the
Table 9.

Table 9. Ablation Study Results.

Methods vAl AA? DA3 SA ¢
3D-BCLAM without AM 90.88 + 2.97 90.71 + 4.66 88.41 + 3.85 76.45 + 8.31
3D-BCLAM without Bi-LSTM 66.25 + 5.31 62.93 +5.18 64.16 + 4.95 49.67 + 5.87
3D-BCLAM without Bi-LSTM and AM 64.47 +7.13 60.31 + 6.48 62.13 +5.22 48.35 + 6.53
3D-BCLAM 95.47 + 3.64 95.83 +2.83 96.88 + 2.31 80.52 + 5.39

! Valence accuracy. 2 Arousal accuracy. 3 Dominance accuracy. * SEED-IV accuracy.

5. Conclusions

In this study, we present 3D-BCLAM, for student learning effectiveness assessment
through emotion recognition. The model integrates a Bi-Convolutional-LSTM architecture
with a dynamic Attention Mechanism, utilizing differential entropy as the key emotional
feature. A Bessel filter, combined with a Hamming window, is employed to preprocess
data, transforming one-dimensional signals into three-dimensional representations to cap-
ture spatiotemporal relationships. This design enables more effective learning of data
characteristics, improving the model’s performance in emotion recognition. Evaluated
on the public dataset, 3D-BCLAM outperforms CNN, SVM, GNN, Transformer and hy-
brid SNN structures in recognizing emotions from EEG signals. By monitoring students’
emotional states, educators can gain valuable insights into their engagement, cognitive
load, and overall learning experience. Despite its strengths, the model’s feature extraction
capabilities could be further enhanced, particularly when handling complex EEG signals.
Future work will involve applying the model in real-time EEG monitoring systems in edu-
cational environments, refining its performance on noisy or irregular data, and expanding
its applicability across diverse student populations. These improvements would enhance
the model’s robustness and provide deeper insights into the role of emotions in learning,
potentially transforming educational practices.
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Abstract: Hypergraph neural networks have gained widespread attention due to their effectiveness in
handling graph-structured data with complex relationships and multi-dimensional interactions. How-
ever, existing hypergraph neural network models mainly rely on planar message-passing mechanisms,
which have limitations: (i) low efficiency in encoding long-distance information; (ii) underutilization
of high-order neighborhood features, aggregating information only on the edges of the original graph.
This paper proposes an innovative hierarchical hypergraph neural network (HCHG) to address these
issues. The HCHG combines the high-order relationship-capturing capability of hypergraphs, uses
the Louvain community detection algorithm to identify community structures within the network,
and constructs hypergraphs layer by layer. In the bottom-level hypergraph, the model establishes
high-order relationships through direct neighbor nodes, while in the top-level hypergraph, it captures
global relationships between aggregated communities. Through three hierarchical message-passing
mechanisms, the HCHG effectively integrates local and global information, enhancing the multi-
resolution representation ability of node representations and significantly improving performance
in node classification tasks. In addition, the model performs excellently in handling 3D multi-view
datasets. Such datasets can be created by capturing 3D shapes and geometric features through sensors
or by manual modeling, providing extensive application scenarios for analyzing three-dimensional
shapes and complex geometric structures. Theoretical analysis and experimental results show that
the HCHG outperforms traditional hypergraph neural networks in complex networks.

Keywords: hypergraph neural networks; hierarchical representations; Node classification

1. Introduction

Graph neural networks (GNNs) have garnered significant attention recently, emerging
as powerful tools for processing graph-structured data. They are widely applied in various
domains such as social networks [1,2], Photogrammetry [3,4], 3D object classification [5,6],
the Internet of Things [7], and bioinformatics [8,9]. GNNs can effectively capture local
relationships between nodes within a graph by aggregating information from neighboring
nodes, enabling tasks such as node classification and link prediction [10,11]. For instance, in
3D object classification, GNNs utilize point cloud and depth data from sensors like LIDAR
and RGB-D cameras, leveraging spatial relationships among nodes to enhance classification
accuracy by capturing geometric features, especially in complex scenes. Classic GNN
models, including GCN [12], GAT [13], and GraphSAGE [8], have achieved substantial ad-
vances in representation learning for graph data. However, these models exhibit limitations
when handling complex graph structures and long-range dependencies among nodes.

Specifically, the flat message-passing mechanism of traditional GNNs makes it difficult
to capture relationships between distant nodes effectively [14,15]. Furthermore, existing
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graph structures are often overly simplistic, primarily designed for binary relationships,
which limits their ability to express multi-relational interactions fully. This directly results
in traditional graph neural networks performing poorly in capturing global and local graph
information, affecting classification effectiveness. Lastly, GNNs face memory and GPU
memory constraints when handling complex graphs, making it challenging to scale to
practical applications such as community detection [8].

The introduction of hypergraph structures presents a new approach to addressing
these issues. Hypergraphs can capture high-order relationships among multiple nodes, tran-
scending superficial binary relationships, thus better representing multilateral interactions
in complex networks [16]. For example, hypergraphs are embedded into a low-dimensional
space for clustering analysis, revealing the underlying group structures within the data.
However, traditional hypergraph structures may have limitations when handling dynami-
cally changing datasets, as they cannot adapt to rapidly evolving relationships, leading to
delayed classification results [17]. At the same time, although hyperedge convolution layers
can learn higher-order relationships in complex data, their high computational complexity
affects the practicality of the model [18].

The hierarchical mechanism offers a new approach to addressing long-range dependen-
cies and expressing hierarchical information. The hierarchical message-passing mechanism,
which progressively aggregates local and global information, can effectively enhance the
robustness and expressiveness of node representations [19]. For instance, hierarchical graph
pooling methods, such as G-U-Net and DiffPool, have significantly improved in graph
classification tasks [20,21]. Although some studies have combined hierarchical structures
with graph learning models, there remains a lack of research on integrating hierarchical
mechanisms with hypergraph neural networks for node classification.

To address key challenges in traditional GNNs and hypergraph neural networks, we
introduce the Hierarchical Hypergraph Neural Network (HCHG). While GNNSs struggle
with long-range dependencies and global context, hypergraph neural networks excel at
capturing higher-order relationships but are computationally expensive. HCHG constructs
hypergraphs layer by layer, with the first layer capturing local relationships and sub-
sequent layers aggregating community nodes to model global relationships, enhancing
the model’s ability to represent local and global interactions. Additionally, HCHG uses
a multi-layer message-passing mechanism, including bottom-up, lateral, and top-down
flows, which strengthens node representations and reduces the computational burden,
efficiently handling complex networks.

The main contributions of this paper are as follows:

1. We propose the HCHG model. This novel approach combines hierarchical structures
with hypergraph neural networks to effectively capture local and global relation-
ships in node classification and link prediction tasks, improving performance on
complex graphs.

2. The HCHG model introduces a hierarchical construction method, using the Lou-
vain community detection algorithm to build higher-order relationship networks,
enhancing the model’s ability to represent complex network structures.

3. Our method performs excellently on six classification datasets and three link predic-
tion datasets, achieving significant performance improvements across multiple tasks.

2. Related Work

Node classification is a core task in graph representation learning, aiming to predict
a node’s category based on its structure and attributes. Although Graph Neural Net-
works (GNNs), such as GCNs [12] and GraphSAGE [8], have achieved significant progress
in node classification tasks, they still face challenges in capturing long-range dependen-
cies and handling sparse graph structures, which are critical for node classification in
complex networks.

In recent years, hypergraph representation learning has provided new solutions by
modeling higher-order relationships between nodes. For example, end-to-end hypergraph
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convolution [22] and Dynamic Hypergraph Neural Networks (DHGNN) [23] effectively
capture complex node interactions. While simplifying computation, HyperGCN [24] may
lose some high-order structural information. Furthermore, HyperSAGE [25] enhances
generalization capabilities through an inductive message-passing mechanism. However,
these methods still face limitations in integrating global and local information, particularly
in dynamic and complex network scenarios. Researchers have introduced hierarchical
structures into node classification tasks to enhance the capacity for multi-granularity
semantic modeling. Methods such as DiffPool [21] and ASAP [19] significantly improve
representation through node aggregation, but their applications in node-level tasks remain
limited by the shortcomings of single-layer models.

We propose the HCHG, which leverages a multi-layer structure and diverse message-
passing mechanisms to effectively integrate local and global information while enhancing
adaptability and generalization. Experiments demonstrate that HCHG achieves outstand-
ing performance across multiple node classification datasets, particularly excelling in
modeling higher-order relationships and complex node interactions.

3. Motivation and Background

Given a hypergraph structure HG = (V, E, H), the objective is to construct a mapping
function F : HG — Z € RIVI*? that captures the features of node v; and its relationships
within the hypergraph. The effectiveness of F will be evaluated through tasks such as node
classification and link prediction.

In hypergraph neural networks, the node update mechanism differs from traditional
Graph Neural Networks. A hypergraph consists of nodes and edges (hyperedges); each
can connect multiple nodes. Below, we will detail the fundamental mechanism of node
updates in hypergraph neural networks. Consider the hypergraph HG = (V, E, H), where
V is the set of nodes, E is the set of edges, and H is the set of hyperedges. Each hyperedge
h; € H connects multiple nodes. The node update process in hypergraph neural networks
typically involves the following two steps:

1. Message Aggregation

At layer [, the message aggregation for node v is completed through all hyperedges
connected to v. The aggregation can be represented as follows:

m,g;)g = AggregateN({Wlle]),hl(cl) | ke N(U)}) 1)

where Aggregatey,(-) is a differentiable aggregation function, Wk(zlj) is the association matrix

between node k and node o, h,((l) represents the features of node k at layer /, and N(v) is the

set of neighbor nodes directly connected to node v.
2. Node Feature Update
(1)

Using the aggregated message 11,4, the feature of node v is updated as follows:
hz(Jl) - Combine(mglg) ,mz(,gg) )
mz(,gg = Aggregate; {Wk(zl)) | k e N(v)})hz(,lfl)

where Combine(-) is a nonlinear fusion function, Aggregate,(-) is another aggregation
(I-1)

function, and h; " refers to the features of node v from the previous layer.

4. Hierarchical Hypergraph Neural Networks

We propose the HCHG framework to enable node representations to receive long-
range messages and multi-granularity semantics through a hierarchical hypergraph struc-
ture. As illustrated in Figure 1, this framework first creates a progressively refined hi-
erarchical structure, processing the input hypergraph in layers. Next, hypergraphs are
constructed to facilitate message-passing between supernodes based on the connectivity
among hierarchical nodes. To ensure adequate information flow, we design three message
propagation mechanisms: bottom-up, intra-layer, and top-down. These mechanisms en-
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sure information exchange both within the same level and across different levels. Finally,
we train the model using task-specific loss functions and gradient descent algorithms,
optimizing node representations and overall performance.

Level 3

( [ Top to ?ottﬂ -
Level 1 ‘ \ l /

\ /

Target

Horizontal Transmission

Figure 1. Hierarchical Hypergraph Neural Network Framework (Different colors represent different
types of nodes).

4.1. Hierarchical Structure Partitioning

For complex multi-node relational systems, we first represent the raw data as a
graph G = (V,E), where V is the set of nodes representing different entities, and E is
the set of edges depicting relationships between these entities. To capture the higher-
order relationships among nodes more effectively, we introduce hyperedges H, defined as
h ={v1,vs,...,v,}, where v; € V. This constructs a hypergraph HG = (V,E, H).

On this basis, our study employs a hierarchical mechanism that simplifies the graph’s
structure through layer-wise abstraction and aggregation. In each layer, we convert the
node-set V into a higher-level set of supernodes by partitioning the nodes into communities.
For instance, the supernodes in the first layer arise from the community partitioning of the
original nodes. In contrast, subsequent layers’ supernodes are formed by combining the
supernodes from the preceding layer. This approach allows the hierarchical structure to
evolve progressively from the lower to the upper layers, facilitating higher-level analysis
and modeling.
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4.2. Hierarchical Hypergraph Construction

In constructing the hypergraph, the first layer hypergraph starts from the original. We
utilize the Louvain community detection algorithm to identify communities within the
node set V through modularity optimization. Each identified community C; C V forms a
supernode, resulting in a supernode set 51 = {SCl, SC%, ...,S C;,}, considered the first layer.
Once the supernodes are established, we create edges between them. Suppose an edge
exists between two communities, C; and C; (for example, through common original nodes
or connecting hyperedges). In that case, we create an edge ¢;; between their corresponding
supernodes SC; and SC;.

We view the original nodes within each community as components of the hyper-
edges for hyperedge construction. Specifically, for the set of original nodes V¢, = {vy |
vx € C;} within each community C;, we define a hyperedge h; that includes all origi-
nal nodes within community C;, i.e., h; = Vc,. Thus, the set of hyperedges H; of the
first layer hypergraph HG; consists of all hyperedges corresponding to the communi-
ties: Hy = {h; | i=1,2,...,p}. Ultimately, the first layer hypergraph can be represented
as HGy = (S1,Eq, Hy), where E; is the set of edges between supernodes, and Hj is the
collection of hyperedges within S;.

When generating the second layer hypergraph, we again apply the Louvain com-
munity detection algorithm to aggregate the first layer supernodes, forming the second
layer supernode set S, = {SC?,SC3, ..., SC2}. During this process, if there exists an edge
between the second layer supernodes SCZ and SC?, we establish an edge ¢j; between them.
Additionally, we construct hyperedges for the second layer supernodes, defining each
hyperedge h; formed by the supernodes in community Cy. Specifically, each hyperedge
hy in the second layer consists of all first layer supernodes SC} that belong to community
Cy,ie., by = {SC} | SC] € Cx}. Ultimately, the second layer hypergraph is represented as
HG, = (S, Ez, Hy), where Hj is the collection of hyperedges within S;.

4.3. Hierarchical Information Propagation

The hierarchical message-passing mechanism enhances node representations through
long-range interaction and neighborhood aggregation. This mechanism does not interfere
with the process of learning planar node representations, thereby effectively preserving the
original information of the nodes. The hierarchical message-passing mechanism consists of
the following three methods.

(0

After obtaining the node representations of the (t — 1)-th layer hypergraph /2, using

j
the node update mechanism, these representations are aggregated to update the supernode
representations in the t-th layer. A schematic illustration is shown in Figure 2, with the
mathematical expression for aggregation given by:

m _ 1 (1) (1-1)
), = W +h )
SCi|SCH +1 St_,gd st sG

] i

where SC! is the supernode in the t-th layer, s;_l represents the nodes belonging to SC! in
the (f — 1)-th layer, |SC!| is the number of nodes belonging to SC! in the (t — 1)-th layer,
and hgg;l) represents the node representations of the supernode SC! in the t-th layer of the
(I —1)-th layer.
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t+1 Level

e o "o ¢

Mean pooling

b A
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Figure 2. Schematic Diagram of Bottom-Up Propagation.

4.4. Inter-Layer Propagation

Inter-layer propagation primarily relies on hypergraph neural networks” planar message-
passing mechanism to aggregate neighboring information and update node representations
within the same layer. A schematic illustration is shown in Figure 3. Based on the bottom-
up propagation, the aggregation process of information from higher-layer supernodes is
represented as follows:

mige = Aggregaten ({Wyy, al | k € N(v)}
il = N (1) o) il ’

bz(;l) — Combine(mt(llg)g/ mz(fg)g)

where a,(f) is the representation of supernode u after bottom-up propagation, and bz(;l) is

the updated feature representation of node v in layer . The meanings of the remaining
parameters are consistent with those in Section 3.

The node representations from the hypergraphs {Gy,...,Gr} are used to update
the node representations in the original graph G. The importance of information from
different layers varies depending on the specific task. Therefore, an attention mechanism
proposed by Velickovi¢ et al. is employed to adaptively learn the weights of the information
during the top-down integration process [26]. A schematic illustration is shown in Figure
4, represented as follows:

h,=ReLU( Y ol , W' -MEAN(¥) (5)
ueN!(v)
where a!, is a trainable attention coefficient that represents the connection weight between

nodes v and u across different layers. Here, b, is the bias term, MEAN denotes the
element-wise average operation, and ReLU is the activation function. Ultimately, the
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node information representation from the last layer L is output using the following formula
[27]:

zo=0c| Y ab,W- MEAN(bL) (6)
ueNL(v)

where ¢ is the Euclidean normalization function that adjusts values to the range of [0, 1].
The final generated node representations Z € R"*“ are used for classification, with each
row z, € Z representing the representation of a node v.
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Figure 3. Schematic Diagram of Inter-Layer Propagation.
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4.5. Model Training

In the experimental section, HCHG is applied to the training and prediction of
semi-supervised node classification. The designed cross-entropy loss function is defined
as follows:

L=-) y! log(Softmax(zy)) (7)

veV

where y! is the one-hot encoded label vector representing node v. The loss function L can
be specifically modified based on different tasks.

The computational complexity analysis presented in this paper consists of three main
components: the hierarchical construction of graphs, the construction of hypergraphs, and
the information propagation mechanism. The time complexity of the Louvain algorithm
during the hierarchical construction process at each layer is O(m; log n;). The complexity
of hypergraph construction is O(n; + ¢;). The complexity of the information propaga-
tion mechanism is O(nd; + ¢;). Ultimately, the overall computational complexity can be
expressed as:

t=1

T
O(Z(mtlognt+nt+et+ntdt)> ®)

where T is the number of layers in the graph, and m;, ny, e, and d; represent the number
of edges, nodes, hyperedges, and the average degree of nodes in layer ¢, respectively.

The following Algorithm 1 provides a brief summary of the construction process of
the HCHG model.

Algorithm 1: Hierarchical Hypergraph Neural Network

Input :Graph HG = (V,E, H)
Output:Node representation Z € R"*4

1 hz(,o) — Xp;
2 H={G[t=12,...,T}
3 for/ < 1to L do
(1 _ W(I)h(lfl) W(l)h(lfl) )
4 hy’ = ReLU u + v ;
’ (ue%(v) VINWIIN@)] * /IN(@)[[N(o)]
5 fort + 2toT do

5; €5C; ]
1 W) Whgl ,

’ b = ReLU(HG%(U) \/\N<u)|IN(H)I+\/\N(U)HN(U)I)'VU < HG;
8 end
9 forv € Gdo
10 if | < L then
1 = ReLU( Y ol W -MEAN(b{,))

ueN! (v)
12 end
13 else
14 Zy = 0'( Y al, Wt -MEAN(b{;))

ueNL(v)

15 end
16 end
17 end
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5. Experimental Analysis
5.1. Datasets

To verify the model’s overall performance, several commonly used datasets were
used in the experiments, including graph-structured and multiview datasets. The graph-
structured datasets contain rich node and edge relationships. In contrast, multi-view
datasets can be generated by creating images from 3D models or using sensors to capture
data from different angles, providing a comprehensive representation of the objects. Table 1
summarizes all the datasets used in the experiments.

Table 1. Categorical Dataset.

Dataset Nodes/Feature Train/(val)/Test Class
Cora 2708/1433 140/500/1000 7
Citeseer 3312/3703 140/500/1000 6
Pubmed 19,717 /500 60/500/1000 3
Z00 101/16 66/35 7
Grid 400 - -
ModelNet40 12,311/(2048/4096) 9843 /2468 44
NTU2012 2012/(2048/4096) 1640/372 67

1. Graph-structured Datasets

Cora and Citeseer are citation network datasets introduced by Sen et al. [28]. Cora
consists of 2708 scientific publications and 5429 links. Each publication is represented as a
node with a 1433-dimensional word vector as its feature. Citeseer consists of 3312 scientific
publications and 4660 links, with each node having a 3703-dimensional word vector.

Pubmed, introduced by Namata et al. [29], includes 19,717 scientific publications about
diabetes from the Pubmed database, divided into three classes. Each node is represented
by a TF/IDF weighted word vector consisting of 500 words.

The Zoo dataset is downloaded from the UCI website. Each sample contains 17 Boolean
attributes. Hyperedges are created for nodes with the same classification feature value.

Grid is a synthetic 2D grid graph representing a 20 x 20 grid with 400 nodes and no
node features. This dataset is only for link prediction.

2. Multiview Datasets

The ModelNet40 dataset consists of 12,311 objects from 40 popular categories, split
into training and test sets, with 9843 objects for training and 2468 objects for testing.
NTU2012 (National Taiwan University (NTU) 3D Dataset) is a dataset from the computer
vision/graphics field. It comprises 2012 3D shapes from 67 categories, including cars, chairs,
chessboards, chips, clocks, cups, doors, frames, pens, plant leaves, etc. In the NTU2012
dataset, 80% of the data is used for training, and the remaining 20% is used for testing.

In the experiments, each 3D object is represented by extracted features. Two state-
of-the-art shape representation methods, Multi-View Convolutional Neural Network
(MVCNN) and Group-View Convolutional Neural Network (GVCNN), are adopted here.
These two methods have shown satisfactory performance in representing 3D objects. Fol-
lowing the experimental settings of MVCNN and GVCNN, multiple views of each 3D
object are generated.

5.2. Experimental Setup and Results

Applying the HCHG model to the node classification task on the dataset, multi-
ple averaged results are preserved in the experiments. For HGNN convolutional layers
{256,128, 64,32}, experiments are conducted with 2 or 3 convolutional layersand a 1 x 10~°
learning rate. The correlation between different views is modeled for the multiview data by
generating a hypergraph G. For each view’s data, an adjacency matrix H; of the hypergraph
is constructed based on the HGNN proposed by Feng et al. [22]. As shown in Figure 5, the
adjacency matrices H; of different views are concatenated to construct the adjacency matrix
H of the multiview hypergraph, thus creating a hypergraph structure with multiview
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features. Since the macro-level graph, Gt of the macro-level layer is relatively small, during
the experiment, we averaged the input label information by pooling Gt and added the
loss function separately to calculate the edge information in the T layer. The experimental
results showed no impact on the data. The possible reason is that the macro-level layer
contains very little information and has minimal influence on the target nodes after top-
down propagation. Therefore, the small changes in the node connection mode in G have
a negligible effect on the results.

Hypergraph Adjacency Matrix

Viewl -] Splice Adjacency Matrix
l[ T T :::_i
|
: HEN | Hypergraph
GB I ! Convolution
— | i nd
: | Tag Prediction
|
e___t=2 ]
View2

Figure 5. Multimodal Data Fusion.

A comparison of the HCHG model with other graph neural network models for
node classification was conducted. Experimental results were collected for eight models,
including Hyper-Conv, HC-GNN [27], GCN [12], GAT [13], FastGCN [30], LADIES [31],
and DNGNN [32], HJRL [33] on standard datasets, as shown in Table 2. For the link
prediction, six models—GCN, GraphSAGE [8], GIN [14], G-U-Net [20], GXN [34], and
HC-GNN—were compared, as shown in Table 3. The results with node and without node
features were evaluated in the experiments with the Cora dataset. The results show that
HCHG performs well in terms of node classification and link prediction accuracy.

Table 2. Average Test Accuracy (%) =+ Standard Deviation for Node Classification Tasks.

Model (Author, Year) Zoo Cora Pubmed Citeseer
GCN [12] 60.0 + 15 80.2 0.9 779 £ 1.1 64.8 +14

GAT [13] 485+ 1.2 772+ 1.0 775+ 0.8 62.0 + 1.3
FastGCN [30] 378+t 1.6 78.0 £0.8 744 +13 63.5+ 15
LADIES [31] 378 +1.7 783+ 0.7 76.8 £ 1.2 65.0 £ 1.1
Hyper-Conv [27] 93.1+0.4 82.7+ 0.5 784 + 0.6 712+ 07
LE [27] 97.0 £ 0.2 823+ 04 78.7 £0.5 704 £ 0.6
HC-GNN [27] 85.7+ 0.5 79.0 £ 0.6 78.7 £ 04 65.9 + 1.0
HJRL [29] 96.3 + 0.3 776 £ 0.5 773 + 0.6 65.1+1.2
HCHG (Ours) 971+ 0.2 79.8 £0.6 794 +0.5 66.2 + 1.0

Table 3. Average Test Accuracy (%) + Standard Deviation for Link Prediction Tasks.

Model (Author, Year) Grid Cora-Feat Cora-noFeat

GCN [12] 76.3+12 86.9 +£0.9 785+ 1.1
GraphSAGE [8] 775+ 1.1 87.0 0.7 741 4+13
GIN [14] 75.6 £ 1.0 86.2 + 0.8 782+ 1.2
G-U-Net [20] 701 £ 15 909 £+ 0.6 772+ 1.0
GXN [34] 642+ 14 88.9 +£0.8 781+ 1.1
HC-GNN [27] 80.1+13 89.4 + 0.7 77.6 £ 1.0
HCHG (Ours) 87.8 £ 0.9 821+1.2 785+ 1.1

267



Sensors 2024, 24, 7655

For the multiview dataset (Table 4), a comparison was made between Hyper-Conv,
LADIES, HGNN, HJRL, HGNN+ [35], and HC-HGNN. HCHG showed an improvement
of approximately 6% on the NTU2012 dataset compared to other models, while HCHG and
HC-GNN showed improvements on the ModelNet40 dataset. The superior performance of
HCHG may be attributed to its hierarchical structure, which allows the model to capture the
topological information of the graph, i.e., the message propagated from distant nodes in the
graph. Moreover, the intermediate and macro-level semantics reflected in the hierarchical
structure are encoded through bottom-up, intra-layer, and top-down propagation. On the
ModelNet40 dataset, the HCHG model achieved an accuracy of 97%, surpassing other
models such as Hyper-Conv, which attained 92%, demonstrating its adaptability to diverse
data structures.

Table 4. Average Test Accuracy (%) + Standard Deviation for Node Classification Tasks.

Model (Author, Year) NTU2012 ModelNet40
Hyper-Conv [27] 794 £0.8 91.1+1.2
LE [27] 832+ 1.6 94.1+13
HGNN [35] 842 +14 96.7 1.2
HGNN-+ [35] 842+ 15 96.9 + 1.1
HC-GNN [27] 833+ 1.0 98.1 +£0.8
HJRL [29] 86.1 £ 1.3 958 14
HCHG (ours) 90.0 £ 1.1 974+ 1.3

Additionally, with its ability to simultaneously aggregate information from multiple
nodes, the hypergraph structure enables better capture of community structure information
during the learning process. For example, on the NTU dataset, the HCHG model achieved
an accuracy of 90%, a significant improvement compared to other models like HC-GNN,
which achieved 85%.

The HCHG model demonstrates strong generalization capabilities when handling
multimodal data, effectively adapting to various datasets. Its performance across di-
verse datasets, including Cora, Pubmed, Citeseer, Zoo, NTU, and ModelNet40, surpasses
other models.

By integrating hypergraph structures and hierarchical information, the HCHG model
can more effectively capture complex relationships surrounding nodes. In ablation experi-
ments, the HCHG model consistently yielded favorable results across different numbers of
node neighbors, confirming its adaptability to graphs of varying scales.

In summary, by combining hypergraph structures and hierarchical information, the
HCHG model efficiently captures the intricate associations among multimodal data and
achieves outstanding performance in node classification across various datasets.

Finally, in the experiments, HC-GNN, which is constructed using GCN, was compared
to HCHG to investigate the impact of the hypergraph structure on the experimental results.
It was found that the effect varies for different datasets. Not all graph community structures
are suitable for the hypergraph structure, and this needs to be considered in different
problem scenarios. Table 5 presents the ablation experiments on the multiview data,
comparing the classification results for the same nodes under various scenarios of single-
view and multiview. The results from the three models in the experiment demonstrated
that multiview data carries more information, which is beneficial for classification. Finally,
a comparison was made on the number of neighboring nodes using the ModelNet40
and NTU2012 datasets. As shown in Figure 6, the different performances of the HC-
GNN and the proposed HCHG model with varying numbers of neighboring nodes are
displayed. It can be observed that the HCHG model achieves the best results even with
fewer neighboring nodes, indicating that the hypergraph structure can aggregate neighbor
information more quickly and accurately.
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Table 5. Average Test Accuracy (%) + Standard Deviation for Multi-view Data vs. Single-view

Data Comparison.

View HC-GNN [27] HGNN [35] HJRL [29] HCHG (Ours)
NTU (mvcnn) 737 £1.1 69.8 + 0.9 69.6 £1.2 70.7 £ 1.0
NTU (gvenn) 69.7 £ 0.8 795+ 0.7 803+ 1.6 85.7 £1.2
NTU (mvc. and gvc.) 833+ 1.0 842+ 14 86.1+1.3 90.0 + 0.8
ModelNet40 (mvenn) 98.1 £1.3 90.8 £ 1.0 923+ 1.7 939 + 1.1
ModelNet40 (gvenn) 973+ 1.1 92.8 £0.9 905+ 1.4 815+15
ModelNet40 (mvc. and gvc.) 98.1 +£0.8 96.7 £ 1.2 95.8 +14 974+ 1.3
ModelNet40 NTU2012
98 1 90 -
96 1 87+
94 1 i
= )
@ @
% 92 1 E i
2 2
90 1 78 -
] —— HCHG 751 —— HCHG
. —— HC-GNN —— HC-GNN
721
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4 6 8 10 12 14 16 4 6 8 10 12 14 16
edge edge

Figure 6. The number of neighboring node points affects the classification.

5.3. Visualization

The core dataset was visualized to compare the learning abilities of graph-based
and hypergraph-based methods intuitively. The t-SNE method was used to visualize the
output of the last layer convolution. The results are shown in Figure 7. It can be seen
from the results that compared to the graph-based method; the hypergraph-based HCHG
method produces recognizable clusters, which qualitatively validates the effectiveness of
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the proposed method.
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Figure 7. Visualization of the clustering results.

6. Conclusions

This paper proposes a novel Hierarchical message-passing Hypergraph Convolutional
(HCHG) model that combines hypergraphs and hierarchical message-passing using a
layered community detection algorithm. The HCHG model constructs a hierarchical
structure of hypergraph neural networks and performs layered message-passing to handle
multi-view data. The model structure of HCHG enables nodes to capture information-
rich interactions from distant nodes effectively. Extensive experiments are conducted on
five datasets, and the results are analyzed. The experiments demonstrate that HCHG
performs excellently in graph-structured dataset classification and 3D model classification
tasks. HCHG allows for different choices and customized designs of hierarchical structures,
making it easily applicable to various task-specific data. In the future, our goal is to optimize
the learning of hypergraph hierarchical structures further and extend the framework to
handle complex multimodal data in real-life scenarios.

7. Limitations and Future Work

Despite the impressive performance of the HCHG model on multiple datasets, there
are still some limitations. Future work will focus on improving the model’s computational
efficiency, particularly its scalability in complex networks, and developing more efficient
algorithms to reduce computational complexity. Additionally, we plan to optimize the
model’s ability to handle complex social hierarchies and nested structural networks. Finally,
we will conduct an in-depth analysis of how different community detection methods impact
the generation of hierarchical structures, exploring their applicability and limitations in
real-world scenarios. Overall, future research will further enhance the performance and
broad applicability of the HCHG model.
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Abstract: Spoofing attacks (or Presentation Attacks) are easily accessible to facial recognition systems,
making the online financial system vulnerable. Thus, it is urgent to develop an anti-spoofing
solution with superior generalization ability due to the high demand for spoofing attack detection.
Although multi-modality methods such as combining depth images with RGB images and feature
fusion methods could currently perform well with certain datasets, the cost of obtaining the depth
information and physiological signals, especially that of the biological signal is relatively high. This
paper proposes a representation learning method of an Auto-Encoder structure based on Swin
Transformer and ResNet, then applies cross-entropy loss, semi-hard triplet loss, and Smooth L1 pixel-
wise loss to supervise the model training. The architecture contains three parts, namely an Encoder,
a Decoder, and an auxiliary classifier. The Encoder part could effectively extract the features with
patches’ correlations and the Decoder aims to generate universal “Clue Maps” for further contrastive
learning. Finally, the auxiliary classifier is adopted to assist the model in making the decision,
which regards this result as one preliminary result. In addition, extensive experiments evaluated
Attack Presentation Classification Error Rate (APCER), Bonafide Presentation Classification Error
Rate (BPCER) and Average Classification Error Rate (ACER) performances on the popular spoofing
databases (CelebA, OULU, and CASIA-MFSD) to compare with several existing anti-spoofing models,
and our approach could outperform existing models which reach 1.2% and 1.6% ACER on intra-
dataset experiment. In addition, the inter-dataset on CASIA-MFSD (training set) and Replay-attack
(Testing set) reaches a new state-of-the-art performance with 23.8% Half Total Error Rate (HTER).

