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Preface

This Reprint, titled “Deep Learning in Video and Image Processing: Challenges, Solutions,

and Future Directions”, addresses the rapid evolution of intelligent visual systems and their

transformative impact across a wide range of application domains. It focuses on the integration of

real-time machine learning with video processing and image processing, emphasizing deployment on

resource-constrained devices. Its scope spans algorithm optimization, hardware–software co-design,

and energy-efficient ML strategies that enable low-power computing and computational efficiency

for latency-sensitive applications and real-time data processing in practical, real-world environments.

The primary goal of this Reprint is to present state-of-the-art ML model deployment techniques that

advance the design, evaluation, and implementation of edge AI for real-world ML applications. It

addresses critical challenges such as energy consumption, memory limitations, latency requirements,

and the computational complexity inherent in modern deep learning models. By highlighting

innovative solutions—including lightweight architectures, model compression, and edge computing

strategies—this Reprint demonstrates how smart cameras, wearable technology, smart home devices,

and other edge AI systems can perform real-time diagnostics, object recognition, and anomaly

detection efficiently while maintaining high reliability and data privacy. The motivation behind

this work stems from the growing demand for localized processing and on-device intelligence in

modern applications. While cloud-based solutions dominate much of the current research, there is an

urgent need for real-time, on-device processing to enhance responsiveness, data privacy, and system

robustness. This Reprint responds to this need by presenting high-quality contributions that offer

scalable and deployable solutions for autonomous vehicles, urban traffic management, industrial

automation, augmented reality, wildlife monitoring, disaster response systems, health monitoring,

personalized feedback, and other emerging applications. This Reprint is primarily intended for

researchers, graduate students, engineers, and industry practitioners working in artificial intelligence,

computer vision, embedded systems, and real-time processing. It serves as a comprehensive

reference for those seeking to design robust, efficient, and application-driven intelligent systems,

combining energy-efficient ML, hardware–software co-design, and edge computing strategies to meet

the constraints of resource-limited devices. By connecting theoretical advancements with practical

deployment strategies, this work provides valuable insights into current capabilities and future

directions for edge AI and real-time machine learning in video and image processing.

Abdussalam Elhanashi and Sergio Saponara

Guest Editors
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Adaptive Expert Selection for Crack Segmentation Using a Top-K
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Abstract

Cracks in civil infrastructure exhibit large variations in appearance due to differences
in surface texture, illumination, and background clutter, making reliable segmentation a
challenging task. To address this issue, this paper proposes an adaptive Mixture-of-Experts
(MoE) framework that combines multiple crack segmentation models based on their es-
timated reliability for each input image. A lightweight gating network is trained using
out-of-fold soft supervision to learn how to rank and select the most suitable experts
under varying conditions. During inference, only the top two experts are combined to
produce the final segmentation result. The proposed framework is evaluated on two public
datasets—Crack500 and the CrackForest Dataset (CFD)—and one in-house dataset (RCFD).
Experimental results demonstrate consistent improvements over individual models and
recent state-of-the-art methods, achieving up to 2.4% higher IoU and 2.1% higher F1-score
compared to the strongest single expert. These results show that adaptive expert selection
provides an effective and practical solution for robust crack segmentation across diverse
real-world scenarios.

Keywords: crack segmentation; deep learning; mixture of experts; soft labels; adaptive
gating network; ensemble learning

1. Introduction

Cracks in pavements, bridges and other infrastructure are often the first warning
signs of material fatigue and structural weakness. If neglected, small fissures can quickly
grow into major defects, reduce service life and drive up repair costs [1]. In real-world
environments, however, cracks appear under diverse lighting conditions, on a range
of surface textures, and in a variety of shapes—making reliable automated detection
challenging [2]. Traditionally, inspection has relied on manual visual assessment, which is
slow, costly, and subjective. Moreover, many regions—such as bridge undersides or high
concrete facades—are difficult to access, limiting the reliability of human inspection [3].

Early attempts at automating crack detection employed traditional image-processing
techniques, including edge detection, thresholding, and morphological filtering. Al-
though effective for simple cases, these methods required manual tuning and were highly
sensitive to shadows, stains and background textures [4]. To improve robustness, tradi-
tional machine-learning approaches were introduced. Methods based on Support Vector
Machines [5] (SVMs), Random Forests [6], and handcrafted feature descriptors such as

Electronics 2026, 15, 407 https://doi.org/10.3390/electronics150204071
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Gabor filters or Local Binary Patterns provided more stability than pure image process-
ing. However, they still depended on manually engineered features and struggled when
confronted with the wide variation present in real infrastructure images [7].

In recent years, deep learning has become the dominant approach for crack analy-
sis, enabling end-to-end feature learning directly from data. Convolutional neural net-
works (CNNs) have achieved notable progress in pixel-level localization and background
separation [4,8,9]. However, CNNs have limited receptive fields, which restrict their abil-
ity to capture long, discontinuous cracks or contextual dependencies [10]. Transformer-
based architectures address this limitation through self-attention, enabling the modeling of
global context, but they typically require large, annotated datasets and high computational
resources [11]. Since most crack datasets are small and contain diverse surface patterns,
transformers often struggle to generalize across different environments.

To enhance generalization, several hybrid CNN–Transformer approaches have been
proposed. For instance, the Parallel Convolutional and Transformer Crack Network
(PCTC-Net) fuses convolutional and transformer encoders to balance local and global rep-
resentations, outperforming DTrC-Net [12] on DeepCrack, Crack500, and CrackSeg9k [11].
Similarly, MSP U-Net [13] integrates multi-scale attention to improve segmentation in
low-resolution images, achieving higher precision and recall across multiple datasets. De-
spite these advances, no single architecture consistently performs best under all conditions.
Crack characteristics vary significantly with lighting, material properties, acquisition de-
vices, and crack types, leading different models to exhibit complementary strengths and
weaknesses. Cross-dataset evaluations further confirm that models trained on one dataset
often suffer substantial performance degradation when tested on another [14].

Motivated by this observation, this work adopts a different perspective: instead of pur-
suing a single universally optimal architecture, it explicitly exploits model complementarity
through an adaptive Mixture-of-Experts (MoE) framework for crack segmentation.

Mixture-of-Experts (MoE) frameworks provide a principled mechanism for combining
multiple specialized networks within a single predictive system. An MoE architecture
consists of a set of expert models and a gating network that learns to assign each input
to the most suitable experts, after which the selected predictions are combined—typically
through weighted averaging. Recent studies have demonstrated the effectiveness of MoE
designs in visual tasks [15]. In medical image analysis, SAM-Med3D-MoE [16] integrates
multiple task-specific models with a foundation segmentation network. The Mixture-of-
Shape-Experts [17] (MoSE) framework introduces sparse expert activation to improve
generalization. Recent surveys further confirm the growing relevance of MoE systems in
computer vision [18].

In the context of crack segmentation, however, the MoE paradigm remains largely
unexplored. Most existing approaches rely on a single model trained on all data, implicitly
assuming uniform suitability across diverse crack appearances and environments.

This work introduces a Mixture-of-Experts framework for crack segmentation that
adaptively combines four complementary expert models using a lightweight ResNet-18
gating network trained with soft supervision. An out-of-fold validation strategy is em-
ployed to obtain unbiased performance estimates for each expert at the sample level. These
estimates are normalized to form soft supervision targets that reflect the relative reliability
of the experts during training. At inference time, the gating network ranks the experts
for each input image, and the predictions of the top two models are selectively fused to
produce the final segmentation mask.

The proposed framework is evaluated on two public datasets—Crack500 and the
CrackForest Dataset (CFD)—as well as an in-house full-scene dataset (RCFD). Experimental
results demonstrate that the Top-K MoE consistently outperforms the strongest individual

https://doi.org/10.3390/electronics150204072



Electronics 2026, 15, 407

expert, achieving improvements of up to approximately 2.5 percentage points in mean
Intersection-over-Union while capturing most of the potential performance gain indicated
by the oracle upper bound.

By selecting experts on a per-image basis, the proposed framework adapts to variations
in crack appearance and imaging conditions, providing a flexible alternative to single-
network models and fixed ensemble averaging.

With this motivation in place, the main contributions of this study can be clearly
summarized as follows:

• An adaptive Mixture-of-Experts framework for crack segmentation is proposed,
in which multiple complementary expert models are selectively combined through a
lightweight gating network based on sample-specific reliability estimation.

• An out-of-fold soft supervision strategy together with a Top-K aggregation mechanism
is introduced to train and deploy the gating network, enabling stable expert routing
and robust prediction fusion without requiring additional annotations or modifications
to the expert architectures.

• Extensive experiments are conducted on three benchmark datasets, demonstrating
consistent improvements over individual experts and recent state-of-the-art meth-
ods while maintaining a favorable balance between segmentation accuracy and
computational cost.

The rest of this paper is organized as follows: Section 2 reviews related work. Section 3
details the proposed framework, including the expert models, gating network, and training
strategy. Section 4 describes the datasets and training setup. Section 5 presents experimental
results and analysis. Finally, Section 6 concludes the paper and outlines possible directions
for future work.

2. Related Work

Crack detection and segmentation have progressed through several distinct stages,
evolving from early handcrafted image-processing techniques to today’s deep learning-
driven models. This section provides an overview of this progression, covering traditional
image processing and classical machine learning (ML) approaches, followed by CNN-based
architectures, transformer and hybrid models, and recent efforts toward Mixture-of-Experts
(MoE) frameworks. Beyond summarizing prior work, particular emphasis is placed on ana-
lyzing the practical limitations of existing approaches in order to motivate the methodology
proposed in this study.

2.1. Traditional Image Processing and Classical Machine Learning

Early crack detection systems were built on hand-crafted image processing techniques
such as Canny and Sobel edge detectors [19,20], and global thresholding methods like Otsu
segmentation [21]. While these approaches could identify simple crack patterns, they were
highly sensitive to lighting variations, shadows, and background textures, limiting their
robustness in real-world scenarios.

Classical ML pipelines attempted to improve robustness by pairing handcrafted
features with SVMs, boosting, or random forests. Examples include CrackTree [22] and
the methods of Oliveira and Correia [5], which relied on manually engineered descriptors
to classify crack pixels. Despite modest gains, these techniques remained dependent on
predefined features and struggled to generalize across diverse crack appearances and
imaging conditions, motivating the shift toward deep-learning-based solutions.
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2.2. Deep Learning with Convolutional Neural Networks

With the introduction of U-Net [23], CNNs became the dominant paradigm in crack
segmentation. U-Net’s encoder–decoder architecture enabled end-to-end learning and
inspired numerous variants tailored to infrastructure inspection tasks.

DeepCrack [4] proposed hierarchical feature learning to improve the detection of
thin and discontinuous cracks, while lightweight models such as MobileNetV3 [24] were
adapted to reduce computational cost. More recent CNN-based architectures introduced
refinement-driven or multi-decoder designs, including LMM [25], Efficient CrackMaster [9],
and CrackRefineNet [26], achieving strong segmentation performance.

Despite their effectiveness, CNN-based models are inherently limited by local con-
volutional receptive fields, which restrict their ability to capture long-range contextual
dependencies. As a result, their performance may degrade when dealing with large-scale
crack continuity, cluttered backgrounds, or complex surface textures that require broader
contextual reasoning.

2.3. Transformer-Based and Hybrid Architectures

Vision Transformers introduced self-attention mechanisms capable of modeling global
spatial relationships. Swin Transformer [27] demonstrated that hierarchical attention with
shifted windows can achieve competitive segmentation performance, while MobileViT [28]
explored integrating transformer blocks into lightweight CNN backbones.

Building on these advances, several transformer-based and hybrid architectures have
been proposed for crack segmentation. CrackFormer [29] leveraged multi-scale global
attention to enhance crack continuity, whereas EfficientCrackNet [30] and MSDCrack [31]
employed dual-encoder designs and multi-stage supervision. Hybrid-Segmentor [32]
further combined convolutional and transformer representations to improve fine-grained
boundary detection.

Although these models demonstrate promising results, they introduce notable prac-
tical challenges. Transformer-based and hybrid architectures are typically more com-
putationally demanding and architecturally complex, which can hinder deployment in
resource-constrained or real-time inspection settings. Moreover, transformer components
often require large and diverse training datasets to generalize effectively, whereas most
crack datasets remain relatively small, imbalanced, and domain-specific. Consequently,
these models do not consistently outperform well-designed CNN architectures across dif-
ferent datasets and environmental conditions, and their performance can vary substantially
depending on scene characteristics.

2.4. Mixture-of-Experts Frameworks

Mixture-of-Experts (MoE) frameworks combine multiple specialized models through
a learnable gating mechanism that selects or weights experts based on the input. MoE
strategies have demonstrated strong potential in medical image segmentation, where
frameworks such as MoSE [17] and SAM-Med3D-MoE [16] show that integrating task-
specific models can significantly improve robustness and generalization.

MoE designs typically employ either hard gating, which assigns each input to a single
expert, or soft/probabilistic gating, which distributes weights across multiple experts.
Hard gating can be brittle when expert competencies overlap or routing decisions are
uncertain, whereas soft gating enables smoother aggregation and more effective use of
complementary information.

In the context of crack segmentation, however, MoE frameworks remain largely unex-
plored. Most existing approaches rely on a single architecture trained on all available data,
implicitly assuming uniform suitability across diverse crack appearances, surface materials,
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and imaging conditions. This assumption is frequently violated in practice, as different
models tend to specialize in different crack patterns and environments. Furthermore, MoE
variants explored in related domains often rely on hard or one-hot routing strategies that
discard useful complementary information from non-selected experts.

These observations reveal a clear gap in the literature: while crack segmentation
models continue to increase in architectural complexity, limited attention has been paid
to adaptive model selection mechanisms that explicitly exploit expert complementarity.
This gap motivates the present work, which introduces an adaptive Top-K Mixture-of-
Experts framework with soft-label supervision and out-of-fold validation to dynamically
combine the strengths of multiple segmentation experts, rather than relying on a single
fixed architecture.

3. Methodology

This section presents the proposed Mixture-of-Experts (MoE) crack segmentation
framework. A high-level schematic of the overall protocol is illustrated in Figure 1, while
a detailed architectural overview is provided in Figure 2. The section is organized as
follows. First, the four expert models previously developed are summarized. Second,
the construction of a non-leaky out-of-fold (OOF) dataset is described, where each expert
is trained in a five-fold manner to generate unbiased predictions for supervision. Third,
the consolidation of these predictions into hard and soft routing targets is detailed. Fourth,
a lightweight ResNet-18 [33] gating network is introduced to estimate the relative suitability
of each expert for a given input image. Fifth, the MoE mixing strategies—Hard routing, Soft
weighting, and the proposed Top-2 weighted aggregation—are defined. Finally, the training
configurations and loss functions associated with each component are presented.