Keywords: anti-spoofing detection; Swin Transformer; ResNet; auto-encoder

1. Introduction

Since facial recognition is widely applied in many fields of daily life (e.g., accessing
personal accounts via facial identification), face spoofing is becoming a big threat to users
and making some online systems vulnerable. The presentation attacks (PAs), such as paper
print attacks, replay attacks, and 3D facial masks are widely used and easily controlled by
hackers. Thus, developing a reliable facial anti-spoofing (FAS) method [1-4] is important
to avoid security risks and financial losses.

Among the proposed FAS methods, handcrafted feature-based [5] and deep learning-
based methods [6] are common, and these methods are popular in processing single-modal
data (RGB images). However, those models that only utilize hand-crafted features are
not reliable, with low representation capacity due to different novel types, and some
physiological signals [7] and handcrafted clues cannot be effectively learned by only
spoofing images with a single model. Therefore, one major method is to combine multiple
modalities of data such as depth and infrared (IR) images or design an ensembled system
to distinguish spoofing attacks, which is the mainstream to reach the state of the art. On the
other hand, another approach is to create a more advanced model architecture and combine
different learning methods to extract as rich and effective spoofing features as possible.

Sensors 2024, 24, 7635. https:/ /doi.org/10.3390/524237635
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As some datasets cannot provide corresponding depth or physiological information, it is
undeniable that this type of method is rather promising and challenging in future work.

Enlightened by the approach to combining different learning methods, this paper
proposes a novel Encoder—-Decoder face anti-spoofing structure which utilizes Transformer
as the Encoder and ResNet as the Decoder. The total loss is determined by three loss
functions instead of using cross-entropy loss only. In the Encoder part, we only utilize
the Swin Transformer as an extractor with an auxiliary classifier to achieve preliminary
classification work. In addition, we assume the Transformer-based feature extractor could
extract more useful features with correlations of patches, the combination of softmax and
cross-entropy loss is used directly after applying L2 Normalization on extracted features.
In the Decoder part, we regard this part as a “Clue Map” generator, the proposed method
applies a semi-hard triplet loss [8] to minimize intra-class sample distances and maximize
the inter-class sample distances first. This is useful to find out the minor differences
between spoof images and live images. The main purpose of the Decoder is to revert the
extracted features in the latent space to the “Clue Map” for live and spoof images and we
apply pixel-wise loss to supervise them. Because live images should not have any “spoof
clues”, thus, the generated Clue Maps for live images should tend to be all-zero maps. In
contrast, the generated Clue Maps for spoofing images should tend to be all-one maps.
Even though the proposed work is based on the existing works, this method is a new
attempt that combines Swin Transformer and ResNet to design a new model architecture.
Based on the experimental results, it is proven to be robust and could enhance performance
compared with previous methods. In addition, few papers apply the Swin Transformer as
a feature extractor in the FAS field, and our preliminary work compares Swin Transformer
with other Convolutional Networks and proves that Swin Transformer also has excellent
spoofing feature extraction capabilities on Face Anti-spoofing. In addition, the generated
“Clue Maps” by our proposed methods could directly be applied in other unsupervised
learning such as consistency calculation or contrastive learning methods. In conclusion,
the main contribution of this work is threefold:

(1) Design an Auto-Encoder structure based on Swin Transformer and ResNet. The Swin
Transformer aimed to extract features with patch correlation and ResNet aimed to
generate the corresponding “Clue Maps”.

(2) Combine cross-entropy loss, and semi-hard triplet loss with Smooth L1 pixel-wise
loss to supervise the spoof detector, which has proven to increase the model’s general-
ization ability.

(3) Compared with some feature fusion methods, it could reach a new state-of-the-art
performance, and the generated Clue Maps could be utilized in future contrastive
learning methods.

2. Related Work

In this section, we revisit several representative anti-spoofing methods, which are
divided into two main categories: convolutional neural network (CNN) anti-spoofing
and hybrid learning methods. The CNN anti-spoofing methods usually include a direct
supervised learning framework, pixel-wise supervision, and generative models. How-
ever, hybrid learning methods always combine hand-crafted features with CNN-extracted
features. The main research directions and trends are more inclined to develop different
feature fusion methods. Finally, we make a summary of the proposed backbone: the Swin
Transformer as well.

2.1. CNN Anti-Spoofing Detection

Advanced end-to-end CNN models could effectively map input images to spoofing
detection, and most previous work used binary cross-entropy loss for direct supervised
learning. These methods are efficient to use because cross-entropy loss could supervise
Face Anti-Spoofing work to converge faster. But it easily causes the model to overfit
and the reals and Presentation Attacks always hold asymmetric distribution [9], which
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makes models struggle to learn a latent space with smaller intra-class distance and larger
inter-class distance between samples. For example, Xu et al. [10] designed a fine-grained
classification network that contains different spoofing attack methods. This multi-class
supervision work could represent some detailed properties (paper attack and replay). On
the other hand, applying different losses, such as adopting focal loss or angular margin
softmax loss, is also useful in solving hard sample challenges and is widely used in some
anti-spoofing research. The second method is pixel-wise supervision with an auxiliary
classifier, some PAs do not have facial depth information, so generating pixel-wise pseudo
labels [11] could be regarded as discriminative supervision signals. Then, the pseudo-labels
enforce the models to predict the depth maps for live images while the zero-maps for
spoof ones. Overall, pixel-wise supervision is beneficial for explaining feature learning
and reaching a higher evaluation performance. However, the main limitation is the high
demand for training data resolution.

2.2. Hybrid Learning Methods

The hybrid learning method is described as a technique combining hand-crafted
features with deep learning features, because hand-crafted features such as HOG [12]
descriptors have proven to be strongly discriminative in some commercial RGB cameras in
real life. There are three main hybrid learning approaches (see Figure 1) in the previous
studies. Firstly, they extract hand-crafted features from the original input faces, and then
send them to a deep-learning network. For example, Khamari [13] extracted LBP and Weber
descriptors and then encoded them with CNN features which aims to obtain local intensity
and edge information with semantic features. However, using hand-crafted methods at
the initial stage will lose pixel-wise information, which causes low performances of these
models. Secondly, some approaches choose hand-crafted methods to filter out irrelevant
deep features. Li et al. [14] used Principle Components Analysis (PCA) to reduce unrelated
redundancy of deep features extracted from the VGG face model. Although traditional
hand-crafted methods increase the discriminative ability, the semantic representation of the
overall model degrades to some extent. The last method is to fuse hand-crafted features
with deep features together and send to binary classification which is the commonly used
method in recent studies.

Liveness
ﬁ‘ hand-crafted CNN models
features
(a) . Spoofing
Liveness
ﬁ:ﬁ CNN models handl-crafted
Fiters
Spoofing
(b)
]
hand-crafted | S ~ Liveness
Fiters i
ﬁ: A Fusion
‘ CNN models +—> Spoofing
©

Figure 1. Three common hybrid learning methods for FAS. (a) represents CNN features from hand-
crafted features. (b) represents CNN features filtered by hand-crafted methods. (c) represents feature
fusion of hand-crafted features and deep learning features.
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2.3. Swin Transformer

Convolutional Neural Networks such as ResNet [15] and Xception [16] are widely
applied in image classification work; however, Vision Transformers [17], inspired by the
self-attention mechanism [18], reached a new domain on distinguishing images in the
computer vision field, which split images into several patches and combined their cor-
relations. Swin Transformer [19] is a hierarchical architecture with shifted windows and
has become increasingly powerful among different Vision Transformer (ViT) models. The
main contribution of the Swin Transformer is to design a shifted window and apply a
cyclic shift to obtain the interaction information between separated patches, which is unlike
computing global self-attention by other ViTs. This could largely solve the shortcomings
of some traditional vision transformers that do not have overlapping image patches. On
the other hand, patch merging performs an important role in building hierarchical feature
maps by adjusting each stage feature’s resolution and channels. Swin Transformer reduces
computation complexity and proves that it could be a general backbone for dense recogni-
tion tasks. In ImageNet classification, this approach currently has state-of-the-art accuracy
with appropriate FLOPs and parameters.

To prove that the Swin Transformer could effectively extract the spoofing features,
we only utilize the Swin Transformer as a feature extractor and directly make a binary
classification on RGB images of CASIA-MFSD. Then, we chose an Equal Error Rate (EER),
which is the point on the ROC curve that corresponds to having an equal probability of
miss-classifying a positive or negative sample, then we compared with some CNN-based
methods and handcrafted methods, the results are shown in Table 1.

Table 1. The comparison of different EER methods. The Swin Transformer only utilizes cross-entropy
loss to make binary classification.

Methods EER (%)
Fine-tuned VGG-Face [14] 5.20
CNN [20] 6.20
Colour Texture [21] 6.20
Patch-based CNN [11] 444
Depth-based CNN [11] 2.85
Swin Transformer 4.77

By the preliminary experiments, we can conclude that the Swin Transformer could
work more effectively than some traditional backbones and handcrafted methods. However,
depth maps could examine whether the inputs have face-like depth information, which
largely enhances models” performances in the current stage.

3. Proposed Methods

In this section, we will explain our work from three aspects: data pre-processing,
network design, and loss function design. Among them, the data pre-processing part
only localizes, aligns, and crops human faces, and finally, the random geometric data
augmentation methods are applied to the images obtained. The purpose of network design
is to extract more variety of features and restore them to the corresponding Clue Maps. The
last stage is to more effectively regulate the difference between the predicted value and the
Ground Truth labels.

3.1. Data Pre-Processing

This method is designed based on extracting spatial information features of images;
thus, we need to extract video frames and locate face position information for specific
datasets such as CASIA-MFSD [4]. Since there is no obvious change in the expression
and postures of the human faces in most video frames, we choose to calculate the total
number of video frames in each video and obtain three video frames from each video to
prevent the duplication of facial content information. At the same time, we reprocess the
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provided bounding box information of the OULU dataset [22] and use the facial detector
to obtain facial areas of original data in CASIA-MFSD. Then, we expand the width and
height of the face area by 20% to ensure that the edge information of the face is not lost.
After we applied facial alignment and cropped facial areas, the samples (see Figure 2) were
sent to random data augmentations to enrich input varieties, which is the first stage to
avoid overfitting in our design. Specifically, we set a confidence threshold of 0.5 and a
Non-Maximum Suppression (NMS) as 0.5 for facial detector “scrfd”. There are several
parameters we set for the data augmentations. Firstly, we selected the random data
augmentation methods, which combine base transformation, horizontal flipping, vertical
flipping, random rotation, and random resize crop. Then, there is a probability of 0.8 that
vertical and horizontal flipping will flip the original input images. Additionally, we set the
rotation angle from 60 degrees to 90 degrees for random rotation augmentation to increase
the input varieties. Finally, the Random resize Crop scale is from 0.77 to 1 and the ratio is
from 0.9 to 1.1.

Figure 2. The cropped samples of CASIA-MFSD detected by facial area detector, the first row pictures
are all liveness faces shot by different cameras, the second-row images include paper attack, paper
mask and replay attack.

3.2. Network Architecture

The proposed network architecture which consists of a shared parameter Transformer-
based Encoder (Stage 1) and two ResNet-based Decoders (Stage 2) is illustrated in Figure 3.
The main purpose of the Encoder (Stage 1) is to extract features and then save them into
latent space; Stage 2 can be divided into three main branches: two Clue Map generators
(Decoders) and one binary auxiliary classifier. The main purpose of designing the entire
model framework as an Auto-Encoder with an auxiliary classifier is avoiding fully super-
vised learning for the training model. Auto-Encoder is an unsupervised learning model
in nature which could largely reduce the dependence of data on annotations. In addition,
the input data for the entire model has already been compressed into low-dimensional
representations and stored in the latent space before passing through the Decoder part.
This could allow the most important feature information to be extracted and minimize
the impact of noise on the recognition model. Another benefit of Auto-Encoder is that its
architecture is flexible and is not limited to the number of layers of the network model.
Additionally, the latent representations can be used for classification work or clustering.
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Figure 3. The proposed network architecture. The Transformer-based Encoders have shared pa-
rameters, but Decoders are trained separately and designed based on the ResNet structure with
27 convolutional layers without linear layers.

In Stage 1, the input images are firstly split into several non-overlapping patches,
and regarded the patches as “tokens”, which is the same as the operation of other Vision
Transformers. Then, the corresponding patch size is set as 7 x 7, and patch embeddings are
processed by 12 Swin Transformer blocks with self-attention computation to obtain features
f with the size of [7,7,768]. Specifically, the query (Q), key (K) and value (V) are input
vectors after applying linear projection on the embeddings, the query and key are with
the same vector dimension of d. By computing the dot product of the query and key and
adding bias, we utilize the Softmax function to squeeze the output range from 0 to 1. The
corresponding self-attention computation is written as in Equation (1). All features f are
saved in the latent space, and Stage 2 is to further process these saved features. In addition,
we set the dropout rate as 0.8 in Multiple Layer Perceptron (MLP) to avoid over-fitting
in this stage. After obtaining the original output features extracted by the Encoder, we
reshape the tensor size to two-dimensional, which is [49, 768].

Attention(Q,K, V) = Softmax(QK" /v/d + B)V 1)

where query (Q), key (K), and value (V) are obtained from linear projection; 1/ \V/d is the
scale factor of query and key; and B is the bias of query, key, and value.

In Stage 2, the features are first reshaped to [12,56,56|, which is for Decoders to
generate corresponding Clue Maps. The Decoders are all ResNet-based structures, but
with separate parameters to generate spoof or live Clue Maps. Specifically, the Decoders
include one CBL module and 13 basic residual blocks, which are shown in Table 2. To
illustrate the details of the Decoder structure, the designed ResNet-based decoder is shown
in Figure 4 After obtaining the Clue Maps, we utilize Smooth L1 pixel-wise loss, because
we assume that the live Clue Map should tend to be an all-zero map, and the spoof Clue
Map tends to be an all-one map after model training. Additionally, considering strongly
distinguishing the intra-class and inter-class samples, the second branch applies semi-hard
triplet loss, which allows the distances between anchor and negative samples to be longer
than the distances between anchor and positive samples. The bottom branch is a supervised
learning branch only connected with Multi-layer Perceptron (MLP) for classification work.
In addition, L2 regularization is applied to extracted features to avoid overfitting before
the MLP. Thus, the final output of Stage 2 is to compute Smooth L1 pixel-wise loss, triplet
loss and cross-entropy loss separately.
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Table 2. The Decoder’s components. Each Basic block contains two convolutional layers with kernel
size 3, and strides are all set as 2.

Layer Name Output Size Layer Components
Decoder Convl 64 x 28 x 28 2 x 2, stride =2
Decoder Basic Block1 128 x 28 x 28 [3x3,3x3]x3
Decoder Basic Block2 256 x 14 x 14 [3x3,3x3] x4
Decoder Basic Block3 1024 x 7 x 7 [3x3,3x3]x6
Reshape 224 x 224 None

Input Tensor

Out Dimension = 64

Basic Block

Decoder Layer 1: Basic Block x 3

[T Decoder Layer 2: Basic Block x 4

|
|

|

Out Dimension = 256

Basic Block

shorthn 1x1 Conv

[T Decoder Layer 3: Basic Block x 6

Basic Block

Out Dimension = 1024

Reshape |y 224 x 224

Figure 4. The proposed Decoder architecture. The liveness and spoofing Clue Maps generators are
with the same architecture but with separate training parameters.

3.3. Loss Functions

For cross-entropy loss, as a traditional categorical loss function, its gradient calcu-
lation is much simpler, which leads to the faster convergence speed of the model in the
training process and updates training parameters quicker in the limited training epochs.
In contrast, using Mean Square Error (MSE) loss in logistic regression tasks could slow
down convergence in classification due to its smoother gradient change, especially when it
may produce a smaller gradient update in the early stage of training, and result in a slower
training speed. Semi-hard triplet loss is a loss function commonly used in metric learning
methods. It pushes the model to embed samples of the same class into the closer position
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of the feature space while separating samples of different classes from a theoretical perspec-
tive. In addition, this loss function largely prevents over-fitting, and its negative samples
are slightly larger from the anchor than the positive ones. In this way, the model can
avoid extremely difficult triples and excessive gradient changes. In conclusion, semi-hard
triplet loss is effective in learning minor differences between samples by using “semi-hard”
negative samples, and it could not only distinguish obviously different samples but also
better capture the differences between samples that are visually similar but belong to
different categories.

The embeddings obtained from the Transformer-based Encoder are represented by
fp and f;, where we regard them as live (positive) embeddings and spoof (negative)
embeddings separately. Additionally, we want to ensure the anchor embeddings f, belong
to the same class with positive embeddings and avoid manually grouping anchor, positive,
and negative embeddings. We choose to generate positives and semi-hard negatives within
a mini-batch, which is an online method. To distinguish intra-class and inter-class samples
more effectively, we enforce that the Euclidean distance between the anchor and positive is
shorter than the distance of the anchor with negative samples, but the positive exemplars
with margin are further away from anchors than the negative samples. In other words, we
let negative embeddings lie in the margin area to separate the minor differences between
live and spoofs. The relationship between the embedding distances can be illustrated in
Equation (2), and the triplet loss could be rewritten in Equation (3).

d(a,p) <d(a,n) <d(a,p)+ margin (2)
1 ¢ )
Lyi = P ;)[H fa=fa 3 = Il fa i 15 —margin] ®)

where a represents the anchor sample and f; is the anchor feature correspondingly;
p represents the positive sample which belongs to the same class as the anchor and f, is the
positive embedding; 1 represents the negative samples and f, is the negative embedding;
margin is an enforced distance between positives and negatives.

In this work, we did not take an anomaly detection approach to design a one-class
classification task for FAS or regard the live samples as a closed set. We would like to apply
pixel-wise supervision of samples on the spoof set as well, so we assume that the “Clue
Maps” should be an all-one or all-zero map ideally; for example, the generated Spoof Clue
Maps Mg should approximately tend to be an all-one map, and Live Clue Maps M| are
all-zero maps after training. To measure the difference between generated “Clue Maps”
and ideal “Clue Maps” (all-one or all-zero matrix) better, we choose the Smooth L1 loss
to supervise the generated clues. This is because L1 loss is not smooth at the zero point,
which means that the gradient derivative cannot be well performed. In addition, using
L2 loss alone is more sensitive to outliers to cause the gradient explosion. Thus, we select
Smooth L1 loss which combines the advantages of both losses, modifies the non-smoothing
at zero-point, and is more robust to outliers. Specifically, the Smooth L1 loss for Spoof Clue
Maps can be illustrated in Equation (4).

n 2
Ly — 1 Z{0.5(1\/11 — Mg)? if [My - Mg| <1 @
n = | IM; — Mg| otherwise
where M represents all-one map; Mg represents generated Spoof Clue Maps.
Similarly, the Smooth L1 loss for Live Clue Maps can be illustrated in Equation (5).

18 {O.S(ML —My)? if |[Mp— M| <1 )

L.: - —
pixel = l«;;) M — M| otherwise

where My represents all-zero map; M| represents generated liveness Clue Maps.
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Finally, we design an auxiliary classifier to assist the model in making decisions, and
cross-entropy loss is applied as a supervised learning method for model training. We only
utilize the extracted features from Encoder with MLP to calculate the predicted matrix for
spoofing and live images. Cross-entropy loss is used as one of the basic logistic regression
factors for the final decision. The cross-entropy loss can be determined by Equation (6).

Lep = —% )_lylogp+ (1= y)log(1—p)] (6)
i=0

where y is the Ground Truth; P is the predicted probability of the class; n is the sample number.

In the final loss function design, we only want the CE loss to be used as an auxiliary
loss function, while the triplet loss function and the pixel-wise loss function are used as
the main loss measures to supervise the model to update the parameters. So, we combine
these three loss functions linearly to obtain the final function in the end. Since the total loss
is determined by three loss functions, we initially set the learnable weight balance for these
three losses as 0.333. Then, the total loss function can be expressed as Equation (7).

Ltot = aLcp + BLyyi + yLpixel 7)
where «, B and 7y are the initial learnable hyper-parameters.

4. Experiments
4.1. Datasets and Metrics

In this experiment, we used three datasets: CelebA-Spoof [23], OULU [22], and CASIA-
MFSD [4]. CelebA-Spoof is one of the largest scale anti-spoofing datasets, containing
625,537 images of 10,117 subjects. The total number of live images is more than 202,599,
which originated from the Celeb-A dataset; some subjects are filtered to guarantee the
balance of spoof instruments. In addition, it is famous for its various diversity and four
illumination conditions, and two environments are considered. Unlike other spoofing
datasets, CelebA-Spoof provides 43 attributes with rich annotations, 40 of them are for live
images and three attributes (spoof types, environments, and illumination) are well-labelled
for spoofing images. Specifically, spoof types consist of paper print, paper cut, 3D mask,
and replay attack, which are the most common attack methods in recent years.

The OULU dataset consists of 4950 real and attack videos, collected from different
sensors, illuminations, and background scenes. Additionally, there are four protocols for
evaluating the generalization ability, including unseen environment conditions of a PAD
attack, the effects of different printers and displays, and the sensor’s interoperability. The
dataset files define the category of data with the last string of the file names, including real
faces (class 1), two paper attacks (classes 2 and 3), and two replay attacks (classes 4 and 5)
separately.

Compared with CelebA-Spoofing, CASIA-MFSD is a small spoofing dataset that
contains 600 video clips and 50 subjects for the training and testing phases. In each subject,
there are 12 video clips, and only 1.avi, 2.avi, and HR1.avi belong to genuine classes shot
by different cameras. In addition, we checked all the publicly available face anti-spoofing
datasets, and found that they were all published on an older date. For example, the earliest
dataset is Replay-attack published in 2012, and the CelebA-spoofing dataset was published
in 2020. The main reason why we selected OULU-NPU, CASIA-MFSD, and Replay-attack
is that most current works also utilize these datasets to prove their models’ generalization
ability. Lastly, images and videos from these datasets are of good quality. Except for the
Replay-attack dataset, other datasets contain various spoofing attack methods and different
shooting cameras, which are adequate to cover and deal with face spoofing attacks in the
real world. Thus, our research work also tests these datasets to compare with the previous
benchmark results.

For evaluating metrics, we calculate the confusion matrix to obtain True Positive
(TP), False Positive (FP), False Negative (FN), and True Negative (TN) separately first.
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Then, we utilize the Error Rate metrics including Attack Presentation Classification Error
Rate (APCER), Bona fide Presentation Classification Error Rate (BPCER), and Average
Classification Error Rate (ACER) to evaluate our approach performance and compare it
with previous work. In addition, we also use Half Total Error Rate (HTER) as the cross-
testing evaluating metric. The calculation is the same as ACER. The equations of APCER,
BPCER, and ACER (HTER) are shown below:

FP
APCER = TN EP (8)

FN
BPCER = TPLEN )
ACER(HTER) APCER—Zi—BPCER 10)

where FP represents False Positives, TP represents True Positives, FN represents False
Negatives, and TN represents True Negatives.

4.2. Implementation Details

For data augmentation, we choose the random data augmentation method, which
contains four geometric data augmentations (Horizontal Flipping, Vertical Flipping, Ran-
dom Resized Crop, and Random Rotation). These four methods [24] could generally
perform better results than others in small-scale datasets. Since the fine-grained categories
of spoofing (such as phone attack, paper attack, pad attack, etc.) have different sensitivities
to colour, we do not apply colour transformations to prevent confusion among different
fine-grained categories. For image processing work, all images are resampled and located
in facial areas by SCRFD [25] with 0.5 NMS and enlarged by 1.2 of the bounding box. Then,
we resize them to 3 x 224 x 224. For the training phase, we utilize the AdamW optimizer
with a 0.0001 learning rate and 5 x 10~* weight decay. There is a 0.2 dropout rate applied
on the Linear layer to prevent overfitting. The triplet loss margin is set as 0.5, and learnable
weight parameters of three loss functions are initialized as 0.333 in the first epoch. In
addition, we select “swin tiny patch4 window?7 224.pth” as pre-trained model parameters
for Encoder, the batch size is 32 and the total training epoch is set to 30.

4.3. Ablation Test

Before we compared our model’s performance with other benchmark models, we
performed a preliminary test to prove that the generation of “Clue Maps” with triplet loss
and Smooth L1 loss is useful in live/spoofing classification work. There are three testing
methods, which are the Swin Transformer with cross-entropy loss, the Swin Transformer
with triplet loss and cross-entropy loss, and our proposed method. Specifically, the Swin
Transformer architectures (as the Encoder part) are totally the same in this preliminary
experiment. The triplet loss is applied to the extracted features of the Encoder part in the
second testing method, but our method applied the triplet loss and Smooth L1 loss on the
“Clue Maps” (Decoder part). In addition, we utilized CelebA-Spoofing as the intra-training
set, and we randomly selected 20,000 images for training and 5000 images for validating.
Then, we compute accuracy, APCER, BPCER, and ACER separately within 30 epochs, and
the results are shown in Table 3. The updated hyper-parameters of loss functions” weights
are 0.27 for cross-entropy loss, 0.45 for semi-hard triplet loss and 0.28 for Smooth L1 loss,
respectively. This preliminary experiment illustrates that the supervised learning method
for anti-spoofing is not the most effective, adding triplet loss on Encoder will slightly
increase the APCER, which means the model will wrongly predict more spoof samples, but
the BPCER drop by 6% approximately, thus the combination of cross-entropy and triplet
loss on Encoder could enhance the validating accuracy and classification ability, especially
on the live sample set. Finally, our approach only utilizes cross-entropy loss as an assisted
supervision loss function, which is applied on the auxiliary classifier, and the pixel-wise
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loss and triplet loss are all applied on the generated “Clue Maps”, then all Error Rates
decrease largely, and the validating accuracy is significantly increasing as well. Thus, it
is feasible to restore the features extracted from the Encoder to the “Clue Maps” of the
original input size, and the unsupervised loss which applies to the Decoder part could both
increase the classification ability on spoof and live sample sets.

Table 3. Preliminary validating results for three methods. The training and validating data are from
CelebA-Spoofing.

Methods Epoch Accuracy (%)  APCER (%) BPCER (%) ACER (%)
Method 1 18 86.35 4.444 17.672 11.507
Method 2 22 89.75 7.401 11.494 9.448
This work 17 93.52 2.184 8.773 5.479

Method 1: Swin Transformer with cross-entropy loss; Method 2: Swin Transformer with cross-entropy and triplet loss.

4.4. Intra-Dataset Experiment

We carry out intra-dataset experiments on the first two protocols of OULU-NPU. For
Protocol 1, the methods we compare the performances include the CNN baseline, CNN +
MIL [26], GRADIENT [27], STASN [28], and FaceDS [29]. The results of APCER, BPCER,
and ACER of OULU-NPU Protocol 1 are shown in Table 4. Our method outperforms
all compared anti-spoofing methods on the first protocol to a large extent. Additionally,
we also investigate one hand-crafted feature extraction method LBP’s performances; it
could reach 5.0% APCER, 20.8% BPCER, and 12.9% ACER, respectively. Thus, we can
conclude that the traditional CNN classification algorithm and manual feature extraction
are gradually losing their competitiveness in this task.

Table 4. The intra-dataset validating results for five compared methods. This table only presents the
relative performances of the Protocol 1 scenario of OULU-NPU.

Methods APCER (%) BPCER (%) ACER (%)
CNN (baseline) 7.8 22.3 10.1
CNN + MIL 3.3 9.2 6.3
GRADIENT 1.3 12.5 6.9
STASN 1.2 2.5 19
FaceDS 1.2 1.7 1.5
This work 0.9 1.5 1.2

For Protocol 2, it focuses on different spoofing attack methods. Thus, we select CNN
baseline, GRADIENT, STASN, FaceDS, and Auxiliary [30] as the state-of-the-art models,
and compare their relative Error Rate with ours. The validating results are reported in
Table 5. Our model has slightly worse BPCER on this protocol, but could reach the lowest
APCER and ACER, which are 1.5% and 1.6%. The STASN method has the lowest BPCER
among the comparing methods.

Table 5. The intra-dataset validating results for five compared methods. This table only presents the
relative performances of the Protocol 2 scenario of OULU-NPU.

Methods APCER (%) BPCER (%) ACER (%)
CNN (baseline) 7.6 2.6 8.1
GRADIENT 3.1 1.9 2.5
STASN 4.2 0.3 2.2
FaceDS 4.2 44 4.3
Auxiliary 2.7 2.7 2.7
This work 1.5 1.7 1.6
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4.5. Cross-Dataset Experiment

To demonstrate our model’s generalization ability, we set up several cross-dataset
experiments. Firstly, we use the largest spoofing dataset CelebA-Spoofing as the training set
and then test on Protocol 1 and 2 on OULU-NPU. The ACER results are 13.7% and 19.0%,
respectively. We have found that our algorithm is slightly less effective at a wide range of
forgery attacks (Protocol 2). However, the versatility of our model is relatively good, and the
stability of recognition is high in the case of multiple scenarios (Protocol 1). Furthermore,
we utilize CASIA-MFSD and Replay-attack [31] to perform cross-dataset experiments,
because it is the current benchmark result which is widely used in the academic research
field. Table 6 presents the cross-testing HTER of the previous methods. Our proposed
method reduces the Error Rate by 3.6% in the first cross-testing experiment but increases
by 9.4% on the second cross-testing HTER.

Table 6. The inter-dataset testing results for six compared methods. The second column uses the
CASIA-MFSD database as the training set, and the Replay-attack as the testing set. The third column
is training on Replay-attack and testing on CASIA-MFSD.

Method CASIA-MFSD Replay-Attack Replay-Attack CASIA-MFSD
Motion 50.2% 47.9%
CNN 48.5% 45.5%
LBP 47.0% 39.6%
Auxiliary 27.6% 28.4%
FaceDS 28.5% 41.1%
Spoof Cues [32] 27.4% 23.7%
This work 23.8% 33.1%

We reviewed the recently published papers, and found out they utilize different
protocols to prove their models” abilities to process unseen data. To ensure that our
experimental data, protocols, and comparison methods are consistent, we used works
that are relatively consistent and published in 2020. In addition, these selected works all
used the same training and test datasets and protocols, which helped us to achieve a fair
comparison. Furthermore, some of the recently published works did not publish their
code. We aim to reproduce their code and compare our work with them as part of our
future work.

5. Conclusions and Future Work

We reformulated the Face Anti-Spoofing task in an Auto-Encoder architecture with
three supervised losses. The main innovation is to design a “Clue Maps” generator that
is also the Decoder part of the whole network. Since there is less work to solve the FAS
problem by using the Swin Transformer as a feature extractor, our work first shows that
it could extract more useful information to a certain extent. Furthermore, Smooth L1
pixel-wise loss and triplet loss applied to the generated “Clue Maps” could help the model
update parameters more efficiently and complete the liveness and spoofing classification
task. This paper also identifies the importance of Decoder and the combination of Smooth
L1 loss and semi-hard triplet loss in the ablation test. Meanwhile, we conduct extensive
experiments on popular anti-spoofing datasets such as CelebA-Spoofing and prove our
model’s generalization ability. Finally, we hope our generated Clue Map method could be
useful for further investigators to complete more comprehensive contrastive learning and
achieve better FAS performances.

Future works have two main aspects. The first aspect is to investigate whether fine-
grained classification could outperform binary classification work. Due to the gradual
diversification of the counterfeiting methods of spoofing and the categories of sensors, the
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fine-grained attribute classification task may help the model learn more spoofing informa-
tion to a certain extent. With the differences in the shooting environment and shooting
equipment of the samples, we also believe that the fine-grained attribute classification task
of FAS will be a research trend in the future.

The second aspect is to develop an efficient and lightweight network for extracting the
depth information for the training samples, which we hope to apply to the pre-processing
work of the entire architecture. For the task of biological detection of living human faces, the
extraction of depth map information can be achieved by computer vision technology. From
previous experiments, it can be confirmed that the multi-modal detection task containing
depth map information often greatly improves the testing metrics. A commonly used
hybrid learning architecture is shown in Section 2.2, and the obtaining of depth maps with
proper feature fusion methods is required to analyse in future works.