Training Phase

Inference Phase

Training Images Pre-trained Expert Models
E1 E2 E3 E4 Out-of-Fold Validation Soft Expert Reliability Scores

(IoU-based normalization)
Gating Network (ResNet-18)
Trained with soft supervision

Test Image Gating Network Expert Ranking Top-K Selection
(K = 2) Fusion of Selected Experts Final Crack Segmentation Mask

Selected Experts

Figure 1. Schematic overview of the proposed Mixture-of-Experts framework. During training,
multiple expert models are evaluated using an out-of-fold strategy to compute sample-wise perfor-
mance scores, which are normalized into soft supervision targets for training the gating network.
During inference, the gating network ranks experts for each input image, and the predictions of the
Top-K selected experts are fused to produce the final crack segmentation mask.

3.1. Experts (4 Models)

The proposed MoE framework builds on four previously published crack-segmentation
models, which serve as fixed experts. These models are used strictly in inference mode; no
fine-tuning or architectural modifications are applied. The expert set includes:

• E1 (CEN’23)—Cascade Enhanced Network [34].
• E2 (ECSN’24)—Enhanced Crack Segmentation Network [35].
• E3 (CM’25)—CrackMaster [9].
• E4 (CR’25)—CrackRefineNet [26].

These four experts were selected to maximize architectural and functional diversity.
Each model emphasizes different design principles—such as cascaded feature refinement,
enhanced encoder–decoder pathways, or multi-stage contextual aggregation—resulting in
complementary strengths and distinct error patterns. This diversity is essential for enabling
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the gating network to learn meaningful routing decisions and leverage the most suitable
experts for each input image.

E1 (CEN’23)

Encoder Decoder

E2 (ECSN’24)

Encoder Decoder

E3 (CM’25)

Encoder Decoder

E4 (CR’25)

Encoder Decoder

w Router
Hard / Soft / Top-2

Gate (ResNet18)
logits z ∈ ℝK

w = softmax(z)

Input image Final mask

Mixture-of-Experts Framework

Figure 2. Overview of the proposed Mixture-of-Experts (MoE) framework for crack segmentation.
Four pre-trained expert models independently predict crack probability maps. A lightweight ResNet-
18 gating network, trained using soft out-of-fold supervision, assigns a reliability score to each expert
for every input image, denoted by weights w. During inference, the gate selects the Top-2 experts
and combines their outputs through a Top-2 Weighted Aggregation strategy to produce the final
segmentation mask. Hard and soft routing variants are also supported.

Although the selected experts originate from our prior work, they were chosen to
reflect distinct architectural paradigms and complementary prediction behaviors. Impor-
tantly, the proposed Mixture-of-Experts framework is model-agnostic and can seamlessly
incorporate external CNN- or Transformer-based crack segmentation models without
architectural modification.

3.2. Dataset Creation via Out-of-Fold Annotation (K = 5)

To supervise the gating network without introducing data leakage, a non-leaky
out-of-fold (OOF) annotation strategy is adopted. The training set is divided into five folds.
For each fold k, all expert models are trained on the remaining four folds using short
training schedules with frozen backbones, and inference is performed on the held-out fold.
This yields per-image IoU scores for every expert on data that was never used during that
expert’s training. After all five iterations, the fold-wise predictions are concatenated into a
complete OOF table that provides an unbiased estimate of each expert’s relative quality on
each sample. This OOF supervision serves as the training signal for the gating network.
The overall OOF generation procedure is illustrated in Figure 3.

OOF(xi, ej) = IoU
(

f (k)ej (xi), yi

)
, (1)

where xi is the i-th training image, yi is its corresponding ground-truth mask, and ej indexes

the j-th expert model. The function f (k)ej (·) denotes the instance of expert j trained on all
folds except fold k, i.e., the model used to infer predictions on images belonging to the
held-out fold k. The operator IoU(·, ·) computes the intersection-over-union between the
predicted mask and the ground truth. Thus, OOF(xi, ej) represents the unbiased quality
estimate of expert j on sample xi, obtained using a model that has never been trained on
that sample.
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Training Set
Split into 5 Folds

For k = 1..5

Train on folds  k
(head only, 2160 iters)

Infer on fold k
IoU per expert

Concatenate across k
OOF IoU table

Figure 3. OOF dataset creation using five-fold partitioning. For each fold k, experts are trained on the
remaining four folds with frozen backbones (head only, 2160 iterations) and infer on the held-out fold.
Concatenating IoU scores across k yields a non-leaky expert IoU table used to supervise the gate.

3.3. Label Consolidation: Hard and Soft

The OOF IoU matrix provides, for every training sample, a vector containing the
relative performance of the 4 experts. These values are transformed into routing targets
that supervise the gating network. Two complementary supervision modes are used: hard
labels and soft labels.

3.3.1. Hard Labels

In the hard-label formulation, each image is assigned to the single expert that achieved
the highest OOF IoU. This yields a standard one-hot target, instructing the gate to select
exactly one expert during training. Formally,

�hard(xi) = arg max
j∈1,...,4

; OOF(xi, ej), (2)

where �hard(xi) is the index of the best-performing expert for image xi.

3.3.2. Soft Labels

Hard labels enforce a single-winner decision and ignore cases where multiple experts
perform similarly. To preserve this information, a soft-label formulation is used in which
the OOF IoU scores are normalized into a probability distribution. Each expert thus receives
a weight proportional to its relative quality, allowing the gate to learn finer distinctions and
exploit complementary strengths among experts:

�soft(xi, ej) =
OOF(xi, ej)

∑4
m=1 OOF(xi, em)

, (3)

where �soft(xi, ej) denotes the normalized reliability of expert ej for sample xi.
This dual-target setup enables a direct comparison between categorical (hard) su-

pervision and probabilistic (soft) supervision. As shown in the experimental section,
the soft-label formulation yields more stable routing behavior and consistently improves
Top-K aggregation performance.

In this work, IoU is adopted to derive soft routing labels because it provides a balanced,
single-valued summary of segmentation quality that jointly reflects false positives and false
negatives, making it well suited for expert ranking and normalization. While precision and
recall are particularly informative for thin crack structures, IoU implicitly integrates both
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aspects and avoids introducing metric-specific bias into the supervision signal. Moreover,
using a single, consistent metric simplifies optimization and improves training stability
of the gating network. Incorporating multi-metric or structure-aware routing targets is a
promising extension and is left for future investigation.

An illustrative example of the conversion from OOF IoUs to hard and soft routing
targets is provided in Table 1.

Table 1. Example of hard and soft label construction from OOF IoUs.

Image E1 (CEN’23) E2 (ECSN’24) E3 (CM’25) E4 (CR’25) Hard Soft Target

img_001 0.66 0.71 0.63 0.72 E4 (CR’25) [0.24, 0.26, 0.23, 0.27]
img_002 0.58 0.61 0.60 0.59 E2 (ECSN’24) [0.24, 0.25, 0.25, 0.24]

3.4. Gate Network

The gating network determines how much each expert should contribute to the
final segmentation output for a given input. As illustrated in Figure 2, the gate operates
independently from the experts: it receives only the RGB image and does not use any
internal features or predictions from the expert models. This design ensures that expert
selection remains lightweight, modular, and decoupled from the architectures of the experts.