Face anti-spoofing is mainly used to unlock an individual’s financial system, but most
liveness detection applications are still applying interactive FAS detection. For example,
the testers follow the random instructions on the screen (such as closing eyes or shaking
heads) to perform specific actions to determine whether the interacting individual is live
or spoofing. Thus, our proposed silent FAS method can be used as an auxiliary tool in
practical scenarios. Compared with other silent FAS methods, our method needs to be
trained and tested in more scenarios and protocols. Since ViTs often require a large amount
of data for training to ensure the excellent recognition ability of the model, we hope to
fuse some datasets in future work and study the effect of cross-dataset data. In addition,
our work does not include situations where multiple face images are used as input in data
pre-processing. This issue may cause the recognition system to misjudge the face in the
background, resulting in a degraded FAS performance.
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Abstract: The efficient separation of coal and gangue remains a critical challenge in modern coal
mining, directly impacting energy efficiency, environmental protection, and sustainable development.
Current machine vision-based sorting methods face significant challenges in dense scenes, where label
rewriting problems severely affect model performance, particularly when coal and gangue are closely
distributed in conveyor belt images. This paper introduces CGDet (Coal and Gangue Detection),
a novel compact convolutional neural network that addresses these challenges through two key
innovations. First, we proposed an Object Distribution Density Measurement (ODDM) method to
quantitatively analyze the distribution density of coal and gangue, enabling optimal selection of
input and feature map resolutions to mitigate label rewriting issues. Second, we developed a Relative
Resolution Object Scale Measurement (RROSM) method to assess object scales, guiding the design
of a streamlined feature fusion structure that eliminates redundant components while maintaining
detection accuracy. Experimental results demonstrate the effectiveness of our approach; CGDet
achieved superior performance with AP50 and AR50 scores of 96.7% and 99.2% respectively, while
reducing model parameters by 46.76%, computational cost by 47.94%, and inference time by 31.50%
compared to traditional models. These improvements make CGDet particularly suitable for real-time
coal and gangue sorting in underground mining environments, where computational resources are
limited but high accuracy is essential. Our work provides a new perspective on designing compact
yet high-performance object detection networks for dense scene applications.

Keywords: coal-gangue detection; object distribution density measurement (ODDM); relative resolution
object scale measurement (RROSM); label rewriting problem; compact neural network

1. Introduction

Coal, as a cornerstone of global economic development, serves dual roles as an es-
sential energy source and critical chemical raw material [1]. The imperative to address
environmental concerns while maintaining coal’s economic utility has led to the emergence
of green and intelligent mining technologies [2]. These technologies represent a significant
advancement in sustainable mining practices, integrating underground gangue separation
with sophisticated backfilling techniques to minimize environmental impact and prevent
mining-induced geological hazards [3]. Such integration not only reduces surface pollution
from coal preparation facilities but also effectively mitigates the risk of ground subsidence,
marking a substantial advancement in sustainable mining practices. A critical challenge
in implementing green mining technologies lies in the spatial constraints of underground
operations, which preclude the use of conventional surface processing equipment [4,5]. The
dimensional limitations and operational complexities of traditional surface equipment pose
significant barriers to underground deployment, necessitating innovative solutions for in
situ coal processing. While intelligent sorting robots offer a promising solution due to their
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compact design [6], their effectiveness fundamentally depends on accurate machine vision
systems for real-time coal and gangue discrimination [7]. The development of efficient and
accurate machine vision methods is crucial for enabling these robots to perform swift and
precise gangue removal during raw coal transportation, thereby facilitating the transition
toward environmentally sustainable coal production practices.

Recent developments in convolutional neural networks have demonstrated remark-
able potential in object detection tasks [8-10], particularly in coal-gangue discrimination
applications [11]. Bounding boxes are used by object detection algorithms based on convo-
lutional neural networks to identify the category and location of objects in images [12-14].
The evolution of deep learning architectures has revolutionized machine vision capabilities,
enabling unprecedented accuracy in object detection and classification tasks. However, the
application of these technologies in underground mining environments presents unique
challenges that current solutions have yet to adequately address. Existing approaches
primarily fall into two categories: two-stage detectors and single-stage detectors. Two-
stage detectors, exemplified by Faster R-CNN [15], CG-RPN [16], and FCCN [17], achieve
impressive accuracy through sophisticated proposal generation mechanisms but suffer
from substantial computational overhead that impedes real-time processing capabilities [7].
These algorithms, while effective in controlled environments, face significant challenges in
meeting the speed requirements of online sorting applications. Conversely, single-stage
detectors like YOLO [18] offer enhanced processing efficiency but frequently compromise
on detection accuracy [19]. Various optimization attempts, including cascaded architectures
combining YOLOV3 with support vector machines [20] and implementations of deformable
convolutions [21], have been proposed to address these limitations. However, these ap-
proaches have not fully resolved the fundamental speed-accuracy trade-off, particularly in
dense scene detection scenarios.

The subsequent evolution of YOLOv3 variants, incorporating more sophisticated
feature extraction networks and optimized training methodologies, has yielded significant
improvements in coal and gangue perception accuracy [22-25]. These advanced models
demonstrate enhanced detection capabilities but are characterized by large parameter
spaces and substantial computational requirements, presenting significant challenges for
deployment on edge devices with limited resources. This limitation has catalyzed research
interest in lightweight object detection models [26,27]. Current model lightweighting ap-
proaches can be broadly categorized into two types [28]. The first is network architecture
design, which includes manual design [29-32] and AutoML design [33]. The second is
model compression, achieved through techniques such as network pruning [34], low-rank
decomposition [35,36], low-bit quantization [37], and knowledge distillation [38]. Contem-
porary approaches to model compaction have primarily focused on network substitution
strategies, such as replacing heavyweight networks with lighter alternatives. Common
approaches include substituting DarkNet53 with ResNet18 [39] or MobileNetV3 [20] in
YOLOV3 implementations, or replacing VGG16 with GhostNet [40] or MobileNetV1 [41] in
SSD (Single Shot MultiBox Detector) architectures [42]. SSD is a single-stage object detection
algorithm optimized based on the VGG16 architecture. It leverages feature maps at multi-
ple levels for multi-scale detection, employing convolutional operations and predefined
anchor boxes. While these modifications effectively reduce model parameters and compu-
tational demands, they often result in compromised detection performance, particularly
in challenging dense-scene scenarios. To improve the performance of lightweight models,
attention mechanisms are usually added, but adding attention mechanisms does not help to
solve the label rewriting problem. Using a larger input image or feature map resolution for
detection can alleviate the label rewriting problem, but blindly increasing the resolution of
the input image and feature map will increase the computational complexity and seriously
weaken the inference speed of the lightweight model [40,43]. In compact convolutional
neural networks designed for recognizing coal and gangue, many high-performing models
have emerged [44-48]. However, these models often overlook the dense distribution of
coal and gangue, as well as the relatively small proportion of pixels occupied by coal and
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gangue in the images. Therefore, when compacting convolutional neural networks, how
to continuously subtract so that they can maintain high performance and speed in dense
scenarios while avoiding label rewriting is an important research question.

Recent advances in multi-scale feature learning and multi-view analysis have pro-
vided valuable insights for dense object detection. Wang et al. proposed a progressive
learning strategy with multi-scale attention network, demonstrating the importance of scale-
adaptive feature extraction [49]. Similarly, Wang et al. introduced a bi-consistency guided
approach for incomplete multi-view clustering, highlighting the significance of consistent
feature representation [50]. Furthermore, Wang et al. developed a graph-collaborated
auto-encoder framework for multi-view clustering, offering novel perspectives on feature
fusion [51]. Building upon these works, our CGDet advances the field by introducing
ODDM and RROSM methods specifically designed for dense coal-gangue detection, while
maintaining computational efficiency through optimized feature fusion strategies.

The current state of research faces three critical challenges that previous studies
have failed to adequately address: (1) Performance Degradation in Dense Scenes: exist-
ing lightweight models struggle to maintain detection accuracy when confronted with
densely distributed objects, a common scenario in coal-gangue sorting applications. (2)
Computational Overhead: the integration of attention mechanisms and other performance-
enhancing features often introduces significant computational burden, contradicting the
primary goal of achieving a lightweight model. (3) Label Rewriting Issues: the problem of
label rewriting becomes particularly acute in high-density scenes, where multiple objects
compete for detection resources within limited spatial regions.

To address these fundamental challenges, this paper introduces CGDet, a novel
lightweight convolutional neural network specifically designed for dense coal-gangue
detection. Our approach introduces two innovative methodologies: (1) Object Distribution
Density Measurement (ODDM): A systematic approach for analyzing and optimizing object
detection in dense distributions. This methodology enables precise calibration of input
image and feature map resolutions while maintaining high performance and computational
efficiency. (2) Relative Resolution Object Scale Measurement (RROSM): A novel technique
for characterizing object scale variations and optimizing feature fusion structures. This
approach facilitates the development of efficient multi-scale detection strategies while
minimizing computational requirements.

The primary objective of this research was to develop a high-performance, computa-
tionally efficient object detection system capable of accurate coal-gangue discrimination in
dense underground mining environments. Specifically, we aimed to: (1) design a lightweight
model architecture that maintains high detection accuracy in dense scenes while minimiz-
ing computational requirements. (2) Develop novel methodologies for optimizing input
resolution and feature fusion based on object distribution characteristics. (3) Demonstrate
the effectiveness of our approach through comprehensive experimental validation.

The primary innovations and contributions of this research are synthesized into three
interconnected aspects: (1) The Object Distribution Density Measurement (ODDM) method-
ology is proposed, enabling optimal resolution selection, circumventing label rewriting
issues, and providing a systematic analytical framework for object distribution patterns,
with both theoretical foundations and practical guidance established for parameter opti-
mization in dense detection scenarios. (2) The Relative Resolution Object Scale Measure-
ment (RROSM) technique is introduced, facilitating the optimization of feature fusion
design through precise quantification of object scale variations, with model complexity
significantly reduced and detection accuracy maintained. (3) Based on these innovations,
the CGDet architecture is constructed, integrating the advantages of ODDM and RROSM
within a unified framework.

Optimal performance is achieved in dense coal-gangue detection tasks, while compu-
tational efficiency is preserved for edge device deployment, offering a viable solution for
practical engineering applications. Together, these innovations form a cohesive technical
system, establishing a new paradigm for lightweight object detection in dense environments.
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2. Materials and Methods
2.1. YOLOX Object Detector

YOLOX [52] is one of the state-of-the-art single-stage object detectors known for its
fast detection speed and high accuracy. It has been widely utilized in object detection tasks
and it is advantageous for real-time and high-precision perception of coal and gangue in
dense scenes. The YOLOX detector still follows the YOLO detection paradigm, which
involves gridding the image, and if an object’s center is within a grid cell, that grid cell
is responsible for detecting the object. The structure of the YOLOX-s model is shown in
Figure 1. As shown in Figure 1, the YOLOX-s model encompasses three main parts: the
backbone is used to extract features from the image, the neck is used to fuse feature maps
at different scales, and the heads use the feature maps generated by the neck for detection.
The backbone of the YOLOX-s model primarily consists of the Focus, CBS, CSP1_X, and
SPP (Spatial Pyramid Pooling) modules. Through the Focus layer, the image is sliced,
resulting in a reduction of its resolution. The CBS module amalgamates 2D convolution,
batch normalization, and SiLU activation functions, encompassing an effective combination.
The bottleneck layer incorporates CBS modules and assumes the responsibility of extracting
features. The CSP1_X module serves as a feature extraction unit, where X denotes the
count of bottleneck layers. For instance, CSP1_3 comprises three bottleneck layers, while
CSP2_1 contains one CBS module. The PAN [53] (Path Aggregation Network) structure is
an extension of the FPN [54] (Feature Pyramid Network) and is integrated into the neck
of the YOLOX-s model. Feature fusion is achieved through CSP2_X, with X implying
the number of CBS modules utilized. The heads of the YOLOX-s model encompass three
decoupled heads, namely head 1, head 2, and head 3. These heads are responsible for
generating the detection outputs.

Backbone Neck Head

FPN Path Augmentation
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Figure 1. Structure of the YOLOX-s model.

2.2. Definition of the Label Rewriting Problem

When a large number of objects are densely distributed in an image, the label rewriting
problem occurs if the centers of two actual ground truth bounding boxes are located within
the same image grid cell. As shown in Figure 2, the yellow color represents labels that
have the label rewriting problem, while the blue color represents normal labels. The label
rewriting problem can lead to a decrease in the detection performance of the CGDet model.
Consider a set B = {bl, ..., bt} consisting of the center coordinates of the ground truth

291



Sensors 2024, 24,7318

bounding boxes in the image, where t represents the total number of ground truth bounding
boxes within the image. The label will undergo rewriting when the following condition
is fulfilled:

3(bi, bj € C) : b} %w — b¥%w = 0, bY%h — b]V%h =0 (1)
where b; represents the center coordinate of the i-th ground truth bounding box, b; repre-
sents the center coordinate of the j-th actual ground truth bounding box. b¥ and biy denote
the x and y coordinates of the center of the i-th ground truth bounding box. b7 and b/

represent the x and y coordinates of the center of the j-th ground truth bounding box. w is
the number of columns in the grid, and / is the number of rows in the grid.

Grid cell
N

il

gl\l,abel rewrite problem

Figure 2. Illustration of CGDet model meshing and label rewriting.

Label rewriting introduces several negative impacts: (1) detection performance degra-
dation, as some objects may be missed; (2) reduced localization accuracy due to competition
among multiple objects within the same grid cell; (3) lower classification accuracy caused
by feature interference between adjacent objects; and (4) unstable training performance, as
label reassignment affects loss function computation. Therefore, it is essential to mitigate
these impacts.

2.3. Measure the Distribution Density of Objects in Images

To mitigate the adverse effects of label rewriting on CGDet’s performance, the problem
of label rewriting is transformed into a problem of measuring object distribution density.
By selecting images with low object distribution density and low resolution for detec-
tion, label rewriting can be prevented. Using the ODDM method [55] to calculate the
object distribution density in images allows the detector to determine high-performance,
low-computation input image resolution, and feature map resolution, thereby improving
detector performance while reducing computational load. The calculation formula for
ODDM is shown in Equation (2).

1¢ img‘lg—img‘?
pory B

_ @)
=1 Mg
where 1 denotes the number of images, imglg denotes the number of objects in the i-th
image, On the feature map of the i-th image, im g;i represents the amount of grids which
contain objects, § represents the density level. A larger B value leads to poorer detection
performance of the model.

2.4. Measure the Scale of an Object in an Image

To optimize the neck structure based on the object scale within the image, the scale
of the objects has to be measured. The COCO dataset [56] employs an absolute image
resolution to measure object scale, which, unfortunately, leads to inaccurate measurements
when dealing with images of varying resolutions. Therefore, RROSM [55] was introduced
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in this study to accurately capture object scales, which aligns with the scale classification
criteria utilized in the COCO dataset. RROSM is calculated as follows.

S= [51152/' oo /Sn]

X:{x%'x%"”'x%} (3)
G = {gi}nxm
a=X-5-G 4)

For n images, the multiplication of the width and height of the input resolution of
each image is computed to obtain the vector S. At the original resolution of each image,
the reciprocal of the multiplication of width and height produces the vector X. The matrix
G is composed of the areas of the actual bounding boxes for objects in all images, where
i€f{l,2,..,nfandj € {1,2,..., m}. The maximum value of object quantity in the images is
represented by m. Each element g;; symbolizes the multiplication of the width and height
of the actual bounding box of a specific object. If 0 < a;; <= 322, it is classified as a small
object. If 322 < a;; <= 962, it is classified as a medium object, and if a; > 962, it is classified as
a large object. When the majority of objects are small, using only the P3 feature map for
detection can yield good results.

2.5. The Structure of the CGDet Model

Through theoretical analysis, although YOLOX-s exhibits relatively small parameters
and computational costs, its structure still presents optimization potential. Based on
feature representation theory in deep learning, model performance demonstrates significant
correlation with feature map resolution and object distribution density. Consequently, we
propose the density theory-based ODDM method to calculate 3 values, quantitatively
evaluating the impact of object distribution on feature extraction. When 3 values decrease
significantly, indicating optimal object distribution density, the corresponding resolution
is selected for training and detection, effectively mitigating label rewriting issues and
enhancing feature learning quality.

Guided by multi-scale feature representation theory, we employ the RROSM method
to analyze object scale distribution characteristics. Experimental evidence indicates that in
the absence of large-scale objects, high-level feature maps (such as P5) contribute minimally
to feature representation, justifying the removal of corresponding detection heads. When
datasets predominantly contain medium and small-scale objects, according to feature pyra-
mid theory, utilizing only the high-resolution P3 feature map suffices for comprehensive
feature representation capability. Based on these theoretical analyses, we propose the
CGDet model through objective-oriented reconstruction of YOLOX-s.

CGDet maintains the original backbone network structure due to its demonstrated
efficacy in feature extraction. Quantitative analysis through RROSM reveals relatively
concentrated object scale distribution in our application scenario, negating the necessity
for complex feature fusion mechanisms. Therefore, based on information entropy theory,
we eliminate the computationally redundant PAN structure, adopting a more concise FPN
for feature fusion. ODDM density analysis demonstrates optimal feature representation
achievable on the P3 feature map, justifying the retention of only head3 for object detection—
a design that ensures detection performance while significantly reducing computational
complexity. The backbone network’s CSP1_1, CSP1_3, and CSP2_1 layers constitute a
multi-level feature extraction structure, with outputs {C2, C3, C4, C5} and downsampling
strides {4, 8, 16, 32} forming progressive feature abstraction levels.

As illustrated in Figure 3, regarding feature fusion, the neck network employs an en-
hanced FPN structure. Following feature pyramid theory, high-level features (C5) processed
through the CBS layer generate semantically rich P5 feature maps. Through upsampling
and feature concatenation operations, P5 merges with C4 through CSP2_1 processing to
generate P4, achieving effective integration of high and low-level features. Similarly, P4
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fuses with C3 to generate P3, establishing a progressive multi-scale feature fusion mecha-
nism. The final feature maps {P3, P4, P5} maintain spatial consistency with {C3, C4, C5}.
To further optimize computational efficiency, based on depthwise separable convolution
theory, we replace the second CBS in the CSP2_X bottleneck layer with depthwise separable
convolution, constructing the FPND structure [32]. This enhancement significantly reduces
parameter count and computational complexity while maintaining feature representation
capability. The notation X = 1 or X = 3 indicates different levels of feature extraction depth,
enabling flexible feature optimization at various levels.
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AR o (*) Concatenation () Decoupled head

X=1
Figure 3. Structure of the CGDet model.

This architectural design, underpinned by solid theoretical foundations, demonstrates
the following advantages: (1) optimal resolution selection based on density distribution theory;
(2) scale-adaptive feature extraction guided by multi-scale representation theory; (3) efficient
feature fusion mechanism supported by information entropy theory; and (4) computational
optimization through advanced convolution theories. The integration of these theoretical
foundations with practical architectural innovations results in a model that achieves both
computational efficiency and detection accuracy in dense object detection scenarios.

3. Experiment
Experimental Environment Settings and Dataset

The experimental hardware resources include an AMD Ryzen 5 3600 CPU and NVIDIA
RTX 2060 graphics card. The experiments were conducted on a system running Ubuntu
22.04 LTS with PyTorch 1.9.1, CUDA 10.2, and Python 3.8. In the experiments, the input
resolution of the images was set to 512 x 704. The batch size was set to eight, and the initial
learning rate was set to 0.003125. The YOLOXWarmCos method was used to update the
learning rate during training. The default training duration was set to 300 epochs.

In the experiment, anthracite and claystone gangue were utilized as the experiment
materials. The dataset employed in the experiment is displayed in Figure 4. Image
acquisition was carried out using KinectV2 under various lighting conditions, resulting
in significant variations in brightness between different images. The contrast between
the coal and gangue in the images is relatively low, accompanied by minor differences
in surface textures. Moreover, there is a substantial disparity in the distribution of coal
and gangue within the images. Whether the objects in an image are densely distributed is
determined by calculating the distribution density 3 using Equation (2) in Section 2.3. A
dense distribution is defined as § > 1.5 x 107%, and a sparse distribution as 3 < 1.5 x 1074,
It was observed that 55% of the images in the dataset exhibited dense distributions of coal
and gangue, while 45% exhibited sparse distributions. Via random sampling, 400 images
from 608 images were taken as the training set, 100 images were taken as the validation set
and finally, the remaining 108 images were taken as the test set. All these images were of
1470 x 1080 pixels resolution.
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Dense Distribution(B > 1.5X 10-4) Sparse Distribution(f < 1.5X10-4)

Figure 4. Images of coal and gangue in the dataset.

The evaluation of the proposed model encompasses several metrics, including the
parameter count, GFLOPs (Giga Floating-point Operations), AP (Average Precision), and
AR (Average Recall). AP and AR are computed using the COCO API [52]. Specifically,
AP50 and AR50 denote the AP and AR values, respectively, corresponding to an Inter-
section over Union (IOU) threshold of 0.5. Higher values of AP and AR signify superior
model performance.

4. Results, Discussion, and Analysis
4.1. Ablation Experiments with Different Components

The AP50 and AR50 in this chapter are the results obtained by the model on the test
set. The performance comparison of the model on the test set is shown in Table 1.

Table 1. Ablation experiments with different components.

Improvement Method Performance
Model .

ode FPN FPND  Head  AP50(%) AR50(%) ™APso  Parameters .. ., Inference Time

(%) M) (ms)

YOLOX-s 3 93.8 99.5 69.6 8.94 23.55 19.87

A \/ 3 96.5 99.0 98.0 6.72 21.04 16.11

B \/ 3 96.7 99.3 97.9 5.00 12.66 15.57

CGDet Vv 1 96.7 99.2 98.3 4.76 12.26 13.61

(In Table 1, the “+/” symbol indicates that the corresponding module is used or integrated within the model).

As shown in Table 1, YOLOX-s had the lowest AP50 in training, with more parame-
ters, computational workload, and inference time. Model A was derived by substituting
the original PAN (Path Aggregation Network) structure in YOLOX-s with FPN (Feature
Pyramid Network), while Model B was developed through the integration of depthwise
separable convolution into the network architecture. Quantitative analysis demonstrates
that Model A achieved significant performance improvements over the baseline YOLOX-s
architecture: a 28.4% enhancement in mAP5; (mean Average Precision at IoU threshold
0.5), while concurrently reducing parameter count by 24.83%, computational complexity by
10.66%, and inference latency by 3.76 ms. Model B achieved a 44.07% reduction in parame-
ters and computation, along with a 4.3 ms faster inference time. Compared to the YOLOX-s
baseline, the proposed CGDet demonstrated substantial improvements across multiple
performance metrics by achieving a 28.7% increase in mAPs5,, while significantly reducing
model parameters and computational complexity by 46.76% and 47.94%, respectively. Fur-
thermore, the model exhibited a 2.9% enhancement in AP50 while decreasing inference
latency to 13.61 ms. Using a single detection head on the P3 feature map further reduced
parameter, computation, and inference time while maintaining the model’s high-precision
detection capability.
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4.2. Using ODDM to Measure the Distribution Density of Objects in Images

To investigate the distribution density of coal and gangue in different resolution
feature maps, while maintaining the aspect ratio of the images, the object distribution
density in different resolution feature maps was calculated based on Equation (2). The
results are shown in Figure 5. The feature maps, denoted as P3, P4, and P5, were obtained
by downsampling the input image by 8, 16, and 32 times, respectively. In Figure 5, the
height of the image is represented by the vertical axis, which varies from 32 x 224 to
896 x 1088 in resolution. Comparing the feature maps at the same input resolution, the
object distribution density was highest in P5 due to its lower resolution, while P3 had the
lowest distribution density because of its higher resolution. The object distribution density
in P4 fell between that of P3 and P5 since its resolution lay between the two.

200 - P3 O P4 P5
z
C
éo 600 - %
k= %
£ 400 A
“ 0.00 0.01
<=
=
T 200 -
0.6 0.8 1.0

Object distribution densityf3

Figure 5. Distribution density of objects in different input resolution images in different resolution
feature maps.

As shown in Figure 5, the input image’s resolution rose, and the density of object
distribution steadily decreased in the P3, P4, and P5 feature maps. For the P3 feature map,
the density gradually decreased beyond an input resolution of 256 x 448. Once the input
resolution surpassed 416 x 608, the distribution density of objects decreased at a stable
rate. In the zoomed-in section of Figure 5, the object distribution density in P3 had an
input resolution of 384 x 576 is 1.64 x 10~#, which was an order of magnitude higher
than the distribution density of 7.81 x 107> for an image resolution of 416 x 608. For
input resolutions of 416 x 608, 448 x 640, 480 x 672, and 512 x 704, the object distribution
density in P3 remained constant. Within the range of 416 x 608 to 512 x 704, the object
distribution density was lower in the P3 feature map than in the P4 feature map. The
distribution density in the P4 feature map decreased slowly for input image resolutions
higher than 640 x 832. P5 consistently had a decreasing density as the input resolution
increased from 32 x 224 to 896 x 1088. To counter the impact of densely distributed objects,
the CGDet model selects the P3 feature map for detection based on the density results in
Figure 5. CGDet uses an image resolution of 512 x 704 for training and detection because
the object distribution density is low at this resolution.

4.3. Using RROSM to Measure the Scale of Objects in Images

To enhance the accuracy of measuring the scale of coal and gangue in images, RROSM
was employed specifically for the training set. The outcomes obtained from this measure-
ment approach are illustrated in Figure 6, which presents the results derived from the
utilization of RROSM. The vertical axis represents the quantities of small, medium, and
large objects in the dataset, while the horizontal axis represents the input image resolutions.
The image resolution ranges from 32 x 224 to 896 x 1088, and the aspect ratio of the
images was maintained during the measurement. Figure 6 depicts the relationship between
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image resolution and object sizes in the dataset. As resolution increases, small objects
decrease while medium objects increase. Small objects transform into medium objects as
their resolution on the image grows. Before 416 x 608 resolution, small objects dominate
(over 50%), but afterward, medium objects become more prominent. When resolution
exceeds 800 x 992, medium objects start transforming into large objects, resulting in a
decrease in the number of medium objects and an increase in large objects.
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Figure 6. The Scale of objects in the training set.

As shown in Figure 6, the y-axis represents the distribution density of objects. Figure 6
depicts the correlation between the input image resolution and the density of object distri-
bution in the P3 feature map. As resolution increases, the distribution density decreases,
along with the number of small objects. When the resolution is below 256 x 448, the
density is higher, and the dataset is mostly composed of small objects. Model performance
is limited by both object distribution density and the presence of small objects at resolutions
below 256 x 448.

The distribution density of objects in the P3 feature map decreases as image resolution
goes from 256 x 448 to 416 x 608, but small objects still dominate the dataset. From the
416 x 608 to 736 x 928 resolution range, the lowest density of object distribution is in
the P3 feature map. At this resolution, the model’s performance is less affected by object
distribution density, reducing the impact of small objects on perception. Resolutions above
736 x 928 have almost no small objects and neglectable object distribution density. While
higher resolutions improve model performance, training and inference at such resolutions
are costly. CGDet uses a 512 x 704 feature map for detection. At this resolution, coal and
gangue, which are relatively measured in terms of object scale, are mainly composed of
medium and small objects. As deep features are helpful for large object recognition, they
are not very helpful for small and medium objects [53]. Therefore, CGDet chooses to use
FPN for feature fusion, discarding the path enhancement part in PAN.

To provide additional evidence of the benefits associated with the relative object scale
measurement method, Table 2 provides pertinent data regarding the model’s performance
and allows for a comparison of the performance between the PAN, FPN, and FPND models.

Table 2. Performance comparison of different neck structures.

Parameters Inference
0, 0, 0, 0,
Neck AP50 (%) AR50 (%) mAP5, (%) mAR5 (%) ™M) GFLOPs Time (ms)
PAN 96.2 98.9 98.0 99.6 8.94 23.55 19.87
FPN 96.5 99.0 98.0 99.6 6.72 21.04 16.11
FPND 96.7 99.3 97.9 99.6 5.00 12.66 15.57
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When the input image resolution is 512 x 704, removing the path enhancement
module in PAN, which propagates shallow features to deeper layers, results in no change
in the model’s mAPs5y. This suggests that the path enhancement component in PAN is
redundant. Eliminating this redundant module improves AP50 and AR50 by 25%, reduces
the number of parameters by 25%, decreases computational cost by 8%, and shortens
inference time by 19%. FPND employs depthwise separable convolutions within the FPN,
achieving reductions in parameter count, computational cost, and inference time at the
expense of a slight 0.1% decrease in mAP5j. Compared to PAN, FPND reduces the number
of parameters by 44%, decreases computational cost by 46%, and improves inference speed
by 22%. These results further demonstrate that accurately measuring object scale in an
image based on relative resolution provides valuable guidance for model architecture
design.

4.4. Elimination of Redundant Detection Heads via ODDM

To illustrate the negative impact of object distribution density on model perception
performance, detection experiments were conducted using feature maps with varying
object distribution densities, as shown in the experimental results in Table 3. The P5 feature
map, which had the highest object distribution density, impeded the model’s perceptual
capability, resulting in AP50, AR50, mAPs5, and mARs5 values all below 90%. In contrast,
the P4 feature map, with higher resolution and lower object distribution density, enhanced
the model’s perception, increasing AP50 and AR50 by 10.7% and 8.2%, respectively, com-
pared to P5. Furthermore, the model’s mAPs5y and mARsp improved by 10.7% and 20%,
respectively, when using the P4 feature map compared to P5. Increasing the resolution
further, the P3 feature map, which had the lowest object distribution density, provided an
additional boost to the model’s AP50 and AR50 by 2.9% and 3.3%, respectively, compared
to P4. The model’s mAPs5y and mARs5 also increased by 3.5% and 2.8%, respectively,
relative to using the P4 feature map. However, using the P3 feature map for detection
required additional convolutional layers to fuse the feature maps, leading to increased
model parameters and computational complexity. As the resolution of the P5, P4, and
P3 feature maps gradually increased, the object distribution density within the feature
maps progressively decreased, and the model’s AP50, AR50, mAP5p, and mARs steadily
improved. Nevertheless, there was a diminishing marginal effect between the improvement
in model perception performance and the increase in feature map resolution.

Table 3. The impact of feature maps with different levels of density on model performance.

AP50 AR50 mAPs5, mARgg Parameters
Feature Map (%) (%) (%) (%) o) GFLOPs
P5 83.1 87.7 85.1 77.0 4.35 9.80
P4 93.8 95.9 95.8 97.0 4.68 10.76
P3 (CGDet) 96.7 99.2 98.3 99.8 4.76 12.26

While increasing the input resolution of images or enhancing the resolution of feature
maps used for detection can reduce the density of object distribution, the impact of increas-
ing input image resolution and feature map resolution on improving model perceptual
performance gradually diminishes. Since CGDet uses the P3 feature map for detection,
which has a resolution eight times lower than that of the input image, we conducted
experiments to investigate the relationship between input image resolution and model
performance. During model training and testing, experiments were conducted with images
of different resolutions ranging from 32 x 224 to 896 x 1088, and the results are shown in
Figure 7. In Figure 7, as the image resolution increased, the model’s mAP5p, mARs5,, and
computational load gradually increased. When the image resolution was below 224 x 416,
increasing the image resolution significantly improved the model’s mAPs5p and mARs5y.
When the image resolution ranged from 256 x 448 to 512 x 704, the contribution of increas-
ing image resolution to improving the model’s mAPs5; and mARsy gradually decreased.
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Once the image resolution exceeds 512 x 704, the model’s perceptual performance stabi-
lized; further increasing the image resolution hardly improved the model’s performance.
Figure 7 reveals a noticeable diminishing return on model performance with increasing
image resolution. While higher resolution input images are advantageous in reducing
object density and enhancing the resolution of small objects, excessively increasing the
input image resolution is counterproductive, leading to a significant increase in redun-
dant computational load. Estimating the density of object distribution in images through
methods like object density estimation allows for the determination of high-performance,
low-computation image resolutions, thereby reducing the computational burden while
maintaining high model performance.
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Figure 7. mAP5;, mAR5), and GFLOPs were obtained for images with different input resolutions.

4.5. Visualization and Analysis of Results

The AP50 and AR50 of CGDet quantitatively represent the performance of the detector.
However, they are difficult to observe. Therefore, CGDet was used to detect images in the
test set, and the results are visualized in Figure 8.

(a) (b) (c)

Figure 8. Visualization of CGDet’s detection results on the test set. (a) Predicted Bounding Boxes
for Gangue (Blue) and Coal (Yellow); (b) Redundant Predictions with the Same Class Label (Coal);
(c) Redundant Predictions with Different Class Labels (Coal and Gangue).

In Figure 8a, the blue predicted bounding boxes represent gangue, while the yellow
predicted bounding boxes represent coal. Most of the predicted boxes cover the correspond-
ing objects in the image, but there are also a few instances where the object is redundantly
predicted by two bounding boxes. There are two cases of redundant predictions. In one
case, the two boxes with redundant predictions have the same class. As shown in Figure 8b,
a piece of coal in the image is simultaneously predicted by two bounding boxes with the
class label ‘coal’. In the other case, the two boxes with redundant predictions have different

299



Sensors 2024, 24,7318

classes. As shown in Figure 8c, the same piece of gangue in the image is predicted as both
‘coal” and ‘gangue’ by two different bounding boxes. Due to the small area occupied by coal
and gangue in the images, this results in a lower amount of discernible surface information
for the coal and gangue in images. This makes it more difficult to distinguish them and
leads to redundant predictions.

4.6. Comparison of the Performance of Different Detectors for Detecting Coal and Gangue

To demonstrate the advantage of CGDet in perceiving coal and gangue in low-
resolution dense scenes, comparative experiments were conducted using MMDetection3.
The Faster R-CNN, YOLOF, and AutoAssign detectors were utilized for the experiments,
all of which employed ResNet50 as the backbone and FPN structure. The batch size in the
experiment was eight and the input resolution of the images was set to 512 x 704, using the
same dataset and evaluation metrics as CGDet. The results of the comparison experiment
are shown in Table 4. Faster R-CNN is an excellent two-stage object detector, and its
performance dominance in detecting coal and gangue is not obvious. Although YOLOF
also performs detection using a single feature map, its AP50, and AR50 were 0.3% and
2.1% lower than CGDet, respectively. Despite CGDet utilizing only a single feature map
for detection, it outperformed YOLOF. AutoAssign employs a dynamic label assignment
strategy, but in this experiment, its AP50 and AR50 were 5.7% and 2.4% lower than CGDet,
respectively. While YOLOVS8n has fewer parameters and computational requirements than
CGDet, its performance significantly lagged behind CGDet. YOLOVSs, despite having
substantially more parameters and computational demands than CGDet, did not exhibit
superior performance either. In this experiment, CGDet demonstrated a clear advantage,
achieving AP50 and AR50 values of 96.7% and 99.2%, respectively, in comparison to Faster
R-CNN, YOLOF, AutoAssign, and YOLOVS detectors. Furthermore, CGDet achieved
these results with an order of magnitude fewer parameters and significantly reduced
computational requirements.

Table 4. Performance comparison of different detectors.

Model AP50 (%) AR50 (%) Parameters (M) GFLOPs
Faster R-CNN 96.4 97.1 41.35 81.66
YOLOF 96.2 98.4 42.36 34.49
AutoAssign 91.0 96.8 36.25 69.54
YOLOVS8n 95.6 99.7 3.2 8.7
YOLOVSs 95.6 99.4 11.2 28.6
CGDet 96.7 99.2 4.76 12.26

4.7. Comparison of Different Coal and Gangue Perception Methods

Many excellent convolutional neural network models have been developed for the
classification and localization of coal and gangue in images, but their performances vary.
To provide a rough comparison of the performance of these outstanding models, this study
selected convolutional neural network models that perceive coal and gangue using color
images for comparison. Since these models use different datasets and the source code is not
publicly available, the comparative results in Table 5 can only reflect the overall progress in
the field.

As shown in Table 5, the proposed CGDet achieved the highest AP50, indicating that
CGDet is highly competitive in the perception of coal and gangue. At the same time, CGDet
had minimal inference time, indicating its ability to quickly perceive coal and gangue in
images. Furthermore, CGDet has fewer parameters and computations, demonstrating
its lightweight nature. By comparing with different models listed in the table, it can be
seen that many models either suffer from lightweight but poor performance, or good
performance but insufficient compacting and longer inference times. CGDet strikes a
balance between model compaction and performance, exhibiting outstanding performance
and efficiency in perceiving densely distributed coal and gangue in images.
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Table 5. Comparison of different coal and gangue perception methods.

Reference AP50 (%) Parameters (M) GFLOPs Inference Time (ms)
Q. Liu [23] 96.45 - - 30.67
D. Yang [25] 91.90 6.64 14.30 -
P. Yan [24] 96.00 - - 19.00
G. Xue [39] 96.27 - - 21.97
J. Liu [40] 78.50 - - 28.41
Y. Liu [43] 80.24 5.97 6.83 11.12
B. Zhang [41] 91.33 - - 40.00
Z. Lv [20] 88.54 - - 30.20
CGDet 96.70 4.76 12.26 11.96

5. Conclusions

This paper presents CGDet, a compact convolutional neural network model specifi-
cally designed for the perception of coal and gangue in dense scenes. Through extensive
experimental validation, the following key scientific and practical findings were estab-
lished:

Model Performance and Efficiency: CGDet operates with only 4.76 million parameters
and 12.26 GFLOPs of computational load, achieving an AP50 of 96.7% and an AR50 of
99.2%. This demonstrates that incorporating object distribution density and scale consider-
ations allows for significant model lightweighting without sacrificing performance, thereby
informing the design of efficient deep learning models.

Input Image and Feature Map Selection: The Object Distribution Density Measurement
(ODDM) method determined an optimal input image resolution of 512 x 704, utilizing P3
as the feature map for detection. These configurations yielded excellent performance in
dense scenarios, underscoring the importance of tailored input and feature map resolutions
for object detection to mitigate issues associated with label rewriting.

Structural Optimization and Cost Reduction: By employing the Relative Resolution
Object Scale Measurement (RROSM) method to assess object scale and optimizing the
model’s neck structure, CGDet achieved a 46.76% reduction in parameters and a 47.94%
decrease in computational costs, while slightly enhancing both AP50 and AR50. This
indicates that the RROSM method is effective at evaluating object scale, playing a crucial
role in structural design and the elimination of redundant parameters.

Practical Recommendations: For the specific task of detecting densely distributed coal
and gangue, it is advisable for designers and mechanical engineers to develop customized
object detection models, as these may outperform general-purpose detectors. Despite
CGDet'’s superior performance, it remains susceptible to duplicate detections. Future work
should focus on addressing this issue, potentially through the integration of fine-grained
classification methods to enhance detection accuracy.
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Abstract: A crucial role is played by steering-angle prediction in the control of autonomous vehicles
(AVs). It mainly includes the prediction and control of the steering angle. However, the prediction
accuracy and calculation efficiency of traditional YOLOVS5 are limited. For the control of the steering
angle, angular velocity is difficult to measure, and the angle control effect is affected by external
disturbances and unknown friction. This paper proposes a lightweight steering angle prediction
network model called YOLOvV5Ms, based on YOLOV5, aiming to achieve accurate prediction while
enhancing computational efficiency. Additionally, an adaptive output feedback control scheme with
output constraints based on neural networks is proposed to regulate the predicted steering angle
using the YOLOv5Ms algorithm effectively. Firstly, given that most lane-line data sets consist of
simulated images and lack diversity, a novel lane data set derived from real roads is manually created
to train the proposed network model. To improve real-time accuracy in steering-angle prediction and
enhance effectiveness in steering control, we update the bounding box regression loss function with
the generalized intersection over union (GIoU) to Shape-IoU_Loss as a better-converging regression
loss function for bounding-box improvement. The YOLOv5Ms model achieves a 30.34% reduction in
weight storage space while simultaneously improving accuracy by 7.38% compared to the YOLOv5s
model. Furthermore, an adaptive output feedback control scheme with output constraints based on
neural networks is introduced to regulate the predicted steering angle via YOLOv5Ms effectively.
Moreover, utilizing the backstepping control method and introducing the Lyapunov barrier function
enables us to design an adaptive neural network output feedback controller with output constraints.
Finally, a strict stability analysis based on Lyapunov stability theory ensures the boundedness of all
signals within the closed-loop system. Numerical simulations and experiments have shown that the
proposed method provides a 39.16% better root mean squared error (RMSE) score than traditional
backstepping control, and it achieves good estimation performance for angles, angular velocity, and
unknown disturbances.

Keywords: steer-by-wire (SbW) systems; steering-angle prediction; autonomous vehicles (AVs);
convolutional neural network (CNN); barrier Lyapunov function

1. Introduction
1.1. Background

According to the latest World Health Organization (WHO) reports, approximately
1.3 million individuals lose their lives annually due to road accidents, with human errors
accounting for an estimated 90% of all car crashes [1]. The statistics above have prompted
the proposition of autonomous vehicles (AVs) as a means to mitigate human errors. AVs
exemplify a burgeoning application of automotive technology, attracting significant at-
tention from both academia and industry due to their advanced functionalities, such as
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scene recognition, path planning, and motion control, which offer substantial driving
convenience. AVs are now emerging as an innocuous alternative to human drivers, thereby
significantly reducing the annual loss of thousands of lives [2]. Noteworthy ongoing re-
search efforts in managing the diverse challenges faced by AVs include advancements in
human recognition, traffic analysis, road and lane detection, steering controls, and path
planning. Simultaneously, the prediction and control of the steering angle play a pivotal
role in the realm of autonomous vehicles, garnering significant attention from researchers,
manufacturers, and insurance companies alike [3].

1.2. Related Research

In the last few years, significant advancements have been made in the field of AVs.
The current research methodologies on AVs can be classified into two primary approaches:
mediated perception and end-to-end driving. The mediated perception approach focuses
on breaking the driving task down (e.g., perception, localization, planning, and control
to ensure safe driving) into standardized modules. Subsequently, it employs rule-based
methods to establish connections between these distinct modules. The mediated perception
method, however, exhibits inherent limitations. The primary disadvantage lies in the intri-
cate task of developing and maintaining interconnections between all modules within the
system. The modularity paradigm may be compromised in different scenarios that require
varying connections between modules [4]. Additionally, constructing and sustaining such
a pipeline incurs significant costs despite extensive efforts over many years; thus, it is
far from achieving complete autonomy [5]. Consequently, these approaches necessitate a
substantial endeavor in designing architectures that integrate all system components and
are frequently susceptible to error propagation throughout the entire pipeline [6,7].

Deep learning (DL) techniques are gaining increasing popularity and have emerged
as a valuable tool across various industries, including the automotive sector, owing to
their exceptional capability to extract image features. DL has significantly impacted AVs’
control, particularly in terms of steering-angle prediction, due to its efficient processing
of unlabeled raw data and robust extraction of image features. These techniques have
facilitated the emergence of the end-to-end driving approach, also called the behavior reflex
approach, simplifying traditional subsystems considerably and alleviating the burden
associated with vehicle modeling and control [8]. DL-based steering-angle prediction in
the end-to-end driving approach offers several advantages, including error tolerance, rapid
error identification, and an enhanced capability to manage unpredictable situations [9].
The work of [10] presents an intelligent driving assist system for the real-time prediction of
the steering angle using DL and a raw data set collected from a real environment.

To date, many studies have employed deep learning techniques to predict steering
angles and control lateral motion in autonomous vehicles. The earliest attempt at end-to-
end driving can be traced back to ALVINN, where a three-layer, fully connected network
was trained to predict the steering wheel angle based on camera and radar images [11].
Consequently, the researchers subsequently developed an end-to-end driving system specif-
ically designed for off-road conditions. They extensively trained a six-layer convolutional
network using a substantial amount of data to accurately simulate the obstacle avoidance
behavior exhibited by human drivers [12], the small vehicle, known as DAVE. Ref. [13], ex-
panded upon the DAVE system, training a three-camera model to perform steering control
for a vehicle in a range of real-world driving scenarios. This work arguably brought end-to-
end systems to the forefront of AV research. A convolutional neural network (CNN)-based
end-to-end controller was proposed for steering autonomous vehicles [14]. The network
was trained using road screenshots generated via the car simulator CARSIM and human
driver steering angles. However, it is worth noting that the network architecture consists
of only seven layers, which may limit its capacity, and the training data lack real-world
derivation, leading to potential limitations in their generalization ability. The proposed
framework in [15] introduces a multi-task demonstration learning (MT-LfD) approach,
incorporating an end-to-end trainable network for emulating the driving commands of
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an expert demonstrator. Supervised auxiliary task prediction is employed to guide the
primary task of predicting driving commands. A neural motion planner is proposed in [16]
for autonomous driving in complex urban scenarios, encompassing traffic light processing,
concessions, and interaction with multiple road users. To accomplish this, the authors
developed a comprehensive model that utilizes raw liDAR data and high-definition maps
as inputs to generate interpretable intermediate representations in the form of 3D detections
and their future trajectories.

The ease of amassing extensive human driving data renders the end-to-end approach
highly effective for straightforward tasks. However, intricate and infrequent traffic scenar-
ios continue to pose challenges for this methodology [17]. From the relevant research above,
the primary challenge in DL-based steering-angle prediction for AVs lies in the scarcity
of real-world data sets, necessitating a heavy reliance on data generated from simulated
environments. The limited depth of existing CNN-based networks has also constrained
their training performance. Increasing the network depth can enhance performance. How-
ever, it also introduces challenges such as vanishing or exploding gradients and accuracy
saturation, followed by rapid degradation [18].

Despite the numerous shortcomings and challenges that persist, end-to-end driving
remains the most promising approach for AVs based on previous research findings. This
approach offers significant advantages in terms of reducing hardware costs and research
complexity compared to alternative methods. Furthermore, its incorporation of diverse
data sets enables versatility across various scenarios [6]. The work of [19] presents an
innovative approach to end-to-end steering-angle prediction and its control in electric
power-steering (EPS) systems. The methodology integrates transfer learning-based com-
puter vision techniques for prediction and control with fuzzy signature-enhanced fuzzy
systems. Successfully applied transfer learning-based computer vision technology to ex-
tract corresponding visual data without the need for large data sets reduces data collection
and the computer load. The experiment shows that the proposed model achieves good
performance. Recently, with the rapid advancement of deep learning techniques, computer
vision-based object detection, combined with deep learning, has gradually emerged as
the predominant method in this field of AVs. This methodology eliminates the need for
manual feature extraction and can be categorized into two main groups: two-stage object
detection methods represented by Region with CNN (RCNN), Fast RCNN, Faster RCNN,
and Mask RCNN [20], and one-stage object detection methods, represented by Single Shot
MultiBox Detector (SSD) detection methods series, You Only Look Once (YOLO) detection
methods series, and RetinaNet [21-23]. Among these approaches, YOLOV5 stands out
as a cutting-edge representation due to its superior speed, enhanced detection accuracy,
and reduced file size. Consequently, it finds extensive applications requiring precise object
detection tasks in various domains. In this study, drawing inspiration from object detection
methodologies, we transform the task of predicting steering angles into an object-detection
problem and propose a novel steering controller.

A lot of research has been conducted on steering control in AVs. In order to obtain
accurate tracking performance for SbW systems, for example, model-based linear quadratic
feedback control [24], trajectory tracking control [25], and model predictive control [26]
are widely used. Ref. [27] proposed an adaptive sliding-mode control method to improve
control accuracy using self-aligning torque and friction as an external disturbance. Ref. [27]
proposed a robust sliding-mode learning control scheme and designed a sliding-mode
learning controller to drive the sliding-mode variable in order to converge the tracking error
to zero. They ignore system-parameter uncertainty and external disturbances. Ref. [28]
proposed a robust, adaptive, integral terminal sliding-mode control strategy based on
extreme learning machines, which ensures the finite time convergence of errors and effec-
tively estimates the total uncertainty in a system using a single hidden layer feed-forward
network. The work of [29] presents a new, vertical noncontact angle sensor based on
the electromagnetic induction principle and conducted nonlinear optimization. A sensor
prototype was made and tested in a laboratory. The experimental results show that the
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nonlinearity of the sensor was significantly improved, making angle measurement more
accurate. This provides accurate angle values in angle-control experiments, which helps
improve control accuracy. However, although the above methods have achieved many
results, there are still limitations in many areas. For example, it is necessary to accurately
know the angular velocity signal, and in practice, additional sensors need to be installed,
while using differential methods can amplify measurement noise. It cannot be guaranteed
that the tracking error will always be within a specific range, and there may be sudden
changes in the tracking error.

1.3. Motivation and Contributions

The remarkable advancements in automotive technology in recent years have been
driven by a convergence of several interconnected trends, including the resurgence of
deep learning, the rapid evolution of sensing devices and in-vehicle computing systems,
the accumulation of annotated data, and significant breakthroughs in related research fields
(particularly computer vision) [30]. The rapid progress of deep learning can be attributed
to the emergence and extensive application of convolutional neural networks (CNNs) in
computer vision and object detection, which has paved the way for autonomous vehicle
development. However, numerous challenges still hinder the widespread adoption of
AVs in practical applications. For instance, one such challenge pertains to vision-based
steering-angle prediction for AV control and designing an effective lateral controller for
dynamic path tracking in order to solve the existing problems in the corner prediction and
tracking control of autonomous vehicles. For example, the traditional YOLOVS5 applied to
angle prediction entails high requirements for storage capacity and hardware. Unknown
parameters are difficult to measure in steering-angle tracking control, the influence of
external disturbance, and model uncertainty on the control effect.

In this paper, we address the challenges above by transforming the task of predicting
steering angles into an object-detection problem, and we propose a steering controller. It im-
itates the driver’s perception of road conditions, decision-making, and steering implemen-
tation during vehicle operation. It utilizes a camera positioned behind the windshield to
translate the observed lane image into a steering control signal. The selection of a DL-based
object detection algorithm plays a crucial role in addressing the challenge of steering-angle
prediction. Undoubtedly, YOLOvVS5 has garnered significant attention and demonstrated
remarkable accomplishments. However, the constraints on storage capacity and hardware
limitations present substantial challenges for deploying the full-scale YOLOvV5 network
model in vehicular equipment [31]. Therefore, due to its performance merits, YOLOv5s is
selected as the network model for predicting steering angles. To achieve accurate steering-
angle prediction while enhancing computational efficiency, a lightweight steering-angle
prediction network model called YOLOvV5Ms is proposed, based on YOLOvb5s.

To mimic the driver’s behavior during autonomous driving, we categorized lane-line
curves into 15 classes, based on their curvature, and we created a corresponding data
set for training You Only Look Once version 5 with MobileNet version 3 (YOLOv5Ms)
as a network model. During AVs’ operation, a camera mounted on the vehicle captures
information about lane lines on the road. The trained YOLOv5Ms model is utilized to
predict steering angles using these camera images. The processed steering angle is then
transmitted to the steering controller via a serial port. Subsequently, our proposed controller
receives this data through the serial port to enable appropriate steering control.

In order to ensure that the steering system of AVs can accurately and in a timely
manner track the reference angle signal, the steering system’s modeling and the controller’s
design are crucial. In practical engineering, there are many unknown parameters in the
SbW system, such as friction torque, self-aligning torque, external disturbance, and angular
velocity, that are difficult to measure. With the development of adaptive control technology,
neural networks can approximate nonlinear functions with high accuracy. Meanwhile,
the state observer and disturbance observer exert a good estimation effect for the variables
that are difficult to measure and the external disturbance. Therefore, neural networks,
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state observers, and perturbation observers can be used to model SbW systems in order to
improve model accuracy for better control accuracy. However, during the angle tracking
of AVs, the tracking error should be guaranteed to be within a specific range, which may
lead to accidents if sudden changes occur instantaneously. Therefore, we are motivated to
explore a control method in an SbW system with model uncertainty, an external disturbance,
and difficult-to-measure variables to improve the tracking accuracy while ensuring that the
tracking error is always within a specific range.
The contributions of this paper can be summarized as follows:

1. The present paper proposes a lightweight steering-angle prediction network model,
namely YOLOv5Ms, based on YOLOvS5s to achieve model compression while main-
taining detection accuracy and speed. To address the issues of low localization accu-
racy and slow regression speed in object detection boxes during training, we employ
Shape-IoU_Loss as the regression loss function for bounding box improvement.

2. To ensure that the steering system of the autonomous vehicle responds quickly and
accurately to the predicted steering-angle signal, an adaptive output feedback con-
trol scheme with output constraints based on a neural network is proposed in this
paper. The advantage of this control method is that it can constrain the tracking
error within a given range, improving the tracking accuracy. Meanwhile, the effect of
model uncertainty, external disturbance, and unmeasurable variables on the system
are compensated for.

3. Toenhance the generalization capability of the proposed detection model in this study,
we conducted an extended data collection experiment at Western Xia Park in Yinchuan
City, building upon our previously created lane-line data set. To ensure consistency
with the previously collected steering-angle information, we once again experimented
using a Borgward SUV (BX5) vehicle. This time, we recorded 40 h of real-world
driving videos and increased the number of images from 8000 to 20,000 in order to
augment the data set’s diversity while maintaining an image size of 640 x 640 x 3
pixels. To our knowledge, this manually labeled data set utilizing ImageLabel is
currently the most prominent one encompassing lane lines.

The rest of the paper is organized as follows. Section 2 presents the lane-line detection
algorithm based on YOLOV5, while Section 3 details the data set’s organization and network
training. The steering controller design and stability proof are discussed in Section 4,
followed by an experimental evaluation in Section 5. Finally, conclusions are drawn in
Section 6.

2. Methods
2.1. Lane-Line Detection Algorithm Description

The YOLOVS5 algorithm, as the current representative deep learning algorithm in the
YOLO series (Appendix A), exhibits exceptional performance in object detection with an
accelerated training speed, enhanced accuracy, and broader applicability. Consequently,
it holds significant potential for practical applications. Four models are derived based on
network depth and feature map width, YOLOv5s, m, I, and x. Specifically, the four models
share a consistent network structure comprising input, backbone, neck, and prediction-
head components. The YOLOvV5 network is categorized as a single-stage, end-to-end
detection framework that treats object detection as a regression problem by predicting
bounding boxes and class probabilities across the entire image. This model encompasses
three crucial processes: boundary-box prediction, class prediction, and feature extraction.
The well-designed network architecture enables flexibility and selectivity in diverse scenar-
ios. Therefore, we adopt YOLOVS’s one-staged detection framework as the foundational
architecture for steering-angle prediction.

The YOLOV5 network model has achieved quite good results, but one of the prob-
lems with the steering-angle prediction model-based YOLOV5 is that the model is huge,
with many parameters and large calculation amounts, and it is difficult to apply in embed-
ded devices; moreover, steering-angle prediction scenarios require low latency or response
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speed. Imagine what terrible things could happen if the detection model for steering-angle
prediction were slow. So, working on a small but efficient detection model is crucial in these
scenarios, at least for now, although the hardware will also become faster in the future.
Therefore, in the steering-angle prediction model based on YOLOVS, there is still room
for improvement and enhancement. Optimizing the model architecture by employing
smaller convolutional cores and reducing the number of pooling layers can effectively
mitigate the parameters and computational load. Different improvement methods can
be adopted, based on specific application scenarios with varying detection difficulties.
Hence, this paper proposes a lightweight steering-angle prediction network model based
on YOLOV5s to achieve a streamlined design while minimizing FLOPs, parameter counts,
and the overall model size without compromising detection accuracy.

The MobileNet network exhibits superior advantages in lightweight neural networks
due to its reduced size, decreased computational requirements, and enhanced accuracy.
Furthermore, mobile models have been constructed using progressively more efficient
building blocks. MobileNetV3 is an amalgamation of three models: MobileNetV1’s depth-
wise separable convolutions, MobileNetV2’s inverted residual with a linear bottleneck,
and MnasNet’s lightweight attention model based on squeeze and excitation (SE) struc-
tures [32-34]. To optimize its performance on mobile phone CPUs, MobileNetV3 underwent
a hardware-aware network architecture search (NAS) complemented by the NetAdapt
algorithm, followed by further enhancements through novel architectural advancements.
Two versions of MobileNetV3 are available: Large, for high-performance platforms, and
Small, for low-performance platforms. Instead of using partial 3 x 3 deep convolutions,
MobileNetV3 introduces a deep convolution of size 5 x 5. The SE module and h-swish (HS)
activation function are incorporated to enhance model accuracy. These techniques can be
effectively combined to discover optimized models tailored to specific hardware platforms.

YOLOVS5 is a widely adopted object-detection algorithm, while MobileNetV3 rep-
resents a lightweight architecture for convolutional neural networks. Leveraging the
strengths of these two models, we propose YOLOvV5Ms, a lightweight steering prediction
network model based on YOLOvb5s. This model efficiently and accurately performs target-
detection tasks, achieving a balance between accuracy and latency, making it suitable for
deployment on mobile devices.

The schematic of steering-angle prediction and control based on the YOLOv5Ms
network is illustrated in Figure 1. During autonomous driving, the vehicle-mounted
camera captures road information in the form of images, which are then processed via
a pre-trained YOLOV5 network. Subsequently, the predicted steering is transmitted to
the steering controller. By mapping the steering-angle signal according to a predefined
mapping relation, the input signal for the steering controller is obtained, resulting in
corresponding steering outcomes through the actuation of the steering motor.

Input

(MobileNetV3)
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Figure 1. The lightweight steering-angle prediction network model, namely YOLOv5Ms, based on
YOLOvb5s and a control schematic network.
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2.2. Improvement of YOLOv5Ms Network Architecture

In this section, we present a lightweight steering-angle prediction network model
based on YOLOVS5s. To enhance the performance of YOLOv5s, we have made two key
improvements: replacing the original network backbone with MobileNetV3 and substi-
tuting the CIoU border regression function with Shape-IoU for better results. To reduce
dimensionality without sacrificing features and computational efficiency, we have retained
the focus structure at the input end of the network, as designed in YOLOVS. The resulting
lightweight steering-angle prediction network model, named YOLOvV5Ms, is built upon
YOLOV5s, and its control schematic network is illustrated in Figure 1.

Focus: YOLOVS incorporates a focused structure at the network input to reduce
dimensionality without compromising features and computational efficiency. The focus
structure divides the preprocessed image into four parts using slicing operations, and
it concatenates them. A 20% overlap area is introduced between the two image parts to
ensure that lane lines are not disrupted. The specific principles of slicing and concatenation
are illustrated in Figure 2. This focus module achieves downsampling while increasing
channel dimensions, reducing FLOPs, and improving speed.

|5 ) <N P

o [
| N

Figure 2. The specific slicing and concat principles.

Backbone: To achieve a lightweight network architecture, we modified the backbone
of yolov5s by incorporating the large and small modules of MobileNetV3 as alternative
backbones. We named them YOLOv5Ms and YOLOvV5MI, respectively. The specifications
for YOLOv5Ms and YOLOvV5MI of the backbone can be seen in Tables 1 and 2. In the table,
the input represents the shape transformation of each feature layer, while the operator
signifies the block structure to be executed at each feature layer. The variables ‘size” and
‘fout” respectively denote the number of channels after the inverse residual structure is
applied to the bottleneck and the number of channels in the feature layer when it is input
into the bottleneck (‘bk’). The term ‘SE’ indicates whether or not an attention mechanism,
SE, is introduced in this module. In column six, ‘NL’ represents the type of activation
function, where ‘HS’ denotes the h-swish, ‘RE’ represents ReLU, and ‘s” indicates the stride.

Table 1. Specifications for YOLOv5Ms of the backbone.

Input Operator Size f Out SE NL s
640% x 3 2d,3 x 3 — 16 — HS 2
3202 x 16 bk, 3 x 3 16 16 v RE 2
1602 x 16 bk, 3 x 3 72 24 - RE 2
802 x 24 bk, 3 x 3 88 24 — RE 1
802 x 24 bk, 5 x 5 9% 40 v HS 2
402 x 40 bk, 5 x5 240 40 v HS 1
402 x 40 bk, 5 x5 240 40 v HS 1
402 x 40 bk, 5 x5 120 48 v HS 1
402 x 48 bk, 5 x 5 144 48 v HS 1
402 x 48 bk,5 x5 288 96 v HS 2
202 x 96 bk, 5 x5 576 9 v HS 1
202 x 96 bk, 5 x5 576 9 v HS 1
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Table 2. Specifications for YOLOv5MI of the backbone.

Input Operator Size f Out SE NL s
6402 x 3 2d,3x3 — 16 — HS 2
3202 x 16 bk, 3 x 3 16 16 — RE 1
3202 x 16 bk, 3 x 3 64 24 - RE 2
1602 x 24 bk, 3 x 3 72 24 — RE 1
1602 x 24 bk, 5 x5 72 40 v RE 2
802 x 40 bk, 5 x5 120 40 v RE 1
802 x 40 bk, 5 x5 120 40 v RE 1
802 x 40 bk, 3 x 3 240 80 - HS 2
402 x 80 bk, 3 x 3 200 80 — HS 1
40?2 x 80 bk, 3 x 3 184 80 — HS 1
402 x 80 bk, 3 x 3 184 80 — HS 1
402 x 80 bk, 3 x 3 480 112 v HS 1
402 x 112 bk, 3 x 3 672 112 v HS 1
402 x 112 bk, 5 x5 672 160 v HS 2
202 x 112 bk, 5 x 5 960 160 v HS 1
202 x 160 bk, 5 x5 960 160 v HS 1

The bottleneck structure is depicted in Figure 3, encompassing an inverse residual
architecture that incorporates a linear bottleneck, depthwise separable convolution, and an
SE attention mechanism. In the case of a stride value of 1 and input channels equal to
output channels for the module, a shortcut connection is established between the input and
output. Otherwise, subsequent operations follow the depthwise separable convolution op-
eration, the SE attention mechanism, and the 1 x 1 point convolution operation. The depth
separable convolution and squeeze-and-excitation block attention mechanism, SE, of the
linear bottleneck are further described below.

H 1X1 3X3(5X5) 1X1
I Pointwise Depthwise Pointwise
H NL NL NL
Pool ®
P - o —
) — 6 —
Relu Hard-c ‘
| Squeeze-and-Excitation block | Shortcut

Figure 3. Bottleneck block structure.

(1) Depthwise separable convolution

The standard convolution operation takes an input tensor, F, of size D X Dp x M
and applies a convolutional kernel, K € RkxkxMxN , to generate an output tensor, G, of size
D¢ x D¢ x N. Here, Dr represents the spatial width and height of a square input feature
map, M denotes the number of input channels (input depth), and D¢ corresponds to the
spatial width and height of a square output feature map. Finally, N signifies the number of
output channels (output depth) [35].

The standard convolutional layer is parameterized by a square convolution kernel,
K, with spatial dimensions of Dk x Dg x M x N, where M represents the number of
input channels, and N represents the number of output channels, as defined previously.
Assuming stride one and padding, the computation for the output feature map in standard
convolution can be expressed as follows:

G = Y Kijmn * Feri-titj-1m 1)

ijm
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Standard convolutions have the computational cost of
Cs_cost:DFXDFXDKXDKXMXN (2)

It is evident that the computational cost is multiplicatively dependent on various
factors, including the number of input channels (M) and output channels (N), the kernel
size (D x D), and the feature map size (Dr x Dr).

Depthwise separable convolutions serve as a fundamental component in numerous
efficient neural network architectures, and we employed them in our current study as
well. This form of factorized convolutions breaks a standard convolution down into
two parts: depthwise convolution, which applies a single filter per input channel for
lightweight filtering, and pointwise convolution (a 1 x 1 convolution), responsible for
generating new features by computing linear combinations of the input channels [32]. This
factorization significantly reduces the computation and model size. The standard and
depthwise separable convolution principles are illustrated in Figures 4 and 5.

Dr

Dr | be_ |

Figure 4. Standard convolution architecture.

Filters

D [ D

Depthwise Convolution Pointwise Convolution

Figure 5. Depthwise separable convolution architecture.

Depthwise convolutions are employed to apply a singular filter for each input chan-
nel, while pointwise convolution, represented as a simple 1 x 1 convolution, is subse-
quently utilized to generate a linear combination of the output from the depthwise layer.
The bottleneck block incorporates both batch normalization and rectified linear unit (ReLU)
nonlinearities in both layers.