A ResNet-18 backbone [33] is adopted as the gate due to its favorable trade-off be-
tween accuracy and computational cost, strong generalization on medium-scale datasets,
and stable optimization behavior. The standard classification head is replaced with a com-
pact multi-layer perceptron (MLP) that produces one logit per expert. All expert models
are kept frozen at inference and during gate training; only the gate parameters are updated.

The gating network intentionally operates on raw RGB images rather than crack-local
or expert-derived features. This choice reflects the role of the gate as a routing mechanism
rather than a segmentation module. Global scene characteristics—such as illumination
conditions, surface texture complexity, background clutter, and crack density—are often
sufficient to estimate which expert is more reliable for a given input. Local crack responses,
by contrast, are already modeled within the expert networks themselves and may introduce
expert-specific bias if reused by the gate. By remaining feature-agnostic and fully decoupled
from the experts, the gating network avoids information leakage, preserves modularity,
and maintains robustness across heterogeneous expert architectures.

The unnormalized logits z output by the gate are transformed into routing weights w
through a softmax function:

w = softmax(z), (4)

where w represents the normalized contribution of each expert and forms the basis for the
Soft, Hard, and Top-K aggregation strategies described later.

3.5. MoE Mixing Strategies

Once the gate produces a weight vector wj(x) for the input image x, these routing
weights are used to combine the predictions of the frozen experts ŷj(x). Three aggregation
strategies are considered in this work.

3.5.1. Hard Mixture

Only the single most likely expert is selected. The final mask equals the prediction of
the expert with the highest routing weight:

j� = arg max
j

wj(x), ŷhard(x) = ŷj�(x). (5)
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3.5.2. Soft Mixture

All experts contribute to the final prediction. Their outputs are combined through a
weighted sum using the gate probabilities:

ŷsoft(x) =
4

∑
j=1

wj(x) ŷj(x). (6)

3.5.3. Top-K Mixture (K = 2)

Here, the gate selects the K highest–scoring experts. Their weights are renormalized
over this subset and used for selective fusion:

ŷtop-K(x) = ∑
j∈TK(x)

wj(x)

∑
m∈TK(x)

wm(x)
ŷj(x), (7)

where TK(x) denotes the index set of the Top-K experts for sample x.
The choice of K = 2 reflects a trade-off between exploiting expert complementarity and

maintaining computational efficiency. In practice, selecting the top two experts captures
most of the potential performance gain, while reducing the risk of fusing predictions
from lower-ranked experts that may share similar failure modes. Although the optimal
number of experts may vary across input images, the proposed gating network performs
sample-dependent ranking, allowing dominant experts to contribute more strongly when
appropriate. Extending the framework to support adaptive or input-dependent K selection
could be explored in future work.

In summary, the gate predicts the routing weights, the router applies one of the
three selection strategies, and the chosen experts are fused to form the final segmentation
mask, as illustrated in Figure 2.

3.6. Training Strategy

This subsection describes the training procedure of the proposed Mixture-of-Experts
framework, including the preparation of the expert models, the supervision strategy used
for training the gating network, and the loss functions adopted under hard and soft labeling
schemes. The overall objective is to learn a reliable gating mechanism that can effectively
select and combine complementary experts for robust crack segmentation.

3.6.1. Experts

Each expert model was originally trained in its respective publication. For datasets
not covered in prior work, the experts were retrained using their original configurations to
ensure a fair and consistent comparison. During the OOF procedure, the expert backbones
are frozen and only their decoder heads are briefly fine–tuned for 2160 iterations per fold.
These short training cycles are used exclusively to generate fold–wise predictions for
constructing the OOF supervision table; they do not modify the experts used at inference.

3.6.2. Gate

Two versions of the gating network are trained: one supervised with hard labels and
one with soft labels derived from the OOF table. The gate receives only the RGB image
and outputs a four–dimensional logit vector representing the predicted weights for the
experts. All expert parameters remain frozen throughout training. At inference, the trained
gate is paired with one of the three mixture strategies (Soft, Hard, or Top-K) described in
Section 3.5.
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3.6.3. Loss Functions

When the gate is trained with hard labels, standard cross–entropy loss is used:

Lhard = CE
(
w(x), yhard(x)

)
. (8)

For soft-label supervision, the gate is trained using the Kullback–Leibler divergence,
allowing it to learn graded preferences across experts:

Lsoft = KL
(
ysoft(x) ‖w(x)

)
. (9)

4. Datasets and Experimental Setup

This section presents the datasets used to evaluate the proposed framework, along
with the data augmentation strategies employed during training. It also outlines the
implementation details of the training setup and describes the evaluation metrics used to
assess segmentation performance across tasks.

4.1. Datasets

The evaluation of the proposed MoE framework is carried out on three crack segmen-
tation datasets: one in–house dataset (RCFD) and two public datasets (Crack500 and CFD).
These datasets exhibit considerable variation in imaging conditions, crack morphology,
background texture, and scene complexity. This variation provides a comprehensive basis
for assessing robustness and generalization. All images are resized to 512 × 512 pixel to
ensure a consistent input format during training and inference. Representative samples
from the three datasets are shown in Figure 4, and dataset statistics are reported in Table 2.

RCFD Dataset Crack500 Dataset CFD Dataset

Im
a
g

e
s

G
T

Figure 4. Sample images from the RCFD, Crack500, and CFD datasets. For each dataset, the first row
shows the original images, and the second row shows the strong pixel-level ground truth annotations.

Table 2. Details of the crack segmentation datasets used in the experiments.

Dataset Image Resolution Training Set Validation Set Test Set

RCFD (in-house) [26,36] 512 × 512 973 170 285
Crack500 [20] 512 × 512 1896 348 1124
CFD [6] 512 × 512 101 – 18

• RCFD (In-house) [26,36]: RCFD is constructed from multi-country road scenes derived
from the RDD2022 [37] dataset. The dataset comprises 1428 RGB full-scene images
and is split into 973/170/285 images for training, validation, and testing, respectively.

• Crack500 [20]: Crack500 consists of 3368 images with manually annotated binary
masks. It covers diverse camera viewpoints, surface materials, and illumination
conditions. The dataset includes 1896 training images, 348 validation images,
and 1124 test images.
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• CFD [6]: The CrackForest Dataset contains 119 images with pixel-level crack annota-
tions. Although smaller in scale, CFD covers a broad variety of pavement textures.
Following the standard split, 101 images are used for training and 18 images are used
for testing.

4.2. Data Augmentation

Only the gating network is trained in this work; all expert models remain frozen. Dur-
ing gate optimization, moderate appearance augmentations are applied to the RGB images,
while the target supervision (OOF IoU vectors) remains unchanged. The following stochas-
tic transformations are used: colour jittering (brightness/contrast/saturation/hue), random
grayscale conversion, horizontal and vertical flips, small random rotations (±7◦), and Gaus-
sian blur. Each augmented image is subsequently normalized using ImageNet statistics.

At test time, only resizing and normalization are applied, without any augmentation.

4.3. Implementation Details

The gate network is trained using the AdamW optimizer with a learning rate of
1 × 10−4 and weight decay of 1 × 10−4. A batch size of 16 is used, and training runs for
50 epochs. A cosine learning rate schedule with linear warmup is applied. The backbone
is kept frozen during the first five epochs and is then unfrozen for the remaining epochs.
Early stopping is used with a patience of 7 epochs. All experiments are executed on a
computer running Windows 10 Pro, equipped with an Intel Core i7-9700K CPU (64-bit,
3.60 GHz), 64 GB of RAM, and a single NVIDIA GeForce RTX 3090 GPU (24 GB).

4.4. Evaluation Metrics

Segmentation performance is assessed using pixel–wise metrics computed between
the predicted mask Ŷ and the ground truth Y. The metrics used are Intersection over Union
(IoU), Precision, Recall, F1–score, and mean IoU (mIoU).

IoU =
TP

TP + FP + FN
, (10)

Recall =
TP

TP + FN
, Precision =

TP
TP + FP

, (11)

F1 =
2 Precision · Recall
Precision + Recall

, (12)

mIoU =
1
C

C

∑
c=1

TPc

TPc + FPc + FNc
. (13)

In this work C = 2 (crack vs. background), therefore mIoU is the average IoU across
both classes.

5. Experimental Results and Discussion

This section presents the experimental evaluation of the proposed MoE framework on
the three datasets introduced in Section 4.1. All experiments follow the same preprocessing
and training settings, and segmentation performance is measured using the metrics defined
in Section 4.4.

The analysis is organized into four parts. First, the MoE configurations are compared
with their constituent expert models to assess the benefit of routing-based aggregation. Sec-
ond, an ablation study investigates the influence of different supervision and aggregation
strategies (Hard, Soft, and Top-K) on performance. Third, the best-performing configura-
tion is benchmarked against recent state-of-the-art crack segmentation methods to evaluate
its external competitiveness. Finally, a qualitative analysis illustrates representative visual
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results, highlighting the improvements achieved in crack continuity, boundary precision,
and robustness across datasets.

Together, these experiments provide a comprehensive understanding of both the
internal effectiveness and real-world generalization capability of the proposed approach.

5.1. Comparison Against Individual Experts

The first set of experiments examines whether routing–based aggregation provides a
measurable improvement over using any single expert model in isolation. For each dataset,
the MoE outputs are generated using the trained gate, while the expert baselines corre-
spond to direct inference of each expert without routing. All models are evaluated on the
same held-out test sets, under identical preprocessing and input resolution. Performance
differences therefore arise exclusively from the routing mechanism rather than differences
in training data, annotation, or optimization pipelines.

As shown in Table 3, the proposed Mixture-of-Experts (MoE) consistently surpasses
all individual experts across the three datasets. The improvement is especially notable on
RCFD, where the scene diversity and illumination changes make segmentation particularly
challenging. Among the routing strategies, the Top-K configuration achieves the best overall
performance, outperforming the strongest individual expert (E4, CR’25) by approximately
1.5–2.5 percentage points in IoU and F1-score. The Soft variant also delivers strong and
stable results, slightly below Top-K, while the Hard routing baseline performs the weakest
due to its limited flexibility. These findings confirm that adaptive multi-expert fusion
guided by soft-supervised gating provides superior generalization and robustness under
diverse real-world conditions.

Table 3. Performance comparison of individual experts and MoE variants across the three crack
segmentation datasets. Bold highlighting values denote the highest results.

Model
RCFD Crack500 CFD

IoU (%) Prec. (%) Rec. (%) F1 (%) mIoU (%) IoU (%) Prec. (%) Rec. (%) F1 (%) mIoU (%) IoU (%) Prec. (%) Rec. (%) F1 (%) mIoU (%)

E1 (CEN’23) [34] 51.52 72.58 63.97 68.0 74.71 53.95 74.84 65.91 70.09 75.34 52.74 63.15 76.19 69.06 75.88
E2 (ECSN’24) [35] 64.16 73.9 82.96 78.17 81.21 59.6 73.2 76.3 74.7 78.3 53.11 62.16 78.5 69.38 76.05
E3 (CM’25) [9] 63.53 79.37 76.09 77.7 81.0 60.96 73.77 77.83 75.74 78.98 51.28 58.29 81.0 67.79 75.08
E4 (CR’25) [26] 65.41 79.2 78.98 79.09 81.97 62.02 74.57 78.65 76.57 79.56 54.57 63.8 79.05 70.61 76.81

MoE (Hard) 65.48 79.25 78.43 78.84 81.62 63.11 75.22 79.01 77.04 80.02 55.21 64.25 79.42 70.88 77.24
MoE (Soft) 67.12 80.36 81.02 80.69 83.03 63.74 75.49 79.53 77.46 80.29 55.78 64.89 79.85 71.44 77.53
MoE (Top-K) 67.82 80.9 81.42 81.16 83.34 64.31 75.94 80.02 77.93 80.65 56.24 65.41 80.16 71.92 77.86

5.2. Ablation and Strategy Analysis

To better understand the effect of different routing strategies within the pro-
posed Mixture-of-Experts (MoE) framework, an ablation study is conducted comparing
three configurations: (i) MoE (Hard), trained using one-hot expert supervision; (ii) MoE
(Soft), trained with probabilistic soft-label targets derived from the experts’ out-of-fold
(OOF) performance; and (iii) MoE (Top-K), which combines the outputs of the Top-2 ranked
experts during inference. All variants use the same four trained experts, identical data
augmentation, and optimization settings. Results are reported on the RCFD dataset, which
includes diverse full-scene images and provides a rigorous test of the routing mechanism.

As shown in Figure 5, both soft supervision and selective expert aggregation contribute
significantly to segmentation performance. The MoE (Hard) configuration achieves the
lowest results, indicating that assigning each sample to a single expert restricts the gate’s
flexibility when multiple experts could jointly provide complementary information. This
rigidity limits the model’s ability to handle images with overlapping visual patterns, such
as variations in crack morphology or illumination conditions.

In contrast, the MoE (Soft) variant yields a consistent improvement of approximately
+1.6 IoU and +1.9 F1-score over the MoE (Hard) configuration. Probabilistic supervi-
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sion enables the gate to learn nuanced relationships between experts and inputs, re-
sulting in smoother routing decisions and more effective utilization of shared expertise
across samples.

Further gains are observed with the MoE (Top-K) strategy, which aggregates the
predictions of the Top-ranked experts during inference. This selective fusion preserves
expert specialization while reducing the risk of overconfidence associated with relying on
a single model.

5.2.1. Effect of the Top-K Selection

To analyze the sensitivity of the framework to the choice of K, additional experiments
were conducted on the RCFD dataset. As shown in Table 4, selecting K = 2 yields the
best overall performance across all evaluation metrics. Increasing K beyond two leads to
marginal performance changes or slight degradation, while also increasing computational
cost. These results justify the choice of K = 2 as an effective trade-off between segmentation
accuracy and efficiency.

Figure 5. Ablation results of the proposed Mixture-of-Experts framework on the RCFD dataset.
The plot compares the three routing strategies—MoE (Hard), MoE (Soft), and MoE (Top-K)—across
five evaluation metrics: IoU, F1-score, mIoU, Precision, and Recall. The Top-K configuration consis-
tently achieves the highest performance, followed by the Soft variant, while the Hard strategy yields
the lowest scores across all metrics.

Table 4. Effect of the Top-K selection on the RCFD dataset. Bold highlighting values denote the
highest results.

Configuration IoU (%) Prec. (%) Rec. (%) F1 (%) mIoU (%)

MoE (Hard, K = 1) 65.48 79.25 78.43 78.84 81.62
MoE (Top-K, K = 2) 67.82 80.9 81.42 81.16 83.34
MoE (Top-K, K = 3) 67.61 80.72 81.18 80.98 83.10
MoE (Top-K, K = 4) 67.38 80.55 80.96 80.75 82.91

5.2.2. Effect of Expert Count and Selection

A leave-one-out analysis was conducted to evaluate whether the proposed framework
depends on any single expert. As shown in Table 5, removing one expert at a time results
in a modest but consistent performance drop across all metrics. No individual expert
causes a disproportionate degradation when excluded, indicating that performance gains
arise from complementary interactions among experts rather than reliance on a single
dominant model.
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Table 5. Effect of expert count and selection on the RCFD dataset using the Top-K strategy (K = 2).
Bold highlighting values denote the highest results.