The depthwise convolution operation establishes a one-to-one correspondence be-
tween the convolution kernel and channel. Each channel is convolved with only one specific
convolution kernel, generating feature map channels that exactly match the number of
input channels. Mathematically, depthwise convolution can be represented as employing a
single filter per input channel (input depth):

G 1m = ZKi,j,m “Freyi-114j-1,m 3)
L]

where K is the depthwise convolutional kernel of size Dg x Dy x M, and the my, filter in K
is applied to the m;, channel in F in order to produce the 1y, channel of the filtered output
feature map G. Hence, depthwise convolution has a computational cost of

Cbw—cost = Dp X Df X Dg x Dg x M 4)
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The pointwise convolution operations resemble standard convolution operations,
as they employ a 1 x 1 x M convolution kernel, where M represents the number of channels
in the preceding layer. Consequently, this convolution operation amalgamates the previous
step’s map in a depth-wise manner with appropriate weights to generate a novel feature
map. Multiple output feature maps are produced for each convolution kernel. Pointwise
convolution and depthwise separable convolutions have the computational cost of

pr_cost:DpXDpX:leXMXN
=D XDpxMXxN
Cap—cost = DF* x D> x M+ Dp* x M x N (6)

©)

By expressing convolution as a two-step process of filtering and combining, we achieve
a reduction in the computation of

1:)F2><DKZ><z\/1+1:>1c2><z\/1><1\f_l+ 1
D2 x D2 x M x N N D2

@)

The depthwise separable convolution effectively reduces the computation compared
to traditional layers by a factor of approximately k2. When a 3 x 3 convolution kernel is
assumed to be utilized in the depthwise separable convolution, it requires only 8 to 9 times
less computation than the standard convolution without considering bias while maintaining
a negligible decrease in accuracy. Figure 6 illustrates the comparison between standard
convolution and depthwise, separable convolution with the batch norm and ReLU.

| 3x3 Conv | | 3x3 Depthwise Conv |
v v

| Batch Normalization | | Batch Normalization |

| ReLU | | ReLU |
v

| 1x1 Conv |

!

| Batch Normalization |

Y

| ReLU |

Figure 6. (Left): standard convolutional layer with batchnorm and ReLU. (Right): depthwise,
separable convolution with depthwise and pointwise layers, followed by batchnorm and ReLU.

(2) Squeeze-and-excitation blocks

CNNs have emerged as valuable models for processing diverse visual tasks, making
them the fundamental network structure employed in our study [36]. Recent research has
demonstrated that incorporating attention mechanisms into CNN can enhance feature
representations by effectively capturing spatial correlations. The attention mechanism is
inspired by humans’ ability to process external information, where individuals selectively
attend to relevant information while filtering out irrelevant stimuli due to the limited
processing capacity of the human brain [37,38].

In order to obtain a more robust representation, only the most significant attributes
for predicting the steering angle in images captured via the front-mounted camera during
driving are retained, thereby enhancing performance. We introduce a novel architectural
unit called the squeeze-and-excitation (SE) block that explicitly models interdependencies
between convolutional feature channels to improve network representations [39].
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The structure of the SE building block is depicted in Figure 7. Assume that input
feature maps of the SE block X have shape W' x H x C’, where W' is the width, H’
is height, and C’ is the channels of feature maps. Fy can be thought of as a standard
convolution operator. F;, maps an input X € RW'*H'*C" to feature maps U € RW*HxC,
In the notation that follows, we use K = [kq, ky, ..., k¢] to denote the learned set of filter
kernels, where k. refers to the parameters of the cth filter. We can then write the outputs as
U = [uy, uy,...,uc], where u, can be expressed mathematically as follows:

CI
uC:kC*X:Zk?I*x’” (8)
m=1
U X
¥ F.(-W)
x ") [T ——> (W
/ 1x1xC Ix1xC \
FI
r F_. (.-
o —_— H scate () N
w' w
C’ C

Figure 7. The structure of the SE building block.

Here, k. = [k}, k2, - ,kCC/], * denotes a convolution operation, X = [x!,x%,---, xc/},
and u, € RFXW_ K is a 2D spatial kernel representing a single channel of k. that acts on
the corresponding channel of X. To enhance the clarity of notation, the inclusion of bias
terms has been omitted.

In addition to high-level channel relationships, convolutional models inherently in-
volve implicit and localized channel dependencies. We anticipate that explicitly modeling
interdependencies between channels will enhance the learning of convolutional features,
thereby improving the network’s sensitivity to informative features that subsequent trans-
formations can effectively utilize. Consequently, we aim to provide it with access to global
information and recalibrate filter responses in two steps, namely squeezing and excitation,
before they are fed into the next transformation. The SE attention mechanism enables
the feature map to access global information and recalibrate the filter response through
squeezing and excitation steps before proceeding with subsequent transformations [39].

After F;, mapping an input, X € RW/XH/XC,, to feature maps, U € RWXHXC 4 golve
the problem of utilizing channel dependencies, we squeeze global spatial information into
a channel description by using global average pooling operations to generate channel-wise
statistics. The function of this descriptor is to generate an embedment of the corresponding
global distribution of channel features, allowing all layers to use information from the
global receptive domain (receptive field) of the network. Formally, the statistic z € R is
generated via a shrinking of U through its spatial dimension H x W, and the c-th element
of z is calculated as follows:

1 H M
ze = Fy(uc) = H % Z Z uc(i, f) )

i=1j=1

Here, Fy; represents the global average pooling of channels.

To take advantage of the information aggregated in the squeeze operation, the second
operation (excitation operation) is performed to capture the channel-wise dependency fully.
To limit the complexity of the model and facilitate generalization, parameterized gating
mechanisms are parameterized by forming a bottleneck containing two fully connected
layers (FCs) around the nonlinearity. The first fully connected layer compresses C channels
into % channels to reduce the computational load, and a ReLU nonlinear activation, 6, is
then used. The second fully connected layer returns to the number of the channel dimension
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to the original C channels and then obtains the weight s through sigmoid activation, ¢.
Therefore, the weight, W, of C feature maps in U can be expressed as follows:

s = Fex(z, W) = 0(g(z, W)) = 0(W26(W;2)) (10)

where 7 refers to the proportion of compression, and we take r = 4. s € RI*1X¢ W ¢

R *C, W, € RE* 7. The final output of the squeeze-and-excitation block is obtained by
rescaling U using the activation s:

Xe = Fscalc(uwsc) = ScUc (11)

where X = [X1,X2,...,Xc], and Fyey,(u, s¢) refer to channel-wise multiplication between
the scalar s, and the feature map u, € R"*". SE blocks intrinsically introduce dynamics
conditioned on the input, which can be regarded as a self-attention function on channels
whose relationships are not confined to the local receptive field that the convolutional
filters are responsive to. The SE blocks are also a flexible plug-and-play module. When a
bottleneck module in the network backbone does not use SE, the bottleneck module can
carry out the normal convolution process.

2.3. Loss Function

Object detection is a fundamental challenge in computer vision tasks, and bounding-
box regression plays a pivotal role in accurately predicting the location of target objects.
In our proposed YOLOv5Ms network, we make predictions for boxes at three different
scales [40]. The final scale generates a 3D tensor that encodes information about bounding
boxes, objectness scores, and class predictions. At each scale, we predict three boxes,
resulting in a tensor of size D x D x [3 X (4 + 1+ 15)] to account for the four bounding
box offsets, one objectness prediction, and fifteen class predictions. Herein, D represents
the grid size of the detection head.

Regarding the evaluation metric for bounding-box regression, conventional object
detectors typically employ the mean square error (MSE) to directly regress the center-
point coordinates, height, and width of the bounding box (BBox). However, treating each
point of the BBox as independent variables when estimating their coordinate values fails
to consider the holistic nature of the object itself. To address this issue and overcome
the neglect of object integrity, a novel intersection over union (IoU) loss function was
proposed for bounding boxes [41]. This loss function takes into consideration the coverage
of both predicted and ground-truth bounding-box areas. It jointly regresses all bound
variables as a unified unit by directly enforcing the maximal overlap between the predicted
bounding box and the ground truth, as illustrated in Figure 8. The schematic diagram
in Figure 8 demonstrates the process of bounding-box regression for this loss function.
The X-axis represents the horizontal direction, while the Y-axis represents the vertical
direction. The computation of the IoU loss involves calculating four coordinate points of
the BBox by comparing them with the ground truth and then connecting these generated
results to form a complete code. The most popular metric of IoU is as follows:

|Gr N Py

Gr = (x2 —x1) X (y2 — ¥1) (13)
Py = (x4 —x3) X (ya —y3) (14)

where Gr is the ground truth area with lane lines, as labeled by our own bounding box,
and P, is the predicted area of the object bounding box. M(x1,y1), N(x2,2), P(x3,y3),
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and Q(x4,y4) are the left top and bottom right corners of the two bounding boxes, respec-
tively. The intersection of Gt and Py is calculated via Equation (15):

|Gr () Py| = |(min(x, x4) — max(xy, x3)

‘ (15)
X (min(y2, ya) — max(y1,y3)|
o X,
P(x,,
, . (%, 3) , Pb
iy NG A B
\ m__qyru boo
e e i
- Al
y
Figure 8. Schematic diagram of the bounding-box regression loss function.
Therefore, the IoU loss function can be expressed as follows:
[Gr NPy
Liou=1—- - (16)
’ [GrUPBy|

However, the IoU loss only works when the bounding boxes have overlap and would
not provide any moving gradient for non-overlapping cases, and then the generalized IoU
loss (GIoU) was proposed in [42], adding a penalty term C expressed as follows:

|C| = |[max(x, x4) — min(x7, x3)] X a7
[max(y2, y4) — min(y1,y3)]|
The GIoU loss function can be expressed as follows:
Loou = 1 — IoU + % (18)

where C is the smallest box covering Gt and P, as is shown in Figure 8. The GloU loss
includes the shape and orientation of the object, in addition to the coverage area. They
proposed finding the smallest-area BBox that can simultaneously cover the predicted BBox
and ground-truth BBox and using this BBox as the denominator to replace the denominator
originally used in the IoU loss.

Introducing the penalty term facilitates the movement of the predicted box towards
the target box in non-overlapping scenarios. Despite its ability to alleviate the gradient
vanishing issue for such cases, GIoU still exhibits certain limitations. When bounding
boxes enclose objects, the GIoU loss degrades to the IoU loss. A new approach called
the distance-IoU (DIoU) loss is proposed for bounding-box regression to address this
limitation. The DIoU loss incorporates a penalty term into the IoU loss to directly minimize
the normalized distance between the central points of two bounding boxes, resulting in
significantly faster convergence compared to the GloU loss [43]. The objective of the DIoU
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loss is to simultaneously consider both the overlap area and the central-point distance
when evaluating bounding boxes. Generally, the DIoU loss can be defined as follows:
2
Lprou =1— IoU + % (19)

As shown in Figure 8, O; and O; denote the central points of Gt and P, respectively.
p(-) = ||Oz — O1 |2 is the Euclidean central distance of the predicted BBox and ground-truth
BBox, and c is the diagonal length of C, which is the smallest enclosing box covering the
two boxes.

The loss function for bounding-box regression should incorporate three crucial geo-
metric measures, namely the overlap area, central-point distance, and aspect ratio. Conse-
quently, building upon the DIoU loss, ref. [43] proposed a comprehensive IoU (CloU) loss
that integrates these aforementioned geometric measures. This novel approach facilitates

faster convergence and yields superior performance compared to both IoU and GIoU losses.
Then, the loss function can be defined as follows:

2(04,0
Loy = 1— ToU + % +av (20)
4 wOT wh
_ 4 B wt 21
V= (arctan e arctan P ) (21)
v
R € Yy (22)

where « is a positive trade-off parameter, and v measures the consistency of the aspect ratio.
wCT and hCT are the width and height of the ground-truth bounding box, while w™ and
h» represent the width and height of the predicted bounding box. The gradient of v with
reference to w'» and h' should be specified as follows:

v 8 (arct wOT ; wpb)
Goofs = 2 (arctan -z — arctan - p-
wPr? + KP?
v 8 " wCT " wh
F —?(arc an 5 - —arc anm)
o @)

X —
2 2
w4+ P

The dominator w?” + 1P is usually a small value for the cases w'? and h'?, with a range
of [0, 1], which is likely to yield gradient explosion, and thus, in our implementation,
the dominator wP” + 1P is simply removed for stable convergence, through which the
step size m is replaced with 1, and the gradient direction is still consistent with
Equations (23) and (24).

Since the v only reflects the discrepancy of the aspect ratio, the CloU loss may optimize
the similarity unreasonably. To address the above problems, the work of [44] revised the
CloU loss and proposed a more efficient version of IoU (EloU), the EloU loss, which is
defined as follows:

p*(01,02) | p*(wCT,wh)
C2 (wC)Z

LEIOU =1-—1IToU+

o2 (HCT, 1P (25)

M SE
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where h“ and wC are the width and height of the smallest enclosing box, C, covering the
two boxes.

Based on previous research, SIoU further considers the influence of the angle between
the bounding boxes on the bounding box regression, which aims to accelerate the conver-
gence process by decreasing the angle between the anchor box and the Gt box, which is
the horizontal or vertical direction [45]. Its definition is as follows:

A+ Q)
Lsiou =1 —IoU + % (26)
A= )Y (1—-e ), y=2-A
t=wTs hTb @7)
: Gr _ By 1, Gr _ P
A= Sin(zsin—l ﬂ/l”/l(|x(j Xc |’ |yc yC |) (28)
V& = (o =y e
Gr_ By
pwpb = (XC wac )2
(29)
Gr_ B
0,8, = (YC hcy: )2
Q= Y (1-e)fo=4 (30)

t=w’b ,hPh

where the value of 0 defines how much the shape costs and its unique value for each data
set. The value of 6 is a significant term in this equation; it controls how much attention
should be paid to the cost of the shape. If a value of 0 is set to be 1, it will immediately
optimize the shape, thus harming the free movement of a shape. To calculate the value of 6,
the genetic algorithm is used for each data set; experimentally, the value of 6 near to 4, and
the range that the author defined for this parameter is from 2 to 6.

[0S — P
@ p = ————
wbb max(wGT,wa) (31)
e — 1|
() =

W ax (hGr, hPe)

In conclusion, the previous bounding box regression methods mainly achieve more
accurate regression by adding new geometric constraints on top of IoU. The above methods
considered the influence of the distance, shape, and angle of the Gt box and the anchor
box on the bounding-box regression but neglected the fact that the shape and scale of the
bounding box itself will also exert influences on the bounding-box regression. In order to
further improve the accuracy of the regression, the authors proposed a new generation of
the bounding regression loss: Shape-IoU in [46].

2 % (ZUGT )scale

Wt = (wGr )scale 4 (pGr yscale (32)

Mt = (wGT2 );al(eh iT();Zl:)scale (33)

Daape = hut (xl —szf )? + Wy X (ye" —Czyf ")? (34)
Uape = tinthPb(l —e )0 =4 (35)
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-1 |wCT —w'b |
max(wGT,wa )
(36)
[T —h"|

(Dth = Wyt X 7mﬂx(hGT,th)

where scale is the scale factor, which is related to the scale of the target in the data set,
and wyyy and hy, are the weight coefficients in the horizontal and vertical directions, respec-
tively, whose values are related to the shape of the GT box. Dgyp is the distance shape. Its
corresponding bounding box regression loss is as follows:

LShaperoll =1-1IoU+ Dshape +0.5 x Qshape (37)

YOLOVS5 previously used GloU; for the above reasons, in this paper, we use Lgyape— 1ot
as the bounding-box regression-loss function. Moreover, the excellent performance of
Shape-IoU as a bounding-box regression-loss function has been verified in [46].

The loss function used in the training of the YOLOvV5Ms in the prediction of the
steering angle mainly included the bounding-box location 10ss(Lspape — 1011), confidence loss
(Leon fidence), and classification loss (Ljgss), as follows:

Loss = LShapefloU + Lconfidence + Letass (38)
Loss =1— IoU + Dshupe + 0.5 x Qshupe_

ZZIOb] Cflog C]) (1_(55)log(1—(—:{)]_
i=0;=0

S B ~ . ~ .
. : , :
Moot 3, 3 1 [ Clog(C)) + (1 — C)) log(1 — C)))] (39)
i=0j=0

—21”’ Y. [ 5i(e) log(pi(e)+

ceclass
U*%@Dbﬂlfm@m

where S is the number of grids (the image is divided into SxS grids to find the position
containing lane lines one by one), and B is the number of anchors for each grid to predict
the lane line. I i "7 denotes that the jth bounding box predictor in cell i is responsible for that
prediction; its value is 1 if there is an object in the jth anchor of the ith grid, and otherwise,

it is 0. Ifbj denotes whether the object (lane line) appears in cell i. C{ and Clj stand for

confidences. Iir]l-wb] denotes that the jth bounding-box predictor in cell i is responsible for
that prediction. A, is a parameter to decrease the loss from confidence predictions for
boxes that do not contain lane lines. f;(¢) and p;(¢) represent the probability that the lane
line in cell i belongs to class ¢, while ¢ is the number of classes (lane-camber category).

3. Data Sets” Descriptions and Detector Model Training

In this section, we present our own data set, elaborate on the training process, and
report the evaluation results of the proposed network model.

3.1. Data Sets” Descriptions

The task of creating custom data sets has been previously addressed in our prior
research. To collect lane lines and steering angles, a Borgward SUV (BX5) was utilized
at 20 km per hour within the Shenyang Qipanshan Scenic Area. Building upon our
previous work, we conducted an expansion acquisition experiment at Western Xia Park
in Yinchuan. To ensure consistency with the collected steering-angle information from
before, we employed the BX5 vehicle once again for experimentation purposes. This time,
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we recorded 40 h of real-time driving video and augmented the data set by increasing
the number of images from its original count of 8000 to 20,000, maintaining the image
size of 640 x 640 x 3 pixels. Following statistical analysis on the distribution of collected
steering angles, which ranged between —50 and 60 degrees, we divided these angles
into 15 categories, ranging from —60 to +60 degrees, as illustrated in Table 3. The label
denotes the sequential number of the data sets” labels. The classification of images in a
data set is exemplified in Figure 9. Subsequently, we partitioned our data set into three
subsets: a training set (70%), a validation set (20%), and a test set (10%), based on a
predetermined ratio.

Table 3. Lane-turning categories and steering angles.

Classes L60 L[45 L35 L[25 L15 L10 LO5 G  RO5 R10 R15 R25 R35 R45 R60

Angle —-60 —45 -35 -25 -15 -10 -5 O 5 10 15 25 35 45 60
Label 4 13 12 11 10 9 8 0 1 2 3 4 5 6 7

Figure 9. Illustrative images extracted from the acquired unprocessed training data.

3.2. Measurement Metrics

The performance evaluation of the proposed YOLOvV5Ms, based on YOLOv5s, was
conducted using precision, recall, mean average precision (mAP@0.5; mAP@0.5:0.95), aver-
age detection processing time, parameter count, FLOPs, and model size as measurement
metrics [47].

Precision is calculated as the proportion of the number of positive samples correctly
predicted to those predicted as positive. It is defined as follows:

TP
Precision = —— 40
recision TP L FP (40)
Recall is calculated as the proportion of all targets that are correctly predicted. It is
defined as follows:
TP
= 41
Recall TPLEN (41)
The average precision (AP) represents the mean precision rate, which should be
maximized while ensuring accuracy as the recall rate gradually increases from 0 to 1.
The calculation formulas of mAP@0.5 and mAP@0.5:0.95 are as follows:

AP — e AP(E) 42)

where TP, FP, and FN represent the counts of true positive (TP) cases (indicating correctly
predicted lane lines in the model), false positive (FP) cases (denoting situations where no
lane line exists but a lane is falsely predicted in the model), and false negative (FN) cases
(referring to scenarios where lane lines exist but are incorrectly predicted as absent in the
model), respectively. Additionally, C denotes the number of curvature categories for lane
lines. In this study, we categorized lane-line curves into 15 classes, resulting in C being
equal to 15. The term mAP@Q.5 refers to the mean average precision across all categories
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when the intersection over union (IoU) is set to 0.5, while mAP@0.5:0.95 represents the
average mAP at various IoU thresholds, ranging from 0.5 to 0.95, with a step size of 0.05.

3.3. Training and Test Results

Training object detection is a computationally intensive task, particularly following
the completion of data-set collection and tagging. In supervised training, the network’s
weights or independent parameters are iteratively adjusted to optimize performance for
a specific training data set. The proposed model’s training process is executed using the
PyTorch framework on the Windows operating system. The software environment includes
CUDA 11.0 and Python 3.8. For data-set training, an Advanced Micro Devices (AMD)
Ryzen 2700X processor was employed, alongside an NVIDIA GeForce RTX 2080Ti with
11 GB of memory.

Details of the training process and results are shown in Table 4 and Figures 10 and 11.
The number of training epochs was set to 500 during network training; hence, ‘Epoch’ in
Figures 10 and 11 corresponds to a total of 500 iterations. After the training, the weights of
the 6 models were 10.1 M, 36.2 M, 14.5 M, 40.3 M 88.7 M, and 173.3 M, respectively. The total
number of parameters of the six models is 5.07x10°, 17.85x10°, 7.05x10°, 20.93x10°,
46.19x 10, and 86.32x10°, respectively. Comparing the training results of our proposed
YOLOv5Ms models and the four YOLOv5 models can reveal that the total number of
parameters in YOLOv5Ms is reduced by 1.98 x 10° compared to YOLOV5s, resulting in a
28.09% decrease and a weight reduction of 4.4 M, which represents a decline of 30.34%.
In terms of the training time, under identical hardware conditions, YOLOv5Ms exhibits a
training speed that is 5.19 h faster than that of YOLOv5s. Furthermore, regarding precision
metrics such as mAP@0.5 and mAP@0.5:0.95, the performance improvement achieved
using YOLOv5Ms surpasses that of YOLOv5s, with enhancements reaching 6.59%, 0.41%,
and 5.01%, respectively. The experimental results demonstrate that incorporating an
attention mechanism into YOLOvb5s effectively enhances model precision in reducing both
total parameters and weights.

T s o
g 064

062
os
os
0se

Precision

il
w0 60 8

YOLOVSs
YOLOVSMS

YOLOVSML.
YOLOVSm

0.4 ‘ YOLOVS! ‘ 041 ‘

YOLOVSX

YOLOvVSs
YOLOVSMS

YOLOVSML

YOLOVSI
YOLOVSm

YOLOVSX

0 50 100 150 200 250 300 350 400 450 500 0 50 100 150 200 250 300 350 400 450 500
Epoch Epoch

(b)

S
o

S 05 o

&

< 0.65]

<04

0.2 180 200 220

YOLOVSs
YOLOVSMS

YOLOVSML.
YOLOVSm

YOLOvSs
YOLOVSMS

YOLOVSML
YOLOVEm

0.1 ‘ YOLOvS! ‘ 0.1 ‘

YOLOVSI
YOLOVSX

YOLOVSX

1] 50 100 150 200 250 300 350 400 450 500 0 50 100 150 200 250 300 350 400 450 500
Epoch Epoch

(c) (d)
Figure 10. Comparison of the precision, recall rate, mAP@0.5, and mAP@0.5:0.95 of the six mod-
els of YOLOV5 in the training and verification stages: (a) precision, (b) recall, (¢) mAP@0.5,
and (d) mAP@0.5:0.95.
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Table 4. Details of training process and results.

Model Loss (x1073) mAP (%)
Params (x10°) Weight M) T} T, T}, Pre (%)% Rec(%)? m3; m%, os T(h)?

YOLOvV5Ms  5.07 10.1 19.80 11.57 5.71 95.83 96.28 99.10 74.60 16.67
YOLOvS5MI  17.85 36.2 18.82  10.51 3.54 97.32 97.93 99.42 76.89 25.95
YOLOv5s 7.05 14.5 19.59 12.61 7.55 89.24 90.09 98.69 69.57 21.86
YOLOvSm  20.93 40.3 1552 9.18 3.32 99.05 99.09 99.49 79.16 41.67
YOLOvSI 46.19 88.7 1449 7.85 2.71 99.22 99.40 99.41 86.59 58.09
YOLOv5x 86.32 173.3 13.38  6.59 2.14 99.50 99.64 99.42 91.85 76.27

1 T¢, To, and T,;: represent each error of training, respectively. 2 Pre: precision; Rec: recall; mg 5: mAP@0.5; m 5. 95:
mAP@0.5:0.95; T(h): training time (hours).
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Figure 11. Comparison of the bounding-box regression, confidence, and classification of the six
models of YOLOVS in the training and validation stages: (a) CIoU, (b) val CloU, (c) objectness, (d)
val objectness, (e) classification, and (f) val classification.
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Through a comparison between our proposed YOLOv5MI model and YOLOv5s and
YOLOv5m models, we observed that the various indicators of YOLOv5MI outperform
those of YOLOVb5s but are similar to those of YOLOv5m. However, its overall performance
is slightly inferior to that of YOLOv5m due to dominant factors such as model size, weight
size, and training time. Compared with YOLOv5m, the total number of parameters in our
model was reduced by 3.08 x 10, the weight size decreased by 4.1 M, and the training
time was shortened by 15.72 h.

YOLOv5x and YOLOV5I exhibit superior performance, irrespective of the associated
time and hardware costs. However, in practical applications, a common approach is to
balance the model cost and overall performance. Therefore, it is generally preferred to
consider lower-cost factors such as hardware utilization and execution time while ensuring
that the model’s performance meets real-world requirements.

The test results of the trained model are shown in Figure 12. In Figure 12, the “tags”
represent the YOLOv5Ms network subsequent to 500 epochs of training. Following the
evaluation of images containing lane lines, the letters denote their respective categories,
while the numbers indicate their corresponding probabilities. It can be seen from the test
results that the training of the network achieved the expected performance. We discuss
the real-time predictive performance of the trained YOLOv5Ms detector by verifying
experiments in Section 5.

This paper proposes a composite controller that integrates a novel adaptive updating
law and disturbance observer to ensure that AVs’ steering system promptly and accurately
responds to the predicted steering-angle signal. Subsequently, we elaborate on the proposed
controller in the following section of this paper and conduct a comparative experiment to
validate its control performance.
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Figure 12. Images labeled with tags and the outcomes of tests.

4. Mathematical Model of SbW System and Controller Design
4.1. Dynamics Model

Figure 13 shows the schematic diagram of the SbW system. The SbW system consists
mainly of mechanical and electrical structures. It mainly includes a handwheel, a steering
column, a steering motor, a motor controller, a gear reducer, an angle sensor, and a feedback
motor. On the handwheel side, the angle sensor is mounted on the steering column, and
it measures the angle of the handwheel. The motor controller receives the angle signal
through CAN to control the motor rotation, and the motor rotation drives the front-wheel
rotation through the gear reducer. The sensors mounted on the steering-tie rods measure
the steering angle of the front wheels and feedback to the motor controller. The motor
controller receives the feedback signal for closed-loop control to track the reference angle.
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For simplicity, the modeling of the steering system consists of the steering motor and the
front wheel, and the dynamic equations of the steering motor are as follows:

]smgs + Bsmgs +T+ T =T (43)

where J; is the angle of the steering motor shaft. [, is the inertia of the steering motor. By,
is the viscous friction of the steering motor. 7; represents the torque applied via the front
wheels to the steering motor shaft. 7; is the disturbance torque. 7, is the torque output via
the steering motor.

Motor control signal —— Motor feedback signal — — Sensor feedback signal

Driver Feedback Motor ang

C

CAN High
CAN Low |

Steering Motor and

N
‘b Control System

4
Angle Sensor ‘
Front Wheel 4

NN N NN
V /7 /7 7/

Figure 13. Overall structure diagram of SbW system.

The dynamic equation for the front wheels is as follows:
]fwgf—f—Bfw(;f—i—Tf—i—Te:Tz (44)

where J¢ is the angle of the steering motor shaft. ], is the inertia of the front wheels. B,
is the viscous friction of the steering motor. Ty is the friction torque on the front wheels. 7,
is the self-aligning torque on the front wheels. T, represents the torque transmitted via the
steering motor to the front-wheel steering arms. The self-aligning moment is expressed as
a hyperbolic tangent function:

T, = ¢ tanh(dy) (45)

where ¢ is the positive constant related to the road adhesion.
The friction model friction torque is defined as follows [48]:

Tf =01 [tanh(ﬂ15f) — tanh(ﬁzc;f)} + tanh(/%35f) + 06351: (46)

where «; and f; are positive constants. According to (46), the friction model contains many
features of other friction models. Therefore, the friction model (46) provides a more compre-
hensive description of friction and provides a more accurate model for controller design.

Regardless of the backlash exiting the rack and pinion gear teeth, we have the
following relationship:

b _ 4 __1_m

s O g Lmc T ( )
where iy, is the steering ratio.
Using (47) and eliminating J;, we obtain the following;:
]E5f + Bg5f +imcTy + T + Te = imcTn (48)

where [, = Jfw + i%w]sm is the moment of inertia. B, = B o+ i%"Bsm is the the system damp-
ing.
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We rewrite (48) as follows:

5o ime Bt Tt T imety
e Je Je

(49)

We define x; = 67, xp = ) ¢ and rewrite (49) as the state space equation as follows:

{xl - (50)

Xy = ieTm — Tgf — D

where i, = Z’% Tf = w is the lumped uncertainty. p = i'”ff" is the external
disturbance. The design of the controller requires accurate model parameters such as [z,
Jsm and iyc. In engineering practice, these parameters can be obtained through offline
parameter identification methods such as the half-period integration method [49] and
the zero-mean sinusoidal perturbation method [50]. The transmission ratio i, can be
calculated from the number of gear teeth. However, the accurate friction model 7¢ and
self-aligning torque 7, present difficulty in obtaining accurate values. The coefficients «;
and f; of the friction model are related to road adhesion, and it is difficult to obtain accurate
values. The self-aligning torque, T, is an estimated model, and the coefficient p is related
to road adhesion. Therefore, the friction model and the self-aligning torque need to be
approximated using other methods in the controller design.

Lemma 1 ([51]). Forany (x,y) € R?, the following Young's inequality is satisfied:

1

P
< _|x|P
Xy < plxl oo

yl? (51)
where @ > 0, p > 1, and q > 1 are constants satifying that (9 —1)(p — 1)=1.

Lemma 2 ([52]). A function, F(X): Qx — R, with a compact set, Qx € R™, can be approxi-
mated using a radial basis function neural network (RBFNN):

F(X) = WTG(X) +¢* (52)

where W* = W], Wy, ..., Wl*]T e Rl is the ideal weight vector. X = [X1, Xp, ..., Xm]T € R™ is
the input vector. €* is an optimal approximation. There exists a positive constant, €1, that satisfies
e < . G(X) = [G1(X),G2(X), ..., Gi(X)] € R is the basis function vector. The Gaussian
function is chosen as the basis function as follows.

X =gl

6(%) = expl(——5

) (53)

where c; = [Clj, Cljs s cm]-]T is the center, and b; is the width of the Gaussian function.

Remark 1. The disturbance tp satisfies the following conditions: Tp < Tpmax and Tp < €p
(Tpmax; €0 € RT). In much of the previous literature [53], it has been assumed that the perturba-
tions and the derivatives of the perturbations are bounded. In this paper, the external disturbances
p = l’”f:‘i , ime and J, are intrinsic parameters of the system, which are related only to the system
itself and not to the external world. In engineering practice, t; is mainly an external disturbance
including the following: internal disturbances in the steering motor, sensor measurement noise,
external forces acting on the SbW system, and so on. These disturbances and their derivatives exist
in practice with unknown maximum values. Therefore, the unknown Tp max and ep exist such that
Tp < Tpmax and Tp < ep.
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4.2. Observer Design

Given that the angular position can be measured directly by the sensor in practice,
the angular velocity needs to be measured with an additional sensor, and it is difficult to
find a suitable location for the sensor. In observer design, the parameters in the state space
equations need to be known. However, model uncertainty and external disturbance make
it difficult to obtain accurate values. According to Lemma 2, 7,5 can be approximated via
RBENN as follows:

Top (1, %2) = W' Go(x1, 22) + €5 (54)

where Wj is the ideal weight. £, is the angular velocity obtained by the state observer
designed later.
Define the estimate of 7,f as follows:
fef = WOGO(x1,922) (55)
Define At,r = Tor(x1,X%2) — Tof(x1, £2), and satisfy [AT¢| < hf|xy — £2; iy is a de-
signed positive constant. Therefore, the dynamic of x; can be represented as follows:

Xp = 1Ty — ATef — WSTG()(Xl,.‘fz) + €>6 —1Tp (56)

Define £ as the estimate of the angular position, £, as the estimate of angular velocity,
%1 = x1 — %7 as the angular position estimation error, and %¥; = x; — £, as the angular
velocity estimation error. Inspired by [54], the state observer design is as follows:

# =%+ kx5
Xp = S1 +ks¥q (57)
S1 = ieT — WoGo(x1, %2) — Tp + ko¥y

where k;(i = 1,2,3) is the designed positive constants. %p is the estimate of 7p. According
to (50), (56), and (57), the following error dynamics equation is obtained:

J;Cl = — klfl + 552
JLCZ = — ATef — W()G()(xl, 922) - ’L~'D + JZ] (k]kg — kz) (58)
— kaxs

where Tp = Tp — Tp is the disturbance estimation error.
To estimate the disturbance, the auxiliary variable A is introduced as follows:

A=1Tp+ax (59)
where & is a designed constant. The disturbance is estimated as follows:
tp =A—afy (60)
Deriving A with respect to time gives the following;:
A =1p + a(ieTy — Tof — A+ axg) (61)
The design of A is as follows:

A = a(ictn — A+ aty) (62)

Define A = A — A and combine it with (61) and (62) with the derivation for time
to obtain the following:

A=A-2A

- (63)
=1p + DC(—WSG()(XL 3?2) + 83 + ATef — A+ 0(322)
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The Lyapunov function is selected as follows:

1, 1., 1«
%:§ﬁ+§g+§A (64)

Taking the derivative of (64) yields the following;:
Vo =11 + %oy + AL

o - U n -
=X1Xp — klx% + XzATef — szo Go(xl, XQ) + X2€8

- - (65)
— X Tp + %1% (k1ks — kz) — k3f§ + ATp + 06)\86
+ a;\A’L’ef —aA? + 0(2)13?2 — a;\WSTG()(Xl, 322)
Using Lemma 1 yields the following:
L Mo 1
x1x2 S 7.7(:12 + %x%
JZZATef < |hf|f%
~ 1 ~T17.-~
BWeGo(xy, 22) < 22 + — WoW,
2 2”1/11
2
~ ~ ‘uz w 2 1 %)
Yotp < (F+ —)x3 +—A
21D (2 pt2> 2 1
3 M3 52 1 >
< 2 _
/\TD >~ 2 )\ + 2],[3£D
- - 1 66
AWETGo(x1, %) < 2A2 + — 2WTW; (66)
- 2Hy
- ~ 1
255 ~ M532 . 1 4
A%y < 2/\ —0—2%0( %5
aiAT, < H632 4 lezhzfz
2
~ ],[7 ~ 14
aAeh < 7)\2 + z—msgz
. Hs 1
Toep < ix% + 2T18882
According to the above inequalities, we can get the following:
) kiks — ko +1 —
%S-@rﬂdlz M-%ﬁ_%_h%2b+l
Ho
2
Hg M1 B2 & 1 4 I 2012
LA RN i S i T SOV Y]
775G Mz) 25 2 7% )
__(a__gl,__ﬂi _Ha K5 He _.EZ)A24_41,82
W 2 2 2 2 2 2us P
1 T 1 2¥A7k TYAT* 0(2 1 *2
+ —WoWy+ —a" Wy Wi+ (=— + — )¢
2, OOt 5 W0 Wo (2y7 2y8)0

— _ 2
_ Po(klkaz ko) 4o — ky—fakshotl s (B2 oty L4 120

210 2 2 N2 T, 25 2ug™ T fr

VS S - SO 7 SO R R 4 _ 1.2 4 1wl 1 awsTwe o (a2
=0 =3 T2 T T T T K = e g WoWo F g0 Wo Wo o (g +
1 ) 2
2]43 0 -

According to (67), if k1 > 0, xp > 0, k3 > 0, and x4 is bounded, it follows from
Lyapunov’s stability theory that the estimation errors %;, %, and A are ultimately and
consistently bounded. Therefore, this paper aims to design a suitable adaptive control
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method to guarantee that all states of the closed-loop system, including the observer,
are bounded.

4.3. Controller Design

In order to improve the tracking accuracy, a barrier Lyapunov function is used on the
basis of the traditional backstepping control method. The proposed controller design is
divided into two steps.

Step 1: Define the variables z; = x1 — x5 and zp = £ — ay. Select the barrier Lyapunov
function as follows:

1 z2
Vi=_-ln 1 68
1=5In 22 (68)
where by is a designed positive constant for the boundary.
The derivation of (68) yields the following:
. Z121 Z1 - .
Vi = = (20 + a1 + % — %y) (69)
b2 —z2 b2
The virtual control law &4 is designed as follows:
ay = —kgi1z1 + %5 — - §(bz -7 (70)
b% - z% 201
Substituting (70) into (69) yields the following:
. Z1 X 21 5 2 2
Vi=——-(z—k - — (b7 —
1 b%_z%(zz 4121+ Xy 22 2( 1—21)
— Xg+ X2) (71)
2127 kdlz% z% 522 n z1%p
= - - — Sz
R-34 R-3 @-a¢ 20 7-3
Using Lemma 1 yields the following:
212 1 22 1
212277 7~ st 5%
bf —zf — 2(bf—2z7)?> 2
(72)
2159 1z N 1 2
=5 >%2
b2 —z2 ~ 2(b1—23)2 2
Substituting (72) into (71) yields the following:
Vl S _b%—z% +§Zz— Ezl +§.X'2 (73)
Step 2: Select the barrier Lyapunov function as follows:
A S SRS S A (74)
2722 o 0T o T

where b, is a designed positive constant for the boundary. ry and r; are positive constants.
The derivation of (74) yields the following:

. 4 1.1, 1 7.
Ve =ty — Wy Wo— Wi W,
b2 —Z ro )
. A 5 5
T2 (ieTm — Tof — T + k3o + (ko — kiks) %1 (75)
2 %
. 1 7., 1 .~71..
— &) — —WoWo— —W; W,
1o r
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Define F = i&1; according to Lemma 2, F can be approximated via RBENN as follows:

F= WTTG1 (xl, 3?2) + 8%1( (76)

Define the estimate of F as follows:

F =WiGy(xy, %2) (77)

The control input u is designed as follows:

k%Zz

1., . -
T =—[Ter + T — (ko — kik3) %1 —kpz2 — 57—
le by — z5

32, (78)

5 .
e S S ()Y . E
T I

The neural network adaptive law is designed as follows:

{Wo = r9(z1 +22)Go — meWy 79)

Wi =r1(z1 +22)G1 — Wy

where r;, m;(i = 1,2) is the designed positive constants.

Substituting (77)—(79) into (75) yields the following:

. k3zo X Zn
V2 = 2 _2
)

2
3z5

Zn e _ kd22%

B2 222
kéz% Z12p 5 2

2B-A)? 2B-FB? B-3 2

2%
~ mo A ~ mq A
— Wg(zl +Zz)G0 + TOWO — W{(Zl + Zz)Gl + lel
0 1

T
W, G +
b2 — 23 1=l

(80)

Using Lemma 1 yields the following:
k322f2 k%Z% 7
b2—z3 T 2(b2—23)2 2
po WG <
by —z;

20€] z5
7-3W7-37 2

Z122 Z% 1 2
b3 —z3 ~ 2(b3—2%)2 2

(81)
1

- MO A~ - T~
— W, (21 +22)Go + r—ow0 <B4+ 2wgwO
0

~ T m A 1~T~
—Wj (21 +22)Gy + %Wl < Z%+Z%+§W1W1
1

- MWW, + wiTw;
27’1 1

2r

The control principles and procedures of the constraint-based adaptive neural network-

output feedback controller proposed in this paper is shown in Figure 14.

330



Sensors 2024, 24, 7035

Neural network observer Disturbance observer /_\daptive Updating Law
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[
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Figure 14. The control principles and procedures of the method proposed in this paper.
Substituting (81) into (80) yields the following:

nmq 1

my 1 ~ T ~
0_(E_§)

(82)
1 5 m m
B Ry ﬁngwg + iwfw;

4.4. Stability Analysis

Theorem 1. For the SOW control system (50), the neural network state observer (57) and distur-
bance observer (60), the virtual controller (70), and the controller (78) are used. The adaptive law
of the neural network is defined in (79); then, all signals of the closed-loop system converge to a
compact set.

Proof. Select the Lyapunov function as follows:
V=W+W+V (83)

Substituting (67), (73), and (82) into (83) yields the following:

Ve (i -tk ket g kk kel
2 2p0
2
Hs P12« 1 4, 1 55 >
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2 2
z Z 1 1
— kdl 1 — de 2 + 78%3 + 7W8TW8
b} — 2 by —z3  2m3 244
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Define the compact set Q), = {z;||z;| < b;,i = 1,2}; then, on ), the following is
2 2
obtained: In b%ZZ < bzzf’zz Therefore, (84) can be expressed as follows:

V< —aV+GQ (85)

where a = min{Cy, C;,C3,Cy, Cs,Cq, Cr}.

According to A, %1, %2, A, z1, 22, Wy, and Wjare bounded. Since & is bounded, it
follows that £, = z» + « is bounded, and x, = %, + %> is bounded. It can be inferred from
(70) and (78) that the virtual control law and control input are also bounded. Theorem 1
has been proven. [J

5. Simulation and Experimental Validation

In this section, to verify the effectiveness of the proposed controller in the online
control SbW system, we conducted simulations and hardware loop experiments.

5.1. Simulation

The parameters of the SbW system are chosen to be the same with [22], which are
listed in Table 5. In this numerical simulation, the parameters are set as follows: a; = 0.25,
xy = 20, a3 = 0.01, B1 = 100, B2 = 1, and Bz = 100. To verify the robustness under
different loads, different external disturbance are added as follows:

2,0 <t <40
1+ 0.5tanh(0.1(t — 40)),40 < t < 80

T = (86)
2 + 0.3tanh(0.1(t — 80)),80 < t < 120

3 — 120tanh(0.1(t — 120)),120 < t < 160

To verify the superiority of the proposed method, three methods are selected for
comparison. In order to ensure a fair comparison of the three methods, the parameters of
each method are adjusted to achieve the best control effect under the same conditions.

Table 5. Parameters for SbW system.

Parameters Value
]fw (kg' m2) 3.8
Jsm (kg m?) 0.0045
By (Nms/rad) 10

Bsii (Nms/rad) 0.05
Ime 18

(1) The controller proposed in Theorem 1 is expressed as follows:

1 A A - k%Zz
T :-*[Tef + p — (kz — k1k3)x1 — kdzzz — b272
le h — ZZ (87)
- T —z1— §(bz —23)zp + £
2(b3 — 23) 2V 72

The parameters of the proposed method are set as follows: k; = 0.001, k; = 150,
k3 = 50, ro = 100, mpy = 20, r = 100, my = 15, kdl = kdz = 10, b1 = bz =50 =1
The neural network parameters are set as follows: b; = 5, ¢; = [0,0]7, c; = [0.05,0.05]7,
c3 = [0.1,0.1]T, ¢4 = [0.15,0.15]T, ¢5 = [0.2,0.2]T, c¢ = [0.25,0.25]T, c; = [0.3,0.3]7,
cg = [0.35,0.35]T, cg = [0.4,0.4]T, c19 = [0.45,0.45]T, c¢1; = [0.5,0.5]T, c1p = [0.55,0.55],
c13 = [0.6,0.6]7, c14 = [0.65,0.65]T, c15 = [0.7,0.7]T, c16 = [0.75,0.75]T, c17 = [0.8,0.8]T,
c1g = [0.85,0.85]T, c19 = [0.9,0.9]7, c30 = [0.95,0.95]7, co; = [1,1]T.
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(2) To verify the effectiveness of the disturbance observer, this method removes the
disturbance observer from the proposed method, and the controller parameters remain
consistent with the proposed method.

(3) The traditional backstepping control method (BSC) differs from the proposed
method by removing the state constraints and keeping the other parts the same. The con-
troller is expressed as follows:

{0&1 = —kg1z1 + %4

Lo ., ~ (88)
T = ;(Tef +1p + &1 — (ko — kik3) %1 — kgozo — 21)

The parameters of BSC are set as follows: k;; = kj» = 70. The parameters of the
state observer and the disturbance observer are consistent with the proposed method.
The simulation reference signal is set to x; = sin(t). In order to evaluate the performance
of the three controllers, a performance index is introduced: the root mean square error

(RMSE), RMSE=,/ % Y el.z. The simulation results are shown in Figure 15.
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Figure 15. The simulation results. (a) Position-tracking performance; (b) tracking error; (c) angular
position; (d) angular velocity; (e) friction and torque; (f) RMSE.

Figure 15 shows the curves of the numerical simulation. Figure 15a,b show the position-
tracking performance and tracking error of the three methods, respectively. From Figure 15a,
it can be seen that all three methods can track the reference signal well, the errors are
very close to each other, and it is difficult to see the difference between the three methods
intuitively. However, the tracking error curve shows that the tracking error of BSC is more
than 0.01 rad in the starting tracking stage, while the other two methods are within 0.01 rad,
which indicates that the proposed method achieves a faster response speed. During the
tracking process, the tracking error of BSC is larger than that of the other two methods.
The tracking error of the proposed method with a disturbance observer is smaller, and the
tracking error converges near zero faster. Figure 15¢,d show the curves of the estimation
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results of the state observer for x; and xp, respectively. As can be seen from Figure 15c,
at the beginning stage, the curves of £ and x; have a slightly larger error and do not fit
perfectly. But soon after that, the two curves almost coincide, and the state observer can
estimate the angular position well. As can be seen from Figure 15d, since the simulation
is an ideal environment to derive the angular velocity directly for the angular position
without noise, a smooth curve is obtained. The curves of £, and dx; /dt almost coincide,
and the state observer can estimate the angular velocity well. Figure 15e shows the curve
of the neural network approximation of friction and the disturbance observer estimation of
external disturbance; from the simulation results, it can be seen that the neural network and
the disturbance observer are quickly adjusted by updating the adaptive law to accurately
estimate the friction and the external disturbance when the load changes. Figure 15f shows
RSME histograms of the three methods, from which it can be seen that, in each period,
the proposed method with the disturbance observer achieved lower values in RMSE,
indicating better tracking results.

5.2. Experiment

In order to better validate the effectiveness of the proposed method, and for safety
reasons, hardware-in-the-loop (HIL) experiments were conducted to verify the effectiveness
of the proposed control method in practice. The schematic diagram of the steering control
YOLOvb5-based end-to-end for an autonomous vehicle is shown in Figure 16. The SbW
system mainly consists of a steering test bench, dSPACE1401, a monocular camera, and a
computer. The steering test bench mainly consists of a steering motor, a reducer, a servo
controller, a tension controller, a magnetic powder brake, a steering gear, a cable sensor,
and a table frame. In order to verify the proposed method’s effectiveness and superiority
in comparison with two other methods, firstly, the steering-angle signal received via the
controller is artificially given, which causes the steering wheel to traverse the categorized
steering angles sequentially, starting from the original position, which ranges between
—60° and 60°.

4  Magnetic ;
powder brake : =

Figure 16. The schematic diagram of the YOLOv5-based end-to-end steering control for an au-

tonomous vehicle.

The parameters of the methods in the hardware-in-the-loop experiments are different
from those in the simulation, and the parameters of the three methods are set as follows:

(1) The parameters of the proposed method are set to k; = 0.001, ko = 180, k3 = 100,
kysg =70,kgpp =1,b1 = 0.2, bp = 0.3, and & = 0.7. The parameters of the neural network
are consistent with those in the simulation.
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(2) The parameters of BSC are set to k;; = 85, kjp = 2. The other parameters are
consistent with the proposed method.

The experimental results are shown in Figure 17. Figure 17a,b show the position-
tracking performance and tracking error, respectively. From Figure 17a, it can be seen that
the tracking performance curve is not as smooth as in the simulation due to the noise in the
angular position of the sensor measurement in the experiment. Compared to the other two
methods, the proposed method with the disturbance observer exhibits a faster response and
a smaller steady-state error. This is more intuitive in the tracking error curve. As Figure 17b
shows, the maximum tracking error of the BSC is 0.055 rad, and the maximum tracking
errors of the other two methods are within 0.055 rad. Within 50 s to 120 s, it is clearly seen
that the proposed method with perturbation observer has a smaller tracking error. In the
final stage of tracking, the proposed method with the perturbed observer has a smaller
steady-state error, and the tracking error is closer to zero. Figure 17¢c,d show the estimated
curves for the angular position and angular velocity, respectively. From Figure 17¢, it can
be seen that the £; curve derived from the state observer is very close to that of x1. Between
0 and 50 s, due to the initial operation of the SbW system, there is significant resistance
between various components, such as the gap between the gear and the rack, and the
gap between the steering motor and the gear reducer. After running for a period of time,
the system operates in normal working condition. This can also be seen in Figure 17e,
where the estimation of friction and external disturbances from 0 to 50 s is larger than after
50 s. Therefore, the estimation of the angle position has a certain impact, and the error from
0 to 50 s is larger than that after 50 s. From Figure 17d, it can be seen that the derivation
of x1 leads to an amplification in the noise due to the presence of noise in the sensor
measurements of the experiment. The £, derived from the state observer, on the other hand,
is much closer to the real value of xy, has much less noise, and meets the requirements of
the controller design. Figure 17e shows the neural network approximation friction and
the external disturbance curve estimated via the disturbance observer. Figure 17f shows
the RMSE curves of the three methods; at each stage, the proposed method has smaller
values, indicating that the proposed method with the disturbance observer achieves better
tracking performance.

From the above simulation and experiment, it can be seen that, although the experi-
mental conditions added in the simulation are different from the environment in the actual
experiment, it is difficult to achieve consistency with the simulation in the actual experimen-
tal environment; for instance, noise is present in the sensors, the actuator has a response
delay, added friction occurs, and the external perturbation is inconsistent, etc. However,
the trend in the results obtained from the numerical simulation and HIL experiment is
consistent, indicating the superiority of the method proposed in this paper.

For safety reasons, we verified the real-time steering prediction and steering control
of the trained YOLOV5 on the SbW experimental bench. The experimental results are
shown in Figure 18. Figure 18a shows the randomly selected real-time validation images;
the trained YOLOVS outputs the predicted steering angle based on the image and sends
it to follow the controller via a serial protocol. Figure 18b shows the output predicted
steering angle. When the predicted angle changes, the reference signal is a step-signal
change. While, in practice, there are delays in the communication between the steering
motor and the controller, it is difficult to track the step signal, and the actual tracking
performance is fully and smoothly shifted. Therefore, a filter is added after the predicted
steering angle of the output to obtain a smoothed reference signal, as shown in Figure 18c.
The adaptive neural network output feedback controller proposed in this paper is used to
track the reference signal derived earlier, as shown in Figure 18d, from which it can be seen
that, in real-time turn angle variation, the method proposed in this paper can still track
the reference angle well and achieves good tracking performance. Figure 18e,f show the
estimation curves of the state observer, from which it can be seen that £, and %, derived
from the state observer achieve good accuracy when the reference turning angle varies
randomly, which is consistent with the previous simulation and experiment. From the
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experimental results in Figure 18, it can be seen that the trained detector and the proposed
controller achieve better prediction and control capabilities.
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Figure 17. The experimental results. (a) Position-tracking performance; (b) tracking error; (c) angular
position; (d) angular velocity; (e) friction and torque; (f) RMSE.
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6. Conclusions

In this paper, a lightweight steering-angle prediction network model based on YOLOv5
and an adaptive output feedback control scheme with output constraints based on neural
networks has been introduced to regulate the predicted steering angle of YOLOv5Ms
effectively. We used YOLOv5Ms as a detector to solve the challenging task of steering-
angle prediction in this paper. Meanwhile, an adaptive output feedback control scheme
with output constraints based on neural networks has been proposed to ensure that the
steering system responds quickly and accurately to the desired steering-angle signal.
To train the YOLOv5Ms detector and enhance the generalization capability of the proposed
detection model in this study, we conducted an extended data-collection experiment at
Western Xia Park in Yinchuan City, building upon our previously created lane-line data
set. The images of the data sets were labeled one by one by comparing the steering angle
collected in the videos. The accuracy and response speed of the detector can meet the
actual requirements after real-time testing. Furthermore, the proposed controller can
improve the convergence of the tracking error and eliminate the influence of disturbance.
Meanwhile, the proposed controller enhances the steering control accuracy of the steering
angle predicted via YOLOv5Ms. The experimental results show that the trained network
and the proposed controller perform well. The research in this paper can be further
extended to other aspects. Firstly, due to the limited experimental conditions, the prediction
and tracking of the angle are only experimented in the SbW experimental bench, and they
will be experimentally verified in the actual car in the future. In the controller design, only
angle tracking was considered, and the angle tracking of the SbW system will be combined
with the trajectory tracking control of the AV in the future.
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Abbreviations

AVs Autonomous vehicles GloU Generalized intersection

SbW Steer by wire CNN Convolutional neural network
WHO World Health Organization DL Deeping learning

MT-LfD Multi-task demonstration learning SE Squeeze and excitation

HS h-swish ReLU Rectified linear unit

FCs Fully connected layers MSE Mean square error

BBOX Bounding box IoU Intersection over union

DIoU Distance-loU CloU Comprehensive IoU
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EloU Efficient version of IoU AP Average precision

P True positive FP False positive

FN False negative AMD Advanced Micro Devices

CAN Controller area network RBFNN  Radial basis function
neural network

BSC Backstepping control method HIL Hardware-in-the-loop

NAS Network architecture RCNN  Region with CNN

SSD Single Shot MultiBOX Detector YOLO  You Only Look Once

YOLOv5Ms  You Only Look Once
version 5 with MobilNet version 3

Appendix A
The algorithm followed in this study is presented in Algorithm Al.

Algorithm A1 Steering Angle prediction and control

Require: Input image sequences

Ensure: Controlled motor position

1. nput_size = (640, 640, 3), nc= 15, anchors = [(10, 13), (16, 30), (33, 23), (30, 61), (62, 45), (59,
119), (116, 90),

(156, 198), (373, 326)], numanchors = len(anchors)

. Input picture: Image = read_image(path)

. Image preprocess: Processed_image = preprocess_image(Image)

. Loading model: Model = load_model("YOLOv5Ms’)

. Image reasoning: Outputs = Model(Processed_image)

. Analytical prediction result: Predictions = Parse_predictions(Outputs)

. Filter prediction result: Filtered_predictions = Filter_predictions(Predictions)

. Output the final prediction result to controller: Final prediction result=Ym

. Estimate angular velocity, model uncertainty, and external disturbance: %5, 7., Tp.

10. Adaptive neural network output feedback controller provides output 7;;;, and controls
motor position

based on this controller output.

11. Adjust motor position.

12. return Controlled motor position

O 0 NJIONUl bk WIN
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Abstract: This study addresses the challenges of human-robot interactions in real-time environments
with adaptive field-programmable gate array (FPGA)-based accelerators. Predicting human posture
in indoor environments in confined areas is a significant challenge for service robots. The proposed
approach works on two levels: the estimation of human location and the robot’s intention to serve
based on the human’s location at static and adaptive positions. This paper presents three method-
ologies to address these challenges: binary classification to analyze static and adaptive postures for
human localization in indoor environments using the sensor fusion method, adaptive Simultaneous
Localization and Mapping (SLAM) for the robot to deliver the task, and human-robot implicit com-
munication. VLSI hardware schemes are developed for the proposed method. Initially, the control
unit processes real-time sensor data through PIR sensors and multiple ultrasonic sensors to analyze
the human posture. Subsequently, static and adaptive human posture data are communicated to the
robot via Wi-Fi. Finally, the robot performs services for humans using an adaptive SLAM-based trian-
gulation navigation method. The experimental validation was conducted in a hospital environment.
The proposed algorithms were coded in Verilog HDL, simulated, and synthesized using VIVADO
2017.3. A Zed-board-based FPGA Xilinx board was used for experimental validation.

Keywords: posture recognition; localization; FPGA; service robot; sensor fusion

1. Introduction

Human-robotic interaction (HRI) systems have become increasingly integrated into
healthcare environments [1] (Alzheimer elders assistance), playing a vital role in assisting
with tasks such as patient monitoring, medication delivery, and physical support. These
robots must not only interact with their surroundings but also adapt to dynamic changes
in real time to provide effective assistance. One of the key challenges in developing such
systems is the precise localization of a human subject at stationary and moving positions [2].
Reliable and accurate human localization is essential for enabling robots to provide timely
and context-aware responses and enhance the patient care and safety. Over the past
30 years, significant research has been conducted on human posture, sleep analysis, and
sleep monitoring. In HRI systems, the early stage is about sensing and analyzing human
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activity recognition to serve as a better way of interacting with autonomous attendants. In
this regard, human activities are confined to the sleep and activity stages.

According to the authors of a review analysis [3], sleep apnea affects between 9%
and 38% of the general population, and this number is expected to increase in the future.
Services navigate towards the localization point of elders/people with Alzheimer’s. Human
localization has been classified into three categories: monitor-based localization (MBL),
device-based localization (DBL), and proximity-based localization. The proposed HRI
system is driven by ultrasound MBL algorithms [4]. In the HRI system, the next stage is
service robot-based Simultaneous Localization and Mapping (SLAM) navigation. Recent
market trends in statistical analysis shows that the global robotic healthcare Al market is
expected to reach INR 188 billion by 2030, increasing CAGR by 37% from 2022 to 2030 [5].

In an HRI system, sensing has been performed in two ways by humans and au-
tonomous robots. In this process, estimating the human pose in the environment plays a
critical role in enabling the robot to assist humans in delivering necessary services. Human
localization analysis using various sensing methods has been presented over the last two
decades by researchers. The main challenge involved in pose estimation analysis relies on
the quality of sensor data acquisition and pre-processing. Researchers have used pressure,
non-contact, wearable, and non-wearable sensing devices to collect data [6-8]. The author
focuses on in-bed human pose estimation, including sleep and sitting positions, using a
multimodal conditional variational auto encoder (MC-VAE) and HRNet for single-modality
inference [9,10]. A novel body posture recognition system on a bed, which accurately es-
timates sleep postures (supine, left lateral, prone, right lateral) using ballistocardiogram
signals, enhancing comfort and reliability, was presented by the authors of [11]. The author
of [12] focused on predicting sleep postures, including sitting using a Bayesian network
algorithm with a heartbeat rate and image monitoring for accurate posture recognition in
wireless body area networks. Similarly, a human sleep posture recognition method using
millimeter-wave radar and interactive learning to overcome the sensitivity of radar signals
to different individuals was presented by the authors of [13]. Wearable and non-wearable
sensors, including three-axis accelerometers, multi-modal sensor fusion, electroencephalog-
raphy (EEG), and thermometers, have been used to capture data on sleep posture [14,15].
The proposed system was developed using ultrasonic sensor fusion data and a contactless
sensing approach to estimate human poses in the environment.

For autonomous robot navigation, SLAM approaches have been used. A robotic assis-
tance system can provide care and support for humans, including those localized on a bed,
thereby demonstrating the potential of robots to collaborate in various care scenarios [16].
Ultrasonic sensor fusion data are provided to the robot for effective navigation, allowing
it to accurately detect human positions and assess distances, thus enabling smoother and
more efficient movement through its environment. The authors have developed robotic
delivery systems such as MEDROBO, which can enhance patient care by automating
medicine delivery and monitoring vital signs for bedridden individuals using RFID tags
attached to the bed [17]. A multifunctional intelligent bed (MIB) integrates autonomous
movement, position adjustment, and interaction interfaces to assist mobility-impaired
individuals, showing the potential for robotic assistance for bed-localized humans [18]. The
challenges involved in the above approaches include maintaining accurate optimization
and adaptability, particularly in adaptive healthcare environments. Issues such as RFID
tag misplacement and the need for continuous real-time sensing can affect its efficiency in
automating medicine delivery and assisting individuals with mobility impairment. There-
fore, there is a need for IoT-based systems that enhance healthcare robotics by enabling
real-time data collection and communication, thereby improving the task automation and
accuracy. loT-based robotic medicine delivery systems for bedridden individuals, improv-
ing outcomes, and overall healthcare efficiency in hospitals, have been addressed by the
authors of [19]. Hu. Q. et al. proposed a system that employed a pressure sensor array
integrated into a bed sheet with 1024 nodes for comprehensive data collection [20]. The
author focused on a mobile robot using ZigBee for bed localization and drug identifica-
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tion based on a central processing unit (CPU) [21]. The key literature findings are that
human localization and robot navigation progress independently in the best way. The
major challenge is dynamic human localization [2] versus robot services [22], which has
been addressed by a few researchers. SLAM methods have been addressed in the last four
decades, and the navigation algorithm [23,24] is a subset of the data structure, as well as the
shortest path algorithm, tree algorithm, and graph models such as Dijkstra, A* algorithms,
and heuristic approaches. Bresson et al. [25] proposed an autonomous navigation method.
A challenge mentioned is that navigation methods for person-following mobile robots are
required in services. This challenge motivated the proposed research, and recent studies
have developed a person-following approach using computer vision methods [26].

The HRI final stage has been accomplished with computational devices, and active re-
search has been conducted using edge computation devices such as the Central Processing
Unit (CPU), Graphical Processing Unit (GPU), and field programmable gate array (FPGA).
Processing large amounts of data with a high computational speed is not sufficient with a
CPU. An FPGA offers parallel data processing with lower latency and power consumption,
making it ideal for real-time IoT features such as real-time sensor data collection, process-
ing, and communication for efficient and adaptive systems. The authors of [27] discussed
an FPGA-based smart delivery bot for goods, not medicine, utilizing sensors and the
Dijkstra algorithm for efficient navigation. The authors developed an Internet-of-Things
controlled robot using FPGA, enabling remote navigation via voice commands from a
mobile app, with sensor data uploaded to the cloud for task completion [28]. The authors
presented FPGA-based robotic accelerators as competitive alternatives to CPU and GPU
platforms [29,30], focusing on their performance and energy efficiency, while analyzing
optimization techniques and technical challenges within the robotic system pipeline, in-
cluding commercial and space applications [31]. By leveraging FPGA architectures, the
authors proposed an adaptive FPGA-based accelerator for human-robot interactions in
indoor environments.

Utilizing an FPGA as a hardware accelerator represents a significant advancement,
greatly enhancing computational speed and parallel processing capabilities. The emphasis
of this algorithm on FPGA technology makes it particularly suitable for real-time applica-
tion. The key contributions of the proposed approach are as follows:

e Novel Hardware Schemes are presented for static and adaptive human localization
analyses in indoor environments.

e  The proposed accelerator is a novel heuristic-triangulation-based navigation algorithm
for achieving adaptive SLAM.

e  FPGA-based accelerators are proposed for establishing interactions between human
localization and robot systems.

The research presented in this paper includes the following components. Section 1
outlines the background and motivation behind human sleep posture analysis using the
FPGA implementation. Sections 2 and 3 details the proposed methodology, including both
theoretical and hardware aspects. In Section 4, the proposed method is validated using
results related to the synthesis, power consumption, and experimental comparisons. The
final section summarizes the research findings and discusses future research directions.

2. Hardware-Based Algorithms

Human-service robot interactions are embedded with the localization of the hu-
man and robot and the robot provides services based on the navigation algorithm under
event-driven conditions. Hardware-based algorithms were developed to analyze human
localization in both static and adaptive scenarios. Based on human localization, the pro-
posed hardware-based triangulation-navigation algorithm was developed using a service
robot. Table 1 represents the related symbols and abbreviations used through out this
research work.
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Table 1. Proposed research-related abbreviations.

Symbol Abbreviation
S: ultrasonic sensors, as {H_. R, H_ L, A_R, A_L, R_.L&L_L}

Spr P: Position of sensor at Head (H), Abdomen (A), Limb(L)
R: Position at sides as Right ® left(L)

PP Past Position

CP Current Position

Sr Service Robot

Dest_ Node Destination Node

2.1. Hardware-Based Algorithm for Human—Robot Interaction

Figure 1 presents an overall flowchart of the proposed hardware-based human-robot

interaction (HRI). The proposed HRI methods depend on the localization of the subject (hu-
man) and robot. Human localization was performed using contactless sensing. Localization
is associated with both static and adaptive forms. The same information is transmitted to
the service robot. Before planning to serve the human, the service robot self-localizes based
on direction and triangulation methods. After receiving the coordinates of the human
localization, it navigates towards the destination using a triangulation-based navigation
algorithm. After the successful accomplishment of the task, it retrieves to its parking station
using the same navigation algorithm.

Subj .
Available

Yes|

Sensor

Robot
Localization

Fusion data

No

Binary
Classifier
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Left side
Postures

for Position

/StaM No

<>
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m——————
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Position
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_.[
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Figure 1. Flowchart of proposed hardware-based human-robot interaction.
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2.1.1. Hardware-Based Algorithm for Human Localization in an Indoor Environment

This portion focuses on determining human localization within an indoor environment.

The pseudocode for locating humans in various scenarios is outlined in Algorithm 1.
The explanation of the pseudocode in Algorithm 1 is represented in the form of a flowchart,
as shown in Figure 2.