Configuration IoU (%) Prec. (%) Rec. (%) F1 (%) mIoU (%)

Top-K (w/o E1) 67.12 80.25 80.98 80.61 82.85
Top-K (w/o E2) 66.94 80.03 80.71 80.37 82.63
Top-K (w/o E3) 67.05 80.14 80.85 80.49 82.71
Top-K (w/o E4) 66.78 79.92 80.46 80.19 82.41

MoE (Top-K, all experts) 67.82 80.9 81.42 81.16 83.34

5.2.3. Inclusion of External Expert Models

To assess whether the proposed MoE framework generalizes beyond the authors’
previously developed models, additional experiments were conducted by incorporating
external CNN and transformer-based architectures (U-Net and Swin Transformer) into
the expert pool. As reported in Table 6, the framework maintains strong and competitive
performance under these heterogeneous expert configurations, with results remaining close
to those obtained using the full in-house expert pool. This demonstrates that the proposed
gating and aggregation strategy is not restricted to a closed set of experts and can effectively
integrate external architectures.

Table 6. Effect of incorporating external expert models into the MoE framework on the RCFD dataset
using Top-K aggregation (K = 2). Bold highlighting values denote the highest results.

Expert Pool IoU (%) Prec. (%) Rec. (%) F1 (%) mIoU (%)

MoE (E3, E4, U-Net, SwinT) 67.10 80.21 80.94 80.56 82.71
MoE (E1, E4, U-Net, SwinT) 66.42 79.63 80.11 79.87 82.05
MoE (E1–E4) 67.82 80.9 81.42 81.16 83.34

It is important to note that the proposed Mixture-of-Experts framework does not as-
sume a fixed or indispensable set of experts. Its performance gains stem from the diversity
and complementarity of the available models rather than their number alone. The ablation
results consistently confirm that adaptive expert selection, rather than a particular expert
configuration, is the primary driver of performance improvement. Exploring expert prun-
ing strategies or adaptive K selection to further balance performance and computational
cost remains a promising direction for future work.

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

To further evaluate the effectiveness and generalization capability of the proposed
Mixture-of-Experts (MoE) framework, its performance is compared with recent crack
segmentation models, including both convolutional and transformer-based architectures.
The CNN-based models include U-Net [23], DeepCrack [4], MobileNetV3 [24], LMM [25],
CrackMaster [9], and CrackRefineNet [26]. The transformer-based counterparts comprise
SwinT [27], MobileViT [28], CrackFormer II [29], EfficientCrackNet [30], MSDCrack [31],
and Hybrid-Segmentor [32]. All models are evaluated under identical preprocessing, input
resolution (512 × 512), and dataset splits to ensure a fair and reproducible comparison.
The results are reported separately for each dataset to illustrate performance under different
imaging conditions.

As shown in Table 7, on the RCFD dataset—comprising challenging full-scene road im-
ages with diverse lighting and complex backgrounds—the proposed MoE (Top-K) achieves
the best performance across all metrics. It reaches 67.82% IoU and 81.16% F1-score, out-
performing the strongest CNN baseline, CrackRefineNet, by +2.4 IoU and +2.1 F1-score
points. Transformer-based methods such as SwinT and MobileViT remain competitive
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but fall short of the MoE. These results highlight that adaptive expert routing effectively
captures diverse surface and illumination patterns, offering stronger generalization than
single CNN or transformer models.

Table 7. Comparison of the proposed MoE with state-of-the-art methods on the RCFD dataset. Bold
highlighting values denote the highest results.

Model Type Year IoU (%) Precision (%) Recall (%) F1-Score (%) mIoU (%)

U-Net [23]

CNN

2015 48.82 58.42 74.82 65.61 73.03
DeepCrack [4] 2019 43.23 48.78 79.16 60.36 69.79
MobileNetv3 [24] 2019 51.69 71.57 65.04 68.15 74.78
LMM [25] 2024 28.05 29.92 81.81 43.81 60.33
CrackMaster [9] 2025 63.53 79.37 76.09 77.7 81.0
CrackRefineNet [26] 2025 65.41 79.2 78.98 79.09 81.97

SwinT [27]

Transformer

2021 53.94 73.84 66.68 70.08 75.97
MobileViT [28] 2021 54.44 73.69 67.58 70.5 76.23
Crackformer II [29] 2023 33.42 36.0 82.37 50.1 63.82
EfficientCrackNet [30] 2025 35.47 39.42 77.93 52.36 65.24
MSDCrack [31] 2025 33.94 43.68 60.35 50.68 64.92
Hybrid-Segmentor [32] 2025 47.42 72.57 57.78 64.34 72.59

Proposed MoE (Top-K) CNN 2025 67.82 80.9 81.42 81.16 83.34

Table 8 reports the results on the Crack500 dataset, which contains diverse pavement
textures under moderate lighting variation, the MoE (Top-K) again achieves the best
overall performance. It records 64.31% IoU and 77.93% F1-score, exceeding CrackRefineNet
by +2.3 IoU and Hybrid-Segmentor by +6.2 IoU. The balanced precision (75.94%) and
recall (80.02%) confirm that the MoE maintains strong crack sensitivity while suppressing
false positives. These results demonstrate robust cross-domain generalization on large-
scale datasets.

Table 8. Comparison of the proposed MoE with state-of-the-art methods on the Crack500 dataset.
Bold highlighting values denote the highest results.

Model Type Year IoU (%) Precision (%) Recall (%) F1-score (%) mIoU (%)

U-Net [23]

CNN

2015 57.8 74.77 71.81 73.26 77.33
DeepCrack [4] 2019 58.62 72.34 75.55 73.91 77.71
MobileNetv3 [24] 2019 57.26 73.99 71.69 72.82 77.03
LMM [25] 2024 56.42 73.08 71.22 72.14 76.56
CrackMaster [9] 2025 60.96 73.77 77.83 75.74 78.98
CrackRefineNet [26] 2025 62.02 74.57 78.65 76.57 79.56

SwinT [27]

Transformer

2021 57.16 73.24 72.26 72.75 76.96
MobileViT [28] 2021 54.75 72.4 69.2 70.76 75.67
Crackformer II [29] 2023 57.01 71.61 73.66 72.62 76.84
EfficientCrackNet [30] 2025 53.93 75.71 65.22 70.07 75.31
MSDCrack [31] 2025 57.11 69.37 76.38 72.7 76.88
Hybrid-Segmentor [32] 2025 58.16 72.22 74.92 73.55 77.51

Proposed MoE (Top-K) CNN 2025 64.31 75.94 80.02 77.93 80.65

As summarized in Table 9, the proposed MoE (Top-K) continues to demonstrate strong
performance on the CFD dataset, which contains a smaller number of high-texture pave-
ment images, the MoE (Top-K) also maintains superior performance, achieving 56.24%
IoU and 71.92% F1-score. It improves upon CrackRefineNet by +1.7 IoU and delivers
well-balanced precision (65.41%) and recall (80.16%). These results indicate that the pro-
posed framework generalizes effectively even under limited data conditions by leveraging
complementary expert knowledge to reduce overfitting.
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Table 9. Comparison of the proposed MoE with state-of-the-art methods on the CFD dataset. Bold
highlighting values denote the highest results.