Algorithm 1 describes the human localization process using a hardware-based algo-
rithm. As shown in Figure 1, sensor data were acquired using distance and PIR sensors
(line 1). All parameters were initialized with a reset and operated based on clk (lines 2
and 3). The proposed human-localization algorithm was executed when the PIR sensor
was evaluated for human availability. Distance sensor fusion was arranged in the form of
six-bit posture values. When the position values were more than two, the sleep posture
was considered (line 8). Sleep postures were classified in simple forms, such as supine and
left- and right-side sleep postures (lines 9 to 11). In addition to the sleeping posture, the
sitting posture is considered by the proposed algorithm (lines 12 to 18).

Algorithm 1: Pseudo code for Hardware-Based human localization

1. Initialize sensory fusion distance data

2. always @ (posedge clk) begin

3. {PIR, Human available, Position values, Two Positions, Sleep posture, sitting posture, one
hot} = 0.

4 state = INIT.

5. Case (state)

6. State_1: (PIR = 1)? Human available: state.

7 Case (Human available)

8 State_11: (Position values > Two Positions) Sleep posture: Sitting posture.
9

. Case (Sleep posture)
10. State_la: (Posture = 6'b111111)? Supine: State_1b.
11. State_1b: (Posture = 6'bxx0101)? Right side posture: Left side posture.
12. Case (Sitting posture)
13. State_las: (((Position && Time) = Static)? State static: Adaptive.
14. Case (State static)
15. State_al: (Position = one hot)? State_a2: Aliasing_pose.
16. State_a2: (Position = 6'dx)? Position Binary Classifier: state.
17. Case (Aliasing_pose)
18. State_b1: (Position = 6'dy)? Position Binary Classifier: state.
19. Case (Adaptive)
20. State_b11: if (count && CP == end position) begin
21. count && CP <= start position.
22. else {count <= count + 1, CP <= CP + 1}, {PP_n = CP}.
23. State_b12: (count = 0)? State static: State_b14.
24. State_b13: (CP = PP)? State static: State_b14.
25. State_b14: (CP = PP_n)? Position Binary Classifier: State b15.

26. default: state = INIT.
27. end case, End.

The sitting pose was evaluated based on the sensor distance, and its position was vital
to the service robot to analyze whether the subject is in a sitting posture at a static position;
if the subject traverses from one position to another, it is considered as an adaptive sitting
position, which has been evaluated based on the time and position parameters (line 13).
Adaptive positions were evaluated using lines 19-25. The static pose positions depend
on the coverage of the sensor fusion. The sensor coverage of sitting positions includes
complete individual sensors and aliasing situations (sensing of more than one human
sensor). Digital one-hot-based sensor fusion was evaluated for the subject position among
the six positions on the bed. Positions were classified using a binary classifier (line 16).
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In the aliasing situation, sensor fusion coverage with an encoded one-hot approach was

embedded and classified using a position binary classifier (line 18).

] Initi;

alize sensors |

Position
=0One hot

| Sitting Posture

5

Aliasing_pose

[

Position

N
x&y

X

Position Binary Classifier

Left

Pos _value

>2

Sleep Posture

side Posture

Supine Posture

Right side Posture

Final

Posture

Figure 2. Flowchart for hardware-based human localization.

The hardware-based adaptive sitting position analysis is the first of its kind to provide
better services using robots. Thus, the proposed method provides superior robotic services.
Count, past position (PP), and current position (CP) are parameters for adaptive sitting
position evaluation. The start position was initialized by sensors, and every step of the
movement from one position to another position was recorded until the subject stopped
moving (lines 20 to 22). Each stage’s past position was memorized as PP_n, and the
proportional adaptive time was registered as the count value. Adaptive current positioning
was then classified and shared with the updated new position of the service robot (line 25).
Table 2 presents the classification of the positions in the lines into a binary classifier using

sensor fusion data.

Table 2. Sensor fusion data for human localization.

Subject Seated at Hea(clli II{{)ight He(alflli];eft Abdmlelg)_Right Abd(zr:S\_Left Iilﬂ:{c) E(()Ixo;r Erfrtl:]:_o(vlfg
Top position of right 1 0 0 0 0 0
Top position of left 0 1 0 0 0 0
Middle position of right 0 0 1 0 0 0
Middle position of left 0 0 0 1 0 0
Lower position of right 0 0 0 0 1 0
Lower position of left 0 0 0 0 0 1
Aliasing top of right 1 0 1 0 0 0
Aliasing top of head 1 1 0 0 0 0
Aliasing top of left 0 1 0 1 0 0
Aliasing middle of right X 0 1 0 X 0
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Table 2. Cont.

Head_Right Head_Left Abdomen_Right Abdomen_Left Right Lower Left Lower

Subject Seated at (HR) (HL) (AR) (AL) Limb_(RL) Limb_(LL)
Aliasing middle of left 0 X 0 1 0 X
Aliasing lower of right 0 0 1 0 1 0
Aliasing lower of limbs 0 0 0 0 1 1
Aliasing lower of left 0 0 0 1 0 1

2.1.2. Hardware-Based Adaptive SLAM

The proposed hardware-based adaptive Simultaneous Localization and Mapping
(SLAM) was used to serve humans in an indoor environment. In robotics, localization and
mapping are embedded in navigation systems. In the generic approach, the robot navigates
to the destination early using robot navigation. In this process, SLAM plays a vital role in
allowing the robot to continuously update its localization. Based on the obtained path, it
plans to retain its route by mapping. When serving a human (subject), the subject changes
from one portion of the bed to another. In this regard, the proposed adaptive SLAM
approach was developed to serve adaptive situations according to human movement.

The proposed method was developed as a heuristic-type triangulation-based naviga-
tion algorithm to achieve an adaptive SLAM.

Figure 3 shows a service-based robot in an indoor environment, initially a robot at a
parking station. As mentioned in Algorithm 2, the robot executes services based on task
assignment. Standard services have been used during the COVID pandemic, such as service
robots serving subjects (humans) in isolation/individual. Standard tasks include food and
medical services along with standard timings. Simultaneously, the robot registers the tasks
of either food or medical services. As presented in Algorithm 2, the robot is assigned to
either a multitask or a single task in line 4. In the case of the multitask, the sorting of
the path is performed using the bubble sort technique, and the robot traverses to the task
point (line 7). SLAM retains its localization and is mapped in line with triangulation-based
navigation. The task coordinates were registered and utilized until the task was completed.
The path plan mapping was computed using the angles of the robot localization coordinates
and task coordinates (lines 9-13).

Service Service
Point Bed_1 7 Point Bed_1

Gateway

Bed g Gateway

o
ol

Bed_4 Bed_4
Bed_5 Bed_5
(@) Environment without navigation (b) Environment with SLAM

Figure 3. Triangulation-based navigation for service robots in an indoor environment. Different
colored lines shows the representation of receiving signals from all sensors.
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Adaptive SLAM was established once the robot received the delivery point (task
destination) in the traversing mode. The robot adapts its path based on the adaptive
movements of the subjects. If the subject moves to a new location, the robot can adapt
the path and travel to deliver the item (lines 14 to 17). The explanation of Algorithm 2
is represented in the form of a flowchart, as shown in Figure 4. The use of triangulation
navigation is shown in the lines presented in Figure 5. Triangulation navigation supports
the performance of static and adaptive SLAM, as indicated by Algorithm 2. Figure 5 shows
the subject in bed at various locations. Paths 3a and 3b are the shortest paths among the
path distance weights when the robot navigates. Similarly, the longest distances for the
robot navigating from the gateway to the destination of the task were paths 6a and 6b.
The robot moves back using the same route that it has taken to accomplish the task until
the endpoint of the gateway (i.e., the entrance gateway). It then transitions to the parking
station if no other tasks are scheduled. If any task is assigned, Algorithm 2 follows.

Algorithm 2: Pseudo code of hardware based Adaptive SLAM for robotic services

OO NT LI

Service Robot (Sg) initialize services and ready at parking station.
If (Task assigned)
Case (Task type)
State_1: (Task type = Multitask)? State_2: Static SLAM.
State_2: (Task sort)? Task destination: Task sort.
Case (Task_destination)
State_11: (Task_destination = Static Task sort _n)? State_12: Accomplished.
State_12: (Task_destination = Adaptive Task)? Adaptive SLAM: SLAM static.
Case (Static SLAM)
State_SS1: (Navigation sort_n = Task_destination_n)? Accomplished: State_SS2.
State_SS2: if (Current Node == Dest_ Node) begin
Current Node <= start position.
else {Current Node <= Current Node + 1}.
Case (Adaptive SLAM)
State_AS1: (Adaptive task)? Task assigned <= Adaptive task: Task_destination.
State_AS2: (Adaptive task sort)? State_AS3: State_AS2.
State_AS3: (Task destination <= Task sort)? Static SLAM: State_AS3.
end case, End.

Initialize onboard sensors &
Human L ization Task

Adaptive SLAM
control

Adaptive tek
= Task sorted)

kg

Adaptive
Task sorted

Task
assigned

i

Task destination

Y Task sorted

Task
Destinati

Y
SLAM

destination
Sort

Nodes

(current =
Destination)
Navigate to
next node

Nodes

Destination)

Accomplished Task

Figure 4. Flowchart for adaptive SLAM for robotic services.
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Figure 5. Path planning of service robots based on task in an indoor environment with different colors.

3. Hardware Schemes for Human—-Robot Interaction in an Indoor Environment

Section 3 deals with FPGA-based accelerators that are equivalent to accomplishing the
proposed hardware-based algorithms for human-robot interactions. Concurrently, human
and robot localization has been confined to different reconfigurable devices. The robot
continuously receives static or adaptive human localization because it navigates to the
destination using the triangulation approach.

3.1. Hardware Accelerator for Human—Robot Interaction

The proposed hardware accelerator is versatile for human—service robot interactions,
as illustrated in Figure 6. It was integrated with human localization, robot localization,
and navigation. In this research, two FPGA reconfigurable edge computing devices were
incorporated; the first of these was for the human, and the other was for the robot. The
pose control unit (PCU) is a part of the FPGA position for evaluating human localization.
This is performed using the lines in Algorithm 1. Initially, the algorithm was triggered
based on the PIR sensor information. Human availability was evaluated using PIR, which
enables human localization computations. Six ultrasonic sensors {SH_R, SH_L,SA_R, SA_L,
SR_L, and SL_L} were positioned on the roof to capture the human localization on the bed.
These sensors were triggered by the PCU, and echo signals were captured and digitized
at a distance from the sensor-distance fusion module. It is compiled with all the 20-bit
sensor distances in the fusion with respect to the event conditions. Human localization
was performed with five Processing Elements (PEs): sleep posture, static sitting position,
adaptive sitting position, aliasing sitting position, and position binary classifier. The PCU
verifies the classification of the subject during sleep or in the sitting position. Under these
conditions, humans are versatile in the sitting position. If the subject is at one position until
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the robot begins its services, it is considered as a static position with six-bit information.
Under certain conditions, the subject is positioned between two or three sensor coverage
areas, and the subject is considered to be in an aliasing sitting position. This was addressed
based on the maximum position zone. The adaptive sitting position evaluates the change
in position by the participant with respect to time. All positions were evaluated using a
position binary classifier and shared with the other end-edge computing device for human
localization using ESP8266. It is operated at 9600 baud rates with the UART protocol to
transmit the human localization details continuously.
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Figure 6. Overall hardware accelerator for human-robot interaction.

An FPGA reconfigurable edge computing device was placed on the robot. It operates
according to Algorithm 2. Four ultrasonic sensors {SF, SL, SR, and SB} were used on
board to sense the environment. A Robot Control Unit (RCU) plays a vital role under
various conditions. It triggers all the sensors and the communication module ESP8266.
The proposed service robot was assigned a task based on its timestamp. For example, a
robot can serve diabetic tablets based on the time at which the human wakes up from sleep
(evaluated based on human movements). All services are registered in DDR3 memory.
The AXI lite protocol was used to drive the data from memory. The pickup nodes were
registered as tasks. Task sorting is in the sleep module for a regular navigation path until
the human is positioned at a new location on the bed, compared to the previous destination
task. Task-sorting PE has been revamping route nodes with mapping as per the human
localization PE. Rerouted mapping nodes were provided to the navigation module. Robot
localization is another parallel task that self-evaluates an edge device by using sensory
information. Navigation develops a route according to the task nodes and robot localization
using triangulation-based navigation approaches. Simultaneous Localization and Mapping
(SLAM) was performed with 20-bit sensor distances and their fusion along with continuous
destination task estimation.

3.2. Hardware Schemes for Human Localization

Figure 7 presents the detailed human localization information with internal architec-
tures. The ultrasonic sensors were operated at a 40 KHz frequency and captured at a rate
of 1/8 s. Distance data fusion was captured and stored in FIFO {H_R to L_L}. Prior to
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normalizing the six sensors’ distance as 6'bxxxxxx, it had been decoded as in the sleep
position. For Sitting position at different levels, the sensory digital value is given as ‘1’
when it is in the availability range. Otherwise, this value is ‘0’. The sampling data are
presented in Table 2. These data were used to classify either sleep or sitting postures using
a pose-selection encoder. Sleep postures have been presented. There are more than two
positions and the sensor data logic value is “1”. Then, it enables the sleep posture PE. Sensor
data have been compared with the reference FIFO data on sleep posture, including supine
posture (SP), left-side posture (LP), and right-side posture (RP), and they are encoded and
transferred to the position binary classifier.
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Figure 7. Internal architecture of the human localization process.

A pose-period encoder distinguishes between static and adaptive position modules.
The static position has been presented in two ways: the static sitting pose PE and aliasing
sitting pose PE. In the static sitting position PE, real-time sensor data were compared with
the reference FIFO position. Similarly, aliasing and adaptive approaches have been used.
To replace the sitting PE, an encoder was designed along the logic computation module.
The logic computation module normalizes the aliasing coverage data with the adjacent
higher grouping logic ‘1". e.g.,, when HR =1, HL = 1, and AR = 1 is 6/'b111000, the subject
is sitting in the cross mode between the left and right sides of the bed. Normalization
confines the subject’s position to the right side of the bed. The adaptive position was
confined to the pose period and the array of sensor data were compared. For example, if
the subject initially sat at the HR, the sensor data weere presented as 6'b100000 at time
T. It compares the subject’s movement from one position to another over time. The same
is true for the PBC module. In this case, T + 1 with 6'b001000 and T + 2 with 6'b000010
indicate moving around the right side of the bed. Finally, the human was positioned at the
right-limb coverage spot (RL). The relative information is shared with a binary classifier,
and human localization is provided to the robot through IoT communication. The position
binary classifier has been continuously evaluated in lines [32,33] of the binary search.
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3.3. Hardware Schemes of Robot Localization and Triangulation-Based Navigation

Figure 8 shows the internal hardware schemes for robot localization and navigation.
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Figure 8. Hardware scheme robot localization and triangulation-based navigation.

The real time sensor data of robot localization is represented in red color lines where
as human localization is represented in blue color. The processing of data inside the archi-
tecture is represented in different colors. The environments were sectioned into sectors
(sec_1...sec_n). Each sector was divided into multilevel sectors, e.g., sec_4 into sec_4_1 to
sec_4_n. Robot localization was performed by comparing the real-time sensor fusion data
and the location of the reference sector (s _1 to s _4_5). Human localization PE provides
the destination of the human position, which is used for the assigned task. Every node
has been considered a destination, and all sub-destinations (Des_1. .. Des_4_5) are routed
to the end destination (Des-end), which has been assigned as the task. Concurrently, the
time-stamp task assignment is aligned with human localization PE as a task assignment.
The assigned tasks were sorted according to bubble sorting techniques. A task-based bub-
ble sorting technique was constructed using eight register arrays and shifters. Four clock
cycles were used to obtain the task-based sorted information. The information was shared
with the mapping control unit to develop the route maps. Route maps were established
based on triangulation-based navigation using a CORDIC IP core. The robot localization
output is driven into the CORDIC and Euclidean distance computation modules. Trian-
gulation computation inherent modules are CORDIC, which have been computed with
32 bits for the angles and their square root of distance calculation. Based on the task sort,
information route maps were registered as static routes and adapted for routing in SLAM
lines. Euclidean distance computation is performed with the two-bit navigation control
and it estimates the distance with 32 bits between two nodes. The same procedure was
performed by mapping the control unit to update the route maps. As shown in Figure 5,
CORDIC and Euclidean provide an accurate distance to travel by the robot. The longest
route from the gateway to the destination in the service sector is on the right side of the
bed at the HR sensor-coverage node. Concurrently, an on-board reconfigurable computing
device provides distances as paths 4a and 4b. The travel distance was evaluated using
an odometer-based soft code as part of the execution unit. The execution controls the
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left and right motors of the robot with four bits each (two-bit acceleration control and
two-bit direction).

4. Results

The proposed human-robot interaction was developed with FPGA-based accelerators.
Human localization was evaluated at one edge of the FPGA device, and the robot on the
other side on board was directed to the right destination (human positions) under both
static, adaptive, and even driven conditions. The validation of the proposed algorithms is
discussed in Section 2 and the hardware schemes are discussed in Section 3. The results
were obtained with resource utilization at both ends along with power consumption. An
experimental setup was established as a platform for validating the proposed algorithm in
the form of experimental studies.

4.1. Resource Utilization

The proposed HRI utilizes Xilinx products from the Xilinx University program. The
hardware accelerator proposed in Section 3 was developed with equivalent code by using
Verilog HDL and was tailored as per the proposed HRI. The functional verification of the
system was performed using the Xilinx simulator; Xilinx tools were used for the synthesis
and implementation steps.

The reconfigurable devices are part of the Xilinx Zynq family, and their design has
been mentioned by Xilinx (San Jose, CA, USA) as an XC7Z020-1CSG484 Zed board. The
proposed approach utilizes the processing system (PS) to capture time-stamped tasks
while executing the services. Control logic and interfacing were performed using the
programming logic (PL) of the zed-board device. PS and PL were interfaced at the system
level using the AXI lite protocol for synchronization at the complete system level. The
Block RAM (BRAM) (140 blocks, 36 kb equal to 4.9 Mb) and 220 Digital Signal Processing
(DSP) slices were on the zed board, which has been utilized to a certain extent to pursue
this method.

Resources are consumed in the execution of human localization, as mentioned in
Table 3, and robot localization and navigation are listed in Table 4. Among the comput-
ing methods, edge computation provides the fastest and most accurate method; FPGA
reconfigurable devices consume less power and perform concurrently [34-36]. FPGAs for
HRI solutions are the first to provide solutions under adaptive position—event conditions.
Consumption in an FPGA was evaluated using lookup table (LUT), Block RAM (BRAM),
and Digital Signal Processing (DSP) slices. Human localization consumed LUT (48%),
BRAM (42%), and DSP slices (38%). Similarly, robot localization and navigation were used
for LUT (57%), BRAM (46%), and DSP slices (39%).

Table 3. FPGA resource utilization for human localization accelerator on Zed board.

Module LUT BRAM DSP Slice
External modules and pose control unit 5246 14 22
Sleep posture PE 2714 06 08
Position binary classifier PE 1846 06 10
Adaptive sitting position PE 6330 18 18
Static and aliasing sitting position PE 4702 08 16
Execution modules, UART, and display 4342 6 08
Total 25180 58 82
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Table 4. FPGA resource utilization for robot localization and navigation accelerator on Zed board.

Module LUT BRAM DSP Slice
External modules and robot control unit 5246 14 22
Human localization PE 4404 10 12
Task assignment and sort PE 3916 12 10
Robot localization PE 5140 08 18
Triangulation navigation PE 7268 14 16
Execution modules, UART, and display 4342 6 08
Total 30,316 64 86

Figures 9 and 10 show the details of the consumption of each module as percentages.
The adaptive sitting position PE for human localization and triangulation navigation PE for
service robot implementation consumed the highest resource utilization. The architectures
of service robot localization and navigation-based adaptive target positions were deployed
in the FPGA and are presented in Figure 8. Table 3 and Figure 9 illustrate human localization
resource utilization. Control units and interfacing implicit communication modules, such
as UART, are consumed, as described above. The resource utilization of the other modules
was as follows: sleep posture PE (11%, 10%, and 10%), position binary classifier PE (8%,
10%, and 12%), adaptive sitting position PE (25%, 31%, and 22%), and static and aliasing
sitting positions PE (18%, 14%, and 20%). Similarly, Table 4 and Figure 10 show the device
consumption as LUT, BRAM, and DSP slices of FPGA-based robots, such as the external
modules and robot control unit (17%, 22%, and 25%), human localization PE (15%, 16%,
and 14%), task assignment and sort PE (13%, 19%, and 12%), robot localization PE (17%,
12%, and 21%), triangulation navigation PE (24%, 22%, and 19%), and execution modules,
UART, and display (14%, 10%, and 9%).

Human Localization Accelerator
Resource Utilization

External Modules Sleep Posture PE Position Binary  Adaptive Sitting Static & Aliasing Execution
& Pose Control Classifier PE Position PE  Sitting Position PE Modules, UART &
unit Display

40
35
30
25
2
1
1

U ©o u O

HLUT mBRAM mDSP Slice

Figure 9. Resource utilization of human localization accelerator.
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Figure 10. Resource utilization of robot localization and navigation accelerator.

Figure 11 illustrates the power consumption of a human localization accelerator of
1.2 watts. The power consumption was registered using the Xilinx power estimation tool.
The power consumption details of each hardware module are provided in percentage form
in the pie chart in Figure 11. The adaptive sitting PE consumed 27% power; compared to
other modules in human localization tasks, this value is high. The power consumption
details of the other modules were as follows: pose control (23%), PE (18%), position binary
classifier PE (12%), static and aliasing sitting PE (14%), and execution (6%).

Power Consumption of Human Localization

4

m Pose control m SLEEP PE = Classifier PE

Adaptive PE m Static & Aliasing m Execution

Figure 11. Device power consumption of human localization accelerator.
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Figure 12 shows the power consumption of the service-based robot localization and
navigation accelerator. The overall device consumes 1.8 watts of power and presents the
consumption of each module in percentage form, whereas the control unit and execution
consume the same amount of power. The preferred tool is XPE, and the power consumption
of each module is as follows: human localization (12%), task assignment and sorting
(16%), data driven from the PS through the AXI protocol, robot localization (18%), and
triangulation-based navigation PE (25%). Triangulation PE consumes more power than the
other modules on the FPGA-based robots. The interfacing and control unit modules had
the second highest share of power consumption.

Power Consumption of FPGA based Service Robot

m Robot Control = Human Localization = Task Modules

Robot Localization = Traingulation m Execution

Figure 12. Device power consumption of service-based robot localization and navigation accelerator.

4.2. Experimental Results

This section describes the experimental setup for human and robot interactions based
on their localization under static and adaptive conditions.

4.2.1. Experimental Setup

Figure 13 presents the experimental setup with two parts: one regarding the human
posture and position analysis setup and another regarding the service-type FPGA-based
robot. The human localization process is illustrated in Figure 13a,b. The service-based robot
is shown in Figure 13c. A real-time experimental setup was used for the proposed hardware-
based algorithms validated with the experimental setup in Figure 14a—d. Figure 14a shows
the sensor coverage bed for capturing the human posture and positions. Figure 14b presents
the human reverse supine sleep posture and the subject in the HL sensor coverage area in
Figure 14c. The other subject was positioned in the RL sensor coverage area at the same
time as the robot travelled to serve the subject.

Both experimental setups were embedded with ultrasonic sensors to capture human
positions and explore the environment. The major experimental setups are sensing devices
and other auxiliary devices such as a digital compass and PIR. The ultrasonic sensors
were operated at 40 KHz and 5 volts, and the sensor array was operated using FPGA
control units. A digital compass was deployed on the FPGA-based service robot to estimate
the angles, which was also applied to CORDIC. Implicit communication was performed
between the two devices using the ESP8266 Wi-Fi modules operated at a baud rate of
9600. The main unit in the proposed method is the FPGA. Xilinx-manufactured FPGAs
are edge-computing devices, as mentioned in Section 4.1. The other parts of the robot
experiment were embedded with two driven wheels and driving circuits, based on the
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control logic received from the triangulation-based navigation algorithm module. This
is operated with driving circuits with LED acid batteries at 24 V/7 Amp. These batteries
are charged every 6 h, and the operational time can be improved by replacing it with new
battery technology. The FPGA and sensors are powered around 3.3-5 V from batteries
through voltage regulators using 7805 IC modules. Figure 14c,d show the experimental
details about the proposed hardware approaches. The robot frame was developed in
in-house by local design experts. The robot frame has three layers: a bottom layer with
batteries and voltage regulators, a middle layer with computational devices, and a layer on
top of the service robot where service modules were positioned.

TOP VIEW

> Ultrasonic
sensor

/sem{pairs
AL&AR\‘NL&HRW - - +—» Digital Compass
W h|> & A ).

3 i

—>» ZedBoard

Driver
circuit
— Battery

—> Robot frame

> Wheel

SIDE VIEW

(a) Top View of Sleep posture (b) Top view of sensor data (c) Robot frame

Figure 13. Human and robot interaction experimental setup.

(a) No subject available (b) sleep posture (c) sitting at static position (d) Robot serving towards subject

Figure 14. Real-time experimental setup of human and robot interaction.

4.2.2. Experimental Results of Human and Robot Interaction at Static Position

The FPGA-based robot services towards human localization at static positions are
shown in Figure 15a-h. The versatile approach of the proposed method is that duo FPGAs
are performed concurrently and communicate regularly through IoT modules. The FPGA-
based robot initially triggered it to navigate from the parking point with respect to the
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timestamp task assignment, as illustrated in Figure 15a. Implicit communication has
continued with the human localization analysis of FPGA accelerator devices.

(a): Start (b): Sector 2 Entry (c): Pickup node (d): Pickup

(e): Gateway (f): Navigation (8): Delivery node (h): Return navigation

Figure 15. (a-d) Demonstration results of robot navigation from parking to pick up. (e-h) Demon-
stration results of human and robot interaction at static position.

The navigation was performed in lines of TNA to pick up the food/medicine drives
towards sector 2, as presented in Figure 15b. The navigation in sector 2 continued until the
pickup node was reached (Figure 15¢) and the robot waits until the human positioned the
food (PIR and ultrasonic sensor signal patterns were evaluated) on the robot (Figure 15d).
The mapping module in Figure 8 provides a route map for navigating from sector 2 to
sector 3 (gateway). Robotic turns are continuously evaluated by the CORDIC modules, and
the distance to travel is provided by the Euclidean distance for successful navigation. Robot
localization and self-positioning, along with kinematics and movements, are operated with
robot control, and the positions are corrected based on the TNA with CORDIC modules.

The robot navigates from the gateway entry (Figure 15e) to sector 4 (Figure 15f) of
the delivery bed and human localization. Based on human localization, a route map
was mapped, and SLAM was performed using TNA to reach the destination point, as
shown in Figure 15g. Similar to the pickup node, the human pattern identification of
the subject indicated that food and medicine were collected. The proposed environment
was considered ethical and not false or misleading in the collection of foods/medicines
by the subjects. The FPGA-based robot returned from the delivery node to the parking
station using a reroute with similar mapping techniques, as shown in Figure 15h. The
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return navigation by the FPGA adapts the mapping modules and TNA to reach the parking
station. When the continuous task assignment continues to the robot, it is performed
according to the assignments. In this approach, the delivery modes are inclined toward
first-come, first-serve methods.

The static human-position-based services provided by the FPGA-based robot demon-
stration are as follows: https://www.youtube.com/watch?v=xjKW{pmPIU (accessed on
25 September 2024).

4.2 3. Experimental Results of Human and Robot Interaction at Adaptive Position

A demonstration of the adaptive-based position service by the FPGA-based robot
is shown in Figure 16a-h. Similar to the previous experiment, it starts and collects the
essential material from the pickup node (Figure 16a) and the navigates through gateway
(Figure 16b). Adaptive human localization was initially observed at the HL sensor coverage
area (Figure 16c). When the subject is in continuous motion, the human localization-
side FPGA shares information with the FPGA-based robot. In this study, we considered
coverage up to 50 cm from the bed. This coverage was provided to avoid false positives
during the inference stage using the proposed method. The FPGA-based robot adapts to
adaptive human localization, and proportional adaptive SLAM was performed (Figure 16e).
In this demonstration, the subject reached the destination node as the RL coverage point
(Figure 16f). The time duration was recorded to determine the rate of speed of the subject
switching from one sensor to another, and the proportional total duration captured from
the HL to RL nodes was 14.20 s. The robot moves from the delivery point to the parking
station/next task point (Figure 16g,h). The experimental results are as follows: https:
/ /www.youtube.com/watch?v=cPasjy0F528&t=14s (accessed on 25 September 2024).

Table 5 presents a qualitative analysis comparing the contributions of various studies
in this field of interest. Adaptive human localization-based services using autonomous
robots have drawn attention owing to their effectiveness. In this regard, researchers are
working on analyzing subject/human posture position groups [20,37-39]. Other robotics
have been developed to serve subjects with different interaction methods, using face
recognition and other methods. The integration of both ends has been attempted by very
few researchers [40,41]. The proposed research contribution involves integrating both
human localization and FPGA-based robot services; it is first of its kind to use adaptive-
based robot services. FPGA edge computation provides better results than the other
computation methods at the inference level [30].

The edge device clock frequency = 100 MHz, voltage applied for the device=3.3V,
switching capacitance = 4.41 PF, dynamic power (P_dynamic) = 0.96 W, static power
(P_static) = 0.24 W, and total power consumed for human localization is 1.2 W. The number
of pipeline stages in hardware (S) is eight, clock time (Tclk) is 10 ns, and latency per iteration
(S x Tclk) is 80 ns. The total number of iterations (IN) was 30, and the total latency as
(N +S — 1) x Telk was 370 ns. The number of correct predictions was 29 and the total
number of predictions was 30. The resulting accuracy was 98.4% and the error rate was 1.6%.

No of Correct Predictions

Accuracy = Total Prediction x 100 = 98.4% (1)
No of Correct Predictions 29 o
Error =1 — Total Prediction x100=1— 30 = 1.6% 2)

The average response time for each path is represented as static in Figure 17 and
adaptive in Figure 18. The time responses are the same up to the early delivery node,
based on the Euclidean distance triangulation navigation towards various nodes around
the bed. The return response time was the critical return time. The average response time
of adaptive human-robot interaction (HRI) presents adaptive human localization and robot
navigation. The adaptive response time changes when humans move from nodel to node4;
its critical path and time response is 5 min 10 s.
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(a): Pickup (b): Navigation gateway (c): Subject @ HL (d): Subject @motion

(e): Adaptive SLAM@ RL (f): Delivery @ RL (8): Robot reroute (h): Robot @ parking

Figure 16. (a-h) Demonstration results of human and robot interaction at adaptive position.

Average response time of static HRI
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Figure 17. Average response time of human-robot interaction at static conditions.
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Average response time of Adaptive HRI
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Figure 18. Average response time of human-robot interaction at adaptive conditions.

5. Conclusions

In this article, we presented a service-based human-robot interaction system in health-
care environments. The proposed methodology successfully addresses a solution for
human-robot interactions in delivering a task by analyzing adaptive human positions in a
static or dynamic manner. FPGA-based accelerators have been developed as key solutions
to address the challenges in healthcare assistance. Equivalent hardware accelerators were
developed and deployed on a Xilinx FPGA XC7Z020-1CSG484 Zed board. The resource uti-
lization of the proposed HRI for a human localization accelerator on a Zed board consumes
48%, 42%, and 38% for the LUT, BRAM, and DSP slices, respectively. Similarly, the robot
localization and navigation consumed 57%, 46%, and 39% of the LUT, BRAM, and DSP
slices, respectively. The device power consumption of the human localization accelerator
is 1.2 watts and that of the service-based robot localization and navigation accelerator
is 1.8 watts. The proposed human localization and triangulation navigation algorithm
with parallel computing provided 98.4% accuracy compared with previous methods. In
the future, the proposed method could be integrated with partial reconfigurations for
multi-tasking services.
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Abstract: Defects in photovoltaic (PV) panels can significantly reduce the power generation efficiency
of the system and may cause localized overheating due to uneven current distribution. Therefore,
adopting precise pixel-level defect detection, i.e., defect segmentation, technology is essential to
ensuring stable operation. However, for effective defect segmentation, the feature extractor must
adaptively determine the appropriate scale or receptive field for accurate defect localization, while the
decoder must seamlessly fuse coarse-level semantics with fine-grained features to enhance high-level
representations. In this paper, we propose a Progressive Deformable Transformer (PDeT) for defect
segmentation in PV cells. This approach effectively learns spatial sampling offsets and refines features
progressively through coarse-level semantic attention. Specifically, the network adaptively captures
spatial offset positions and computes self-attention, expanding the model’s receptive field and
enabling feature extraction across objects of various shapes. Furthermore, we introduce a semantic
aggregation module to refine semantic information, converting the fused feature map into a scale
space and balancing contextual information. Extensive experiments demonstrate the effectiveness of
our method, achieving an mIoU of 88.41% on our solar cell dataset, outperforming other methods.
Additionally, to validate the PDeT’s applicability across different domains, we trained and tested it
on the MVTec-AD dataset. The experimental results demonstrate that the PDeT exhibits excellent
recognition performance in various other scenarios as well.