Model Type Year IoU (%) Precision (%) Recall (%) F1-score (%) mIoU (%)

U-Net [23]

CNN

2015 52.46 62.99 75.84 68.82 75.73
DeepCrack [4] 2019 52.26 62.05 76.81 68.65 75.62
MobileNetv3 [24] 2019 50.92 60.01 77.08 67.48 74.92
LMM [25] 2024 53.65 65.05 75.38 69.83 76.35
CrackMaster [9] 2025 51.28 58.29 81.0 67.79 75.08
CrackRefineNet [26] 2025 54.57 63.8 79.05 70.61 76.81

SwinT [27]

Transformer

2021 52.76 62.84 76.68 69.08 75.88
MobileViT [28] 2021 53.26 70.07 68.95 69.5 76.19
Crackformer II [29] 2023 50.43 57.26 80.88 67.05 74.63
EfficientCrackNet [30] 2025 50.17 56.84 81.05 66.82 74.50
MSDCrack [31] 2025 49.01 55.66 80.41 65.78 73.90
Hybrid-Segmentor [32] 2025 47.04 62.21 65.86 63.98 72.98

Proposed MoE (Top-K) CNN 2025 56.24 65.41 80.16 71.92 77.86

Overall, the proposed Mixture-of-Experts consistently achieves the highest perfor-
mance across all three datasets, outperforming both CNN- and transformer-based baselines.
The consistent improvement in IoU and F1-score confirms that routing-based expert aggre-
gation is an efficient and scalable alternative to building deeper or more complex single
networks, particularly when multiple high-quality expert models are already available.

5.4. Qualitative Analysis of Results

Figure 6 provides qualitative comparisons of the proposed MoE (Top-K) framework
against a diverse set of crack segmentation models, including CrackRefineNet, CrackMaster,
Enh–CrackNet, CascadeNet, U–Net, DeepCrack, SwinT, CrackFormer II, Eff–CrackNet,
and LMM. The visualization highlights true positives (blue), false positives (red), and false
negatives (green) across three datasets: RCFD, Crack500, and CFD.

On the RCFD dataset, the MoE (Top-K) model consistently captures thin crack struc-
tures that several single-expert models struggle with. For example, DeepCrack and U–Net
often produce scattered false positives along textured regions, while Transformer-based
models such as SwinT and CrackFormer II may oversmooth delicate crack boundaries.
The MoE, by contrast, delivers cleaner and more continuous crack traces, particularly in
cases where illumination changes or road markings confuse individual models. CrackRe-
fineNet and CrackMaster perform strongly on many samples, but each exhibits occasional
failure modes—CrackMaster may miss extremely thin branches, whereas CrackRefineNet
may introduce slight over-segmentation in highly textured surfaces. The MoE balances
these behaviors by adaptively selecting the most reliable experts per sample.

On the Crack500 dataset, where background texture and crack morphology vary
substantially, the complementary strengths of the experts become more evident. Eff–
CrackNet, though lightweight, sometimes produces fragmented detections, while Enh–
CrackNet and CascadeNet can overreact to rough pavement patterns, leading to false
positives. In contrast, the MoE preserves the fine topology of intersecting cracks while
suppressing noisy activations. In several cases, the MoE prediction visually resembles the
best aspects of both CrackMaster and CrackRefineNet, combining structural sensitivity
with noise suppression.
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Figure 6. Qualitative comparison of crack segmentation results across three datasets: RCFD (top),
Crack500 (middle), and CFD (bottom). Each column displays the input image, ground–truth (GT)
mask, and predictions from the proposed MoE (Top-K) model and several baseline and state-of-
the-art methods. Blue regions indicate true positives, red regions denote false positives, and green
regions highlight false negatives. The best IoU for each sample is emphasized in yellow. The MoE
(Top-K) model produces cleaner boundaries, fewer artifacts, and more continuous crack structures
than individual experts.

On the CFD dataset, which contains challenging low-contrast cracks, many models
show noticeable limitations: LMM and U–Net tend to miss faint crack segments, while
DeepCrack and Enh–CrackNet may produce spurious edges under harsh lighting. The MoE
(Top-K) produces more coherent and stable predictions, accurately following the crack path
without introducing unnecessary artifacts. The adaptive weighting is particularly beneficial
in scenes where neither CNN- nor Transformer-based models alone are consistently reliable.

Overall, the qualitative visualizations reinforce the quantitative findings: the proposed
MoE (Top-K) framework generates cleaner boundaries, preserves fine structural details,
and reduces both false positives and missed crack regions. By leveraging sample-dependent
expert selection, the MoE achieves visual quality that no single expert consistently reaches
on its own.

5.5. Analysis of Failure Cases

Despite the strong overall performance of the proposed MoE framework, some failure
cases still occur, particularly in scenes with weak contrast, highly textured backgrounds,
or extremely thin crack patterns. Figure 7 summarizes representative examples and illus-
trates how individual experts and the MoE behave under such challenging conditions.

In several cases, standalone experts disagree substantially in their predictions. For in-
stance, CEN’23 (E1) often produces overly conservative masks, missing fine crack branches,
while CM’25 (E3) may generate thicker or fragmented crack segments when background
textures resemble crack edges. ECSN’24 (E2) and CR’25 (E4) generally perform better,
but even these models occasionally misinterpret shadows or stains as cracks, especially on
asphalt surfaces with noisy intensity patterns.
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Figure 7. Failure case analysis across the RCFD, Crack500, and CFD datasets. For each image,
predictions from all experts (E1–E4) and the MoE (Top-K) are shown. The tables indicate: (i) the two
experts with the highest standalone IoU scores for that sample, and (ii) the Top-K experts selected by
the gate network. Blue regions indicate true positives, red regions denote false positives, and green
regions highlight false negatives. Discrepancies between these selections often explain MoE errors—
for example, the gate sometimes selects weaker experts in textured or low-contrast scenes, leading to
missed fine cracks or localized false positives.

A key observation from the failure analysis is that incorrect MoE predictions are
primarily associated with ambiguous expert ranking rather than isolated expert failure.
In visually challenging scenes, the gating network does not always assign the highest
weights to the experts that achieve the best standalone IoU scores. This behavior arises
because the gate operates on global RGB appearance cues and may encounter inputs where
background textures or illumination patterns resemble the visual signatures learned by
certain experts.

As a consequence, the Top-K selection may include experts whose inductive biases
are less suitable for the specific crack morphology present in the image. In such cases,
the MoE inherits correlated errors from the selected experts, leading to localized false
positives or missed thin crack regions. This highlights an implicit assumption of the Top-K
strategy—namely, that the selected experts provide complementary information—which
may not hold under strong visual ambiguity.

Nonetheless, even in these difficult scenarios, the MoE output often remains com-
petitive. In cases where experts make complementary errors—such as one model over-
segmenting while another under-segmenting—the weighted fusion yields a more stable
prediction than any single expert. However, when the selected experts fail in a similar
manner, the aggregation mechanism cannot compensate for these shared errors.

Overall, the observed failure cases reflect inherent limitations of scene-level routing
under ambiguous visual conditions rather than instability of the proposed architecture.
They motivate future improvements, such as uncertainty-aware gating, explicit modeling
of expert disagreement, feature-space alignment between experts and the gate, or adaptive
K selection, to further enhance robustness in challenging environments.
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5.6. Complexity Analysis

To assess the practical computational cost of the proposed approach, a comparative
complexity analysis is presented in Table 10, reporting the number of trainable parameters,
inference time, floating-point operations per second (FLOPs), and frames per second (FPS)
for the proposed Mixture-of-Experts (MoE) framework and representative state-of-the-art
crack segmentation models. All measurements are conducted using an input resolution of
512 × 512 on the same hardware configuration described in Section 4.3.

Table 10. Comparative analysis of trained parameters, inference time, FLOPs, and FPS of different
segmentation models.

Model Parameters (M) Inference time (s) FLOPs (T) FPS

U-Net [23] 31.04 0.0192 0.193 52
DeepCrack [4] 3.68 0.0045 0.020 222
MobileNetV3 [24] 3.28 0.0105 0.008 95
LMM [25] 0.84 0.0981 0.035 10
CascadeNet (E1 (CEN’23)) [34] 61.8 0.0415 0.384 24
EnhancedNet (E2 (ECSN’24)) [35] 88.1 0.0413 0.312 24
CrackMaster (E3 (CM’25)) [9] 93.61 0.0192 0.087 52
CrackRefineNet (E4 (CR’25)) [26] 99.66 0.0387 0.206 26
Swin Transformer [27] 58.94 0.0298 0.236 33
MobileViT [24] 31.85 0.0629 0.841 16
CrackFormer II [29] 4.96 0.0715 0.091 14
EfficientCrackNet [32] 0.35 0.0532 0.045 19
MSDCrack [31] 15.39 0.0296 0.008 34
Hybrid-Segmentor [32] 347.0 0.0388 0.142 26
Proposed MoE (Top-K) 296.5 0.0614 0.491 16

For the proposed MoE, the reported number of parameters corresponds to the total
parameter count of all expert models and the lightweight ResNet-18 gating network,
as all experts must be stored even though only a subset is activated at inference time.
Inference time, FLOPs, and FPS are measured end-to-end and include the cost of the gating
network and the Top-K selected experts only, reflecting the actual execution strategy used
during inference. As expert selection is input-dependent, the reported runtime and FLOPs
represent the average Top-K execution cost over the test data.

For cascade-based methods, such as CascadeNet, the reported complexity accounts
for sequential inference through multiple stages. In this case, an initial network is applied
first, and its output logits are concatenated with the original RGB image and fed into
a second encoder–decoder network, resulting in increased computational cost due to
multi-stage execution.

As shown in Table 10, lightweight models such as MobileNetV3 and EfficientCrackNet
achieve fast inference with minimal parameters but typically exhibit lower segmentation
accuracy. In contrast, high-capacity CNN and transformer-based models provide stronger
representational power at increased computational cost. The proposed MoE introduces
additional overhead compared to single-expert inference due to the evaluation of mul-
tiple experts; however, this overhead remains moderate because the gating network is
lightweight and only the most relevant experts are activated. Overall, the proposed frame-
work offers a favorable trade-off between segmentation accuracy and computational cost,
making adaptive expert routing a practical solution when multiple pre-trained models
are available.

6. Conclusions and Future Work

This paper presented a routing-based Mixture-of-Experts framework for crack segmen-
tation that adaptively integrates multiple pre-trained expert models through a lightweight
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gating network. Unlike conventional ensemble approaches based on uniform averaging
or fixed weighting, the proposed method learns sample-specific expert reliability using
out-of-fold soft supervision and selectively combines the most suitable experts through a
Top-K aggregation strategy. This design enables effective exploitation of complementary
expert strengths without requiring retraining or architectural modification of the individual
models. Experimental evaluations conducted on three crack segmentation datasets demon-
strate that the proposed framework consistently outperforms individual experts and recent
state-of-the-art CNN- and transformer-based methods. Across datasets, improvements
on the order of 1–3% in IoU and F1-score are observed compared to the strongest single
expert, confirming that adaptive expert routing provides a robust and practical alternative
to both single-model designs and conventional ensemble techniques under diverse imag-
ing conditions. Future work will focus on improving computational efficiency through
sparse or conditional expert activation, enhancing routing reliability via uncertainty-aware
gating, and extending the framework toward annotation-efficient and multi-modal settings.
These directions aim to further strengthen the applicability of adaptive expert selection for
large-scale and real-world infrastructure inspection tasks.
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Abstract: Early and accurate detection of plant diseases is essential for ensuring food security
and maintaining sustainable agricultural productivity. However, most deep learning models
for plant disease classification rely heavily on large-scale annotated datasets, which are expen-
sive, labor-intensive, and often impractical to obtain in real-world farming environments. To
address this limitation, we propose a unified self-supervised learning (SSL) framework that
leverages unlabeled plant imagery to learn meaningful and transferable visual representations.
Our method integrates three complementary objectives—Bootstrap Your Own Latent (BYOL),
Masked Image Modeling (MIM), and contrastive learning—within a ResNet101 backbone,
optimized through a hybrid loss function that captures global alignment, local structure, and
instance-level distinction. GPU-based data augmentations are used to introduce stochasticity
and enhance generalization during pretraining. Experimental results on the challenging Plant-
Doc dataset demonstrate that our model achieves an accuracy of 77.82%, with macro-averaged
precision, recall, and F1-score of 80.00%, 78.24%, and 77.48%, respectively—on par with or
exceeding most state-of-the-art supervised and self-supervised approaches. Furthermore,
when fine-tuned on the PlantVillage dataset, the pretrained model attains 99.85% accuracy,
highlighting its strong cross-domain generalization and practical transferability. These find-
ings underscore the potential of self-supervised learning as a scalable, annotation-efficient,
and robust solution for plant disease detection in real-world agricultural settings, especially
where labeled data is scarce or unavailable.

Keywords: plant disease detection; self-supervised learning; BYOL; masked image
modeling; contrastive learning

1. Introduction

Plant diseases are a major threat to global food security, leading to significant reduc-
tions in crop yield and quality. Early and accurate diagnosis is essential to guide timely
interventions, but traditional approaches relying on manual scouting or laboratory test-
ing are often labor-intensive, time-consuming, and inaccessible to farmers in remote or
resource-limited regions. In recent years, deep learning methods have shown promise in
automating plant disease detection through image classification. However, these models
typically depend on large-scale, labeled datasets, which are difficult and expensive to
collect in real-world agricultural contexts due to the need for expert annotation and the
variability of disease expression in field conditions [1]. In this study, we use the term
‘detection’ to refer to disease identification and classification at the image level, rather
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than object localization or bounding box generation. Thus, our model does not perform
region-based object detection but instead categorizes whole images into disease types.

Early methods of plant disease detection employed traditional computer vision tech-
niques using handcrafted features like texture descriptors, color histograms, and shape
metrics, coupled with classical classifiers such as Support Vector Machines (SVMs), decision
trees, and k-nearest neighbors [2]. Although computationally efficient, these techniques
often lacked robustness under varying real-world conditions due to sensitivity to lighting,
occlusion, and background complexity.

The advancement of deep learning, particularly Convolutional Neural Networks
(CNNs), has significantly improved plant disease classification. Models such as ResNet,
DenseNet, and VGGNet facilitated hierarchical feature learning directly from raw image
pixels, enhancing classification accuracy and robustness [3]. More recently, Transformer-
based models like Vision Transformer (ViT) and Swin Transformer have further demon-
strated strong performance in agricultural image analysis