Keywords: photovoltaic panel defects; defect segmentation; deformable attention; feature aggregation

1. Introduction

Defects in photovoltaic (PV) cell substrates can reduce photoelectric conversion ef-
ficiency, leading to a decrease in system power generation [1]. These defects may also
cause uneven current distribution in localized areas, resulting in hotspot effects [2]. This
abnormal temperature increase in defect regions not only further decreases power genera-
tion efficiency but can also damage PV panels and even pose safety hazards, such as fire
risks. Therefore, incorporating defect detection technology in PV quality control processes
is crucial for identifying and preventing such defects in advance, ensuring the efficient
and safe operation of PV systems. Defect segmentation (pixel-level defect detection) [3]
provides detailed information about defects, including their precise location, shape, and
size. With accurate segmentation data, PV manufacturers can detect potential issues in
the panels early, preventing further problems and losses during the system’s operational
phase [4]. This not only boosts the economic benefits for enterprises but also contributes to
the sustainable development of clean energy.

Recent research has utilized deep learning-based segmentation models [5-15] to seg-
ment defects in solar panels. Compared to manual inspection, deep learning techniques
offer significant advantages. First, deep learning can automatically process and analyze
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large amounts of data, greatly improving inspection efficiency, especially in large-scale
production settings. Second, deep learning models exhibit high consistency and precision
in identifying complex features, avoiding fatigue and subjective errors that are common in
manual inspections. Additionally, deep learning can continuously optimize and improve
through data training, adapting to new types of defects and changing environments, which
manual inspection cannot match in terms of adaptability and continuous improvement.

However, current defect segmentation algorithms still struggle with detecting elon-
gated cracks and tend to miss or falsely detect small flaws around grid lines. During
the feature extraction stage (encoding phase), Convolutional Neural Networks (CNNs)
are limited by their fixed position sampling of input features. This constraint makes it
difficult for models to handle fine-grained recognition tasks like detecting elongated cracks,
leading to confusion or the loss of important features [3]. Although Vision Transformers
(ViTs) [16] have been proven to effectively capture long-range feature relationships, the
dense attention mechanism in ViTs results in high memory and computational costs. In
the feature fusion and upsampling stage (decoding phase), the transmission of high-level
semantic information to shallow layers gets disrupted and diluted by a large number of
local patterns in the shallow layers [17].

Therefore, learning-based methods for PV defect segmentation need to address the
following challenges. First, in the feature extraction phase, the encoder needs to adaptively
select feature sampling locations. Second, in the feature fusion and upsampling phase, the
decoder must refine features based on coarse-level semantics and prevent the dilution of
fine-grained information.

In this paper, we propose a novel Progressive Deformable Transformer, dubbed PDeT,
to effectively learn the offset of spatial sampling positions and progressively refine fea-
tures based on coarse-level semantics for enhancing defect segmentation in PV panels.
Specifically, we employ a deformable self-attention module in the encoder, which gener-
ates reference points as a unified network and takes query features as input for learning
offsets, generating corresponding offsets for all reference points. In this way, the candidate
keys/values can focus on defect regions and other crucial areas, enabling precise localiza-
tion of defect features in complex backgrounds. This module is more flexible and efficient,
allowing the dynamic adjustment of attention regions, thereby capturing the edges and
details of defects more effectively and improving the accuracy of segmentation. In the
decoder, we introduce a semantic aggregation module that combines feature differences
across four different scales, reassembling coarse-level features with fine-grained ones. This
approach effectively distinguishes between background and defect features in PV panels,
providing clear and detailed spatial boundaries without losing semantic information. Our
PDeT is capable of flexibly adjusting spatial sampling positions and progressively refining
feature extraction using coarse-level semantic information, thereby improving the accuracy
and reliability of PV defect detection.

The main contributions of this paper are summarized as follows:

* A progressive deformable Transformer is proposed to achieve high-quality segmen-
tation of PV panel defects, significantly enhancing the ability to detect complex
defect features.

¢ A deformable self-attention module is introduced to adaptively learn spatial feature
sampling locations. This module adjusts sampling positions based on the shape and
structure of input features, flexibly capturing irregular or deformed features.

e A semantic aggregation module is designed to ensure the retention and integration of
both coarse and fine-grained information, effectively balancing these features while
incorporating contextual information for better segmentation accuracy.

We conducted extensive experiments to validate the effectiveness of the introduced
modules. On the solar cell defect dataset, our model achieved 88.41% mloU. Additionally,
we also conducted training and evaluation on the MVTec-AD [18] dataset. The experimental
results indicate that the PDeT demonstrates exceptional recognition capabilities across
different scenarios.
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2. Related Work

This paper focuses on photovoltaic defect segmentation using a Vision Transformer
backbone. To provide context, we present a brief overview of relevant research in this area.

2.1. Photovoltaic Defect Segmentation

The photovoltaic industry has extensively adopted deep learning-based methods for
defect detection, offering significant improvements in both detection efficiency and accuracy
compared to traditional approaches. By analyzing features from large-scale datasets, deep
learning enables the precise identification of defects in photovoltaic panels. Tang et al. [15],
for instance, used limited samples to generate high-resolution electroluminescence images
and employed CNNs to automatically classify defects. Jiang et al. [13] proposed an m-
shaped architecture to extract and fuse shallow and deep features in segmentation networks,
incorporating an attention module to suppress the photovoltaic background and improve
segmentation accuracy. Xie et al. [12] embedded a domain discriminator into the CNN
to distinguish between data domains, allowing the feature extractor to learn domain-
invariant features. Pratt et al. [19] evaluated four deep learning models (U-Net, PSPNet,
and DeepLabv3+) for detecting cracks, inactive areas, and grid line defects in photovoltaic
panels. Jha et al. [11] introduced a semi-supervised semantic segmentation method for
defect detection with limited labeled data, significantly reducing manual annotation costs.
Kaligambe et al. [10] developed a lightweight CNN model and compared its performance
against a fine-tuned VGG16 model. Fioresi et al. [8] used ResNet50 and DeepLabv3 as
backbone networks and segmentation decoders to identify defects such as cracks, contact
interruptions, cell interconnection failures, and contact corrosion in both polycrystalline and
monocrystalline silicon cells. Chen et al. [7] fine-tuned a U-Net model with a pre-trained
VGG16 encoder, achieving excellent segmentation results for cracks and busbars. Similarly,
Zhang et al. [6] refined CNN-extracted features using a global pairwise similarity module
and a connection saliency module, enhancing defect detection in photovoltaic images.

2.2. Vision Transformer

The Vision Transformer (ViT) [16] has revolutionized computer vision tasks by lever-
aging the self-attention mechanism originally designed for natural language processing.
By treating images as sequences of patches, ViT captures global context more effectively
than traditional convolutional neural networks (CNNs). However, the high computational
complexity and large data requirements have led to the development of more efficient
Transformer variants. One such model is the Data-Efficient Image Transformer (DeiT),
introduced by Touvron et al. [20], which improves the training process of ViT through data
augmentation and advanced techniques, making it more suitable for smaller datasets.

In addition to image classification, ViT has been successfully applied to tasks like object
detection and segmentation [21,22]. To enhance Transformer-based architectures further,
Liu et al. [23] developed the Swin Transformer, which utilizes a hierarchical structure
and local window self-attention, significantly improving computational efficiency and
achieving state-of-the-art performance across multiple benchmarks.

Beyond these advancements, the neighborhood attention Transformer [24] offers
an alternative approach by refining local attention mechanisms. Unlike the standard
self-attention mechanism that emphasizes global information, NAT focuses on attention
within local neighborhoods, making it particularly effective for tasks requiring fine-grained
feature extraction. In summary, while ViTs laid the foundation for Transformer-based
models in computer vision, optimizations in models like the DeiT, Swin Transformer, and
neighborhood attention Transformer have addressed challenges such as computational
complexity and fine feature extraction, broadening their applicability to a wider range of
visual tasks.
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3. Methodology

In this section, we delve into the specific architecture of the proposed Progressive
Deformable Transformer (PDeT) designed for photovoltaic panel defect segmentation.
The ViT [16] was the first to demonstrate the viability of Transformer mechanisms in
computer vision. Unlike CNNs, Transformer-based models, with their Multi-Head Self-
Attention (MHSA) mechanism, excel at capturing long-range dependencies, making them
particularly effective for target localization. Building on this foundation, we introduce
a deformable sampling operation before the MHSA in each Transformer encoder. This
operation enables the network to focus more effectively on relevant regions. In the decoder,
we propose a semantic aggregation module, which enhances the fusion of multi-stage
features, improving overall segmentation accuracy. The following subsections will provide
a detailed explanation of the network framework, the Deformable Transformer Block, and
the Semantic Aggregation Block.

3.1. PDeT Owverall Architecture

Our PDeT follows the widely used encoder—decoder structure. The encoder extracts
feature information from the input image, while the decoder progressively restores the
spatial dimensions to generate pixel-level segmentation results. As illustrated in Figure 1,
the input image of shape H x W x 3 is first processed through two convolutional and
normalization embedding layers, producing patch embeddings of size H/4 x W/4 x C
(where C = 128). Each convolution employs a kernel size of 3 x 3, with a stride of 2 and
padding of 1, expanding output channels from 3 to 64 and then to 128. To construct a multi-
level feature pyramid, our backbone is organized into four stages, each with a progressively
increasing stride. Each stage comprises N stacked neighborhood attention Transformer
blocks (NATs) [24] and Deformable Transformer Blocks (DTBs). In our implementation,
{Nj, N, N3, Ny} are set to {1,2,9,1}, respectively. The feature maps extracted at each
stage are downsampled by a factor of 4, 8, 16, and 32 times the input size, denoted as
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HxW x3
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Figure 1. Overall architecture of the proposed PDeT for photovoltaic defect segmentation.

Next, we aim to seamlessly fuse and upsample the multi-level features in the decoder
stage. We employ the Semantic Aggregation Block (SAB) to fuse adjacent features { f;, fi+1},
with the output serving as the input to the subsequent SAB. This process reduces inconsis-
tencies between feature levels, allowing coarse-level semantic information to effectively
refine finer features, thereby achieving a balance between global semantics and local details.
The output from the encoder is processed through two rounds of bilinear interpolation and
convolution operations to generate the predicted output.
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3.2. Deformable Transformer Block

Before introducing deformable attention into the Transformer, we will first review the
vanilla MHSA mechanism in the Transformer. Given an input feature map x € RHXWxC
the MHSA mechanism with M attention heads is applied, where each attention head
independently learns different relationships. The outputs from these attention heads are
then concatenated. The vanilla MHSA mechanism can be formulated as follows:

q= qufk = XWk,U = XWU,
gmKmT

Vd
y= concat(y(l),- . ,y(M) )Wo,

yom) — softmax< >v<m>,m c(L..M}, "

where d = % represents the dimension of each attention head, and q(m), k(’"), v(™) denote
the query, key, and value embeddings, respectively. The output of the m-th attention head
is represented as y("). The learnable parameters W,, Wi, Wy, W, € REXC are the projection
matrices for the feature embeddings. The formulation for the i-th Transformer block is
given as follows:

v = MHSA(LN(y; 1)) +¥i-1,

yi = MLP(LN(y})) + v},

where LN(-) represents Layer Normalization [25], MHSA(-) denotes the MHSA mechanism
in Equation (1), and MLP(-) is the MLP with two linear layers.

Despite the vanilla MHSA mechanism’s effectiveness in capturing global information,
it has certain limitations when processing local features and irregular shapes. To address
these issues, we incorporate deformable operations into our PDeT. Deformable operations
allow flexible attention adjustments, enabling the model to better focus on critical infor-
mation. This is especially effective for handling complex or irregular features in PV defect
segmentation. Next, we will provide a detailed explanation of how deformable operations
are integrated into MHSA to enhance the performance of Transformer models.

As shown in Figure 2, our goal is to enable the key—value pairs to adaptively sample
feature information based on offsets provided by the offset network. First, given the
input feature x € R"*WxC 3 uniform grid of reference points r € RH*"Wr*2 s generated.
This grid is downsampled by a factor of relative to the size of the input feature, where
H, € % and W, € ¥ The values of the reference points correspond to 2D coordinates
(0,0),...(H, — 1, W, — 1). The ranges of the two dimensions, [0, (H, —1)] and [0, (W, — 1)],
are then normalized to [—1, 1], where (—1, —1) represents the reference point at the top-
left corner and (+1, +1) represents the reference point at the bottom-right corner.
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Figure 2. Detailed structure of the Deformable Transformer Block (DTB).
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Next, we need to obtain the offsets for each reference point. We start by using Wy
to generate the query tokens g, which are then input into the A, ¢f5; module to learn the
offsets for the reference points. This module consists of a depth-wise convolution, a GELU
activation function, and 1 x 1 convolution, resulting in an output with the same shape as
the reference points. The calculated offsets are then added to the reference points to derive
the positions of the deformable points. Sampling is performed at these deformable points,
and the keys and values are computed using the projection matrices. At this stage, we
obtain the deformable keys k and values #, which are combined with g to compute the
MHSA. Consequently, Equation (1) is updated to:

q = xWg, k = ZW, 5 = IW,
Ap = Aoffset(‘])r ®3)
X = q)(x/'p + AP)/

where A, represents the offset of the reference point, p represents the position of the
reference point, and ¢(a;b) denotes the sampling result at location b in the feature map a.

This deformable operation enables the Transformer structure to adaptively sample
based on the query features, allowing the model to flexibly adjust the shape and position
of the self-attention, particularly when handling features that span large scales. More-
over, by integrating the deformable operation, the only component that introduces a small
number of learnable parameters is the A,fssr module. This is one reason why we em-
ploy lightweight depth-wise convolution, ensuring that the model remains efficient while
maintaining performance.

3.3. Semantic Aggregation Block

The encoder of our PDeT incorporates multiple stages to generate feature maps at
different hierarchical levels. To progressively fuse the feature maps extracted from each
stage, we integrate the Semantic Aggregation Block (SAB), which extracts and merges
features across these levels. This block effectively preserves coarse semantic information
while retaining fine-grained details, ultimately leading to high-quality segmentation results.
Figure 3 illustrates the detailed structure of the SAB.

Semantic Aggregation Block
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Figure 3. Detailed structure of the Semantic Aggregation Block (SAB).

The SAB processes feature maps from two different stages, f; and f;,1, where
i € {1,2,3}. We first align the channel dimensions of the feature maps into C = 256
via a1 x 1 convolution. Then, a bilinear interpolation is applied to upsample the higher-
level semantic feature f; 1, resizing it to match the dimensions of the lower-level feature
fi. These operations lay the groundwork for subsequent feature fusion. The interpolated
feature is then added to the lower-level feature, followed by a 3 x 3 convolution layer for
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initial feature extraction. This step not only enhances the fused feature representation but
also captures richer detail information. The process is formulated as:

f' = Conva,s(fi + ¢wi(fir1:2)), 4)

where ¢;(-;2) indicates the 2 x 2 bilinear upsampling operation, Convsy3 represents the
3 x 3 convolution layer, and f’ is the intermediate feature map within the SAB.

Next, the SAB applies an average pooling operation at multiple scales, transforming
the feature map into various spatial resolutions. This multi-scale processing allows the
model to capture features comprehensively, from local details to global context. It enhances
the model’s ability to perceive defect regions at different scales and improves its adaptability
to diverse scenes and variations. After convolutional processing, the features from each
sub-branch are upsampled to the original size and combined with the input feature map
through residual connections. These connections ensure that original feature information is
not lost during multi-scale transformations, preserving both fine-grained details and global
semantic information, thereby enhancing the stability and expressiveness of the fusion.
The process can be formulated as:

f"=f+ Y ¢ui(Convsys(Pool(f’;))); ), ®)

j€{2,4,8}

where Pool(+; j) indicates the average pooling operation at scale j € {2,4,8}.

Finally, a 3 x 3 convolution layer is applied to the fused features for further refinement
and smoothing, generating the output of the SAB as f, = Convs,3(f”). This step enhances
the features after multi-scale processing, improving the model’s contextual awareness and
leading to more robust feature representations.

Overall, the proposed SAB achieves a balance between coarse and fine-grained infor-
mation through multi-scale processing, enabling the model to generalize effectively when
dealing with targets of varying scales, shapes, and distributions, thereby improving its
adaptability and expressive power in complex photovoltaic environments.

4. Experiments

We conducted ablation and comparison experiments on the photovoltaic dataset to
validate the performance of the PDeT network. Additionally, to assess the applicability of
the PDeT network in other industrial scenarios, we selected four industrial scenes from the
public MVTec-AD [18] dataset for further evaluation.

4.1. Implementation

All experiments were conducted using an NVIDIA GeForce RTX 3060 (12GB) and an
Intel Core i5-12490F processor, both sourced from Santa Clara, CA, USA. The model was
built and trained using the PyTorch 1.12.0 framework. During training, the AdamW [26]
optimizer was employed with an initial learning rate of 0.0001 and a weight decay coeffi-
cient of 0.0001. The exponential decay rates for computing the first- and second-moment
estimates of gradients were set to 0.9 and 0.999, respectively. A polynomial learning rate
schedule (with a power of 0.9) was adopted, allowing dynamic adjustment of the learning
rate throughout training. The maximum number of iterations was set to 160,000, with
model evaluations performed every 8000 iterations using the mloU as the evaluation metric.
Cross-entropy loss was used to calculate the loss, ensuring efficient model convergence
and accurate classification.

The photovoltaic dataset used in our experiments contains a total of 1024 images,
which were split into training and validation sets at a 2:1 ratio. Each image has a resolu-
tion of 640 x 640, and the segmentation results are classified into two categories: defect
and background. During training, we applied random cropping as a data augmentation
technique to both the input images and their corresponding labels.
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4.2. Ablation Study

We conducted ablation experiments using the photovoltaic panel dataset. To validate
the effectiveness of the deformable convolution, we sequentially replaced the NAT Block
in the feature extraction stage with the DTB. In the overall network structure described in
Section 3, we stack N; Transformer blocks in each stage. Each Transformer block originally
consisted of two NATs in series as the baseline, and then, we replaced the second NAT in
each Transformer with the DTB. The results, as shown in Table 1, indicate that while adding
the DTB only in the fourth stage slightly decreases model performance, incorporating the
DTB in the third stage yields an improvement of about one percentage point. When all
stages utilize the DTB, the model performance increases by approximately three percentage
points compared to the baseline.

Table 1. Ablation study on the application of deformable attention at different stages. X and v/
indicate whether DTB is used in the stage.

Stage #/Deformable Attention

mloU
Stage 1 Stage 2 Stage 3 Stage 4
X X X X 85.27
X X X v 85.05
X X v 4 88.22
X v v v 86.17
v v v v 88.41

As shown in Figure 1, we replaced the SAB with standard convolution and bilinear
interpolation to establish a comparison baseline, effectively omitting the transition from
f'to f” . We then sequentially integrated multi-scale methods into the different stages of
the decoder. As shown in Table 2, using SAB in stages 1 and 2 resulted in a performance
improvement of 0.62%, while adding SAB from stages 2 to 3 further increased performance
by 1.12%.

Table 2. The results of the ablation experiment for the SAB module in the encoding structure. The
check mark (v) signifies the utilization of the SAB, whereas the cross (X) indicates its exclusion.

Stage #/SAB
mloU
Stage 1-Stage 2 Stage 2-Stage 3 Stage 3-Stage 4
X X X 87.25
v/ X X 87.87
v 4 X 88.37
v v 4 88.41

To evaluate the impact of different Decoder heads on model performance while
keeping the encoder architecture unchanged, we conducted comparative experiments.
This experiment utilized the encoder proposed in this paper as the baseline architecture
and introduced various Decoder heads to observe their performance in specific tasks.
The experimental results, as shown in Table 3, indicate that the IoU for the background
class remained consistent across all Decoder heads. However, significant differences were
observed in the IoU for the defect class among the various Decoder heads.

Specifically, the IoU for the defect class with the FPN [27] head is 74.52%, resulting in
an overall mloU of 87.25%. The UPer [28] head shows a slight improvement, with a defect
class IoU of 75.36% and an overall mloU of 87.67%. The most significant enhancement
is observed with the proposed PDeT model I, achieving a defect class IoU of 76.85% and
an overall mloU of 88.41%. This indicates that the PDeT demonstrates advantages in
fine-grained feature aggregation when processing defect features, significantly improving
the model’s performance in defect detection tasks.
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Table 3. A comparison of the experimental results with other Decoder heads.

IoU
Decoder Head mloU
Background Defect
FPN head [27] 99.98 74.52 87.25
UPer head [28] 99.98 75.36 87.67
PDeT head (ours) 99.98 76.85 88.41

Figure 4 illustrates the training process of the PDeT model. During the initial phase
of training, the loss fluctuates significantly, indicating that the model is still learning and
adjusting its parameters. However, as training progresses, the model gradually learns to
capture the characteristics of the data, leading to a steady improvement in both the overall
mloU and mAcc metrics. Notably, the best mloU is achieved at the 300th epoch, reaching
88.41%, which reflects the model’s superior performance at this stage. Meanwhile, the
loss value gradually converges and stabilizes at a lower level, indicating that the model
effectively reduced its error rate during training.

/‘.4./"“/‘

W I

Figure 4. The training process of the PDeT is assessed using three metrics: loss, mIoU, and mAcc.
These metrics offer valuable insights into the model’s performance and effectiveness during training.
The left panel displays the loss at each iteration, while the right panel presents the validation results
throughout the training process.

4.3. Comparison with Other Segmentation Networks

In this section, we compare our method with existing semantic segmentation networks,
including EMANet [29], STDC [30], DDRNet [31], K-Net [32], DNLNet [33], CCNet [34],
ANN [35], DMNet [36], PIDNet [37], ISANet [38], GCNet [39], and SIIF [3].

Table 4 provides a detailed comparison of various models in the task of defect detection
on photovoltaic panels, including metrics such as model parameters (Params), floating-
point operations per second (FLOPs), frames per second (FPS), precision, recall, F1 score,
and mloU. Precision represents the proportion of true positive samples among those
predicted as positive by the model. High precision indicates that most of the detected
defects are genuine. Recall, on the other hand, measures the proportion of correctly
identified positive samples out of all actual positive cases. High recall signifies that the
majority of actual defects have been successfully detected. Additionally, mIoU reflects the
model’s ability to distinguish between defect areas and the background. A higher mloU
ensures greater detection accuracy and fewer missed defects.

Analysis reveals that the PDeT model outperforms others by at least four percentage
points in mloU, demonstrating its exceptional performance in photovoltaic defect segmenta-
tion. This advantage is primarily due to PDeT’s feature extraction network, which employs
a Transformer architecture. However, this comes at the cost of a relatively large number
of parameters, leading to increased computational overhead. Thus, there is still room for
optimization in the inference efficiency of the PDeT. In contrast, models like DDRNet-S
and STDC, while having fewer parameters and higher computational efficiency, generally
perform worse in the actual segmentation results, showing a significant gap compared to
the PDeT. Despite their successes in lightweight design, these models exhibit relatively
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limited feature extraction capabilities when dealing with complex defect backgrounds,
making it challenging to accurately capture the details of defect regions.

Table 4. Comparison of experimental results of various indicators with other segmentation networks.

Method Params FLOPs FPS Precision Recall F1 mloU
EMANet [29] 42.08M 263.17G 15.37 34.03 40.53 37.00 61.78
STDC [30] 8.57M 13.24G 78.05 64.88 51.99 57.72 70.02
DDRNet-S [31] 7.72M 9.267G 143.24 68.20 58.62 63.50 73.00
K-Net [32] 62.29M 285.92G 5.99 33.69 82.87 4791 74.65
DNLNet [33] 50.1M 312.25G 5.75 58.91 79.89 67.82 75.82
CCNet [34] 49.81M 313.09G 12.97 65.29 79.81 71.83 78.15
ANN [35] 46.22M 289.28G 14.00 72.78 78.24 75.41 80.20
DMNet [36] 53.16M  305.64G 13.15 73.95 78.65 76.23 80.61
PIDNet-L [37] 36.93M 53.83G 26.23 71.70 81.40 76.25 80.79
ISANet [38] 37.69M  233.42G 15.37 81.46 75.67 78.46 81.84
GCNet [39] 49.62M  308.89G 13.85 76.93 80.35 78.60 82.51
SIIF [3] 58.72M 75.74G 25.09 79.80 83.03 81.38 84.30
PDeT (our) 104.15M  200.22G 10.49 90.12 89.37 89.66 88.41

Figure 5 presents a detailed comparison of different networks in the segmentation
of defects on photovoltaic panels. By examining the results, we can clearly observe the
differences among models when addressing specific types of defects, particularly in the
segmentation of elongated cracks, where the discrepancies are especially pronounced. From
the segmentation results in the first and third rows, it is evident that many models struggle
with elongated cracks, often producing coarse results. These defects typically exhibit
fine, elongated features, and conventional segmentation networks tend to overlook edge
information when dealing with such detail-rich defects, leading to imprecise segmentation
outcomes. For instance, while K-Net, a model with a larger number of parameters, has
strong global perception capabilities during feature extraction, allowing it to capture the
general outline of defects, the edges of the cracks in its output still appear blurred, failing
to accurately segment the detailed parts of elongated defects.

Image Ground Truth GCNet K-Net

Figure 5. Quantitative comparison with other segmentation networks.

In contrast, the PDeT demonstrates superior capability in handling such defects. The
model employs deformable self-attention, which allows for dynamic adjustment of sam-
pling point positions, enabling a more flexible focus on the edges of cracks and, thus,
accurately capturing these details. Moreover, during the decoding process, the SAB module
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plays a crucial role in refining segmentation. This module progressively aggregates coarse
and fine feature information by fusing multi-scale features, allowing for precise segmen-
tation of defect edges without losing semantic information. Due to the need for further
optimization of the model’s parameter count and computational load, we will consider
employing pruning and quantization methods suitable for Transformer architectures in the
future. These approaches aim to reduce the model’s computational cost and memory usage.
Figure 5 clearly illustrates that the PDeT’s segmentation results outperform other models
in detailing and edge treatment of cracks. This refined segmentation ability enables the
PDeT to maintain global perception while flexibly adjusting its focus areas and enhancing
the feature aggregation process, ultimately improving defect detection accuracy.

4.4. Applicability in Other Industrial Fields

To validate the application potential of the PDeT photovoltaic defect detection model
in other industrial scenarios, we selected four typical scenes from the MVTec-AD [18]
anomaly detection dataset for experimentation. These scenes include Wood, Metal Nut,
Tile, and Hazelnut, representing common complex backgrounds and diverse defect types
in industrial manufacturing, thus providing high representativeness. The selection of
these scenes aims to ensure that the PDeT model demonstrates good adaptability across
different materials and defect patterns, further validating its broad potential for practical
industrial applications.

The MVTec-AD dataset is primarily used for anomaly detection and contains both
normal and abnormal data. In our experimental design, we performed stratified sampling
for each scene, dividing the normal and abnormal data into training and testing sets
at a 2:1 ratio. This approach simulates real industrial defect detection tasks and aligns
more closely with actual application requirements. The evaluation metric for the model is
mloU, which is widely used in semantic segmentation tasks and provides a comprehensive
assessment of the model’s recognition performance across various categories.

In this experiment, we compared the performance of K-Net, UPerNet, GCNet, and
SIIF models across four scenes in the MVTec-AD dataset. The experimental results are
presented in Table 5, with each column representing the mloU for the respective scenes.

Table 5. Comparative experimental results of the model across the four scenes: Hazelnut, Metal
Nut, Tile, and Wood. All values shown in the table represent the mloU for assessing the model’s
recognition performance in each scene.

Method Hazelnut Metal Nut Tile Wood
K-Net [32] 76.06 95.29 92.81 74.17
UPerNet [28] 93.57 96.6 95.44 88.35
GCNet [39] 93.27 95.32 95.07 87.93
SIIF [3] 94.13 95.22 92.95 87.86
PDeT (our) 94.34 95.32 92.46 88.54

The performance of K-Net [32] across the four scenes is relatively low, with an mIoU
of 76.06% for Hazelnut and 74.17% for Wood, indicating its limited recognition capability
in complex backgrounds. In contrast, UPerNet [28] performed exceptionally well in all
scenes, achieving mloU of 93.57% and 96.6% for Hazelnut and Metal Nut, respectively,
demonstrating its superior feature extraction ability. The performances of GCNet [39]
and SIIF [3] are comparable to UPerNet, maintaining high mloU values across the scenes.
Notably, in the Metal Nut scene, GCNet [39] achieved an mloU of 95.32%, indicating a
certain advantage in detecting defects in metal nuts. It is noteworthy that the proposed
PDeT model performed well across all four scenes: Hazelnut, Metal Nut, Tile, and Wood.
The mloU for the Hazelnut scene was 94.34%, while for the Metal Nut scene, it was 95.32%.
This indicates that the PDeT model demonstrates strong adaptability and stability across
different materials and defect patterns.
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Figure 6 presents a quantitative display of the segmentation results of the comparative
models across four different scenes. In the first row, under the wood scene, the model
effectively segments the liquid and combined areas, while the K-Net model shows rela-
tively poor segmentation results. In the tile scene (third row), the model struggles with
segmenting fine cracks, resulting in discontinuities; in contrast, our PDeT model performs
significantly better. In the hazelnut scene (fifth and sixth rows), the results indicate that
K-Net’s segmentation is subpar, while other models demonstrate notably superior perfor-
mance. In the Metal Nut scene, all models are capable of effectively identifying anomalous
defects, showcasing their robust segmentation capabilities.
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Figure 6. Quantitative display of segmentation results from multiple models across four distinct
scenes, with each scene presenting two quantitative outcomes. The columns represent the segmenta-
tion results of the model.
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These results underscore the practical applicability of our model, especially in diverse
industrial contexts. By incorporating deformable self-attention and semantic aggregation
modules, we not only enhance the geometric distinction capabilities but also refine the
representation of semantic features. The introduction of these modules facilitates efficient
collaboration between the encoder and decoder, ensuring precise feature transmission
and gradual reconstruction, thereby allowing the PDeT to exhibit greater adaptability and
stability in real-world applications.

5. Conclusions

Our research leverages image sensors for defect detection in photovoltaic panels.
Compared to traditional electrical sensor-based methods, such as open-circuit voltage
and short-circuit current measurements, we employ electroluminescence (EL) imaging to
capture high-resolution, two-dimensional signals, significantly enhancing defect detec-
tion accuracy. Additionally, the deep learning techniques incorporated in our study not
only improve the perception of defects in photovoltaic panels but also pave the way for
advancements in intelligent recognition systems. To further advance this field, we have
successfully proposed a Progressive Deformable Transformer for photovoltaic panel defect
segmentation, which enhances the segmentation of defects in solar panels. By incorporating
deformable self-attention and a semantic aggregation module, we not only improved the
ability to differentiate geometric shapes but also refined the representation of semantic
features. Furthermore, the introduction of these modules facilitates efficient collabora-
tion between the encoder and decoder, ensuring precise feature transfer and progressive
reconstruction. Researchers can flexibly adjust the model based on practical application
needs to optimize its performance in specific scenarios. This achievement has significant
implications not only for photovoltaic defect segmentation but also provides insights and
exploration avenues for research in other industrial defect segmentation fields. The compre-
hensive experimental results indicate that our method achieved an mloU of 88.41% on the
photovoltaic dataset, outperforming existing segmentation algorithms. Additionally, the
network demonstrated comprehensive and high-precision recognition capabilities across
four scenarios in the MVTec-AD industrial dataset. By assisting companies in implement-
ing rigorous quality inspections, our approach enhances product quality and economic
benefits, promoting the development of sustainable energy systems. By leveraging de-
fect information, photovoltaic manufacturers can optimize production processes, reduce
resource waste, and transition to more sustainable manufacturing.
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Abbreviations
The following abbreviations are used in this manuscript:
mloU Mean Intersection over Union

TIoU Intersection over Union
mAcc Mean Accuracy
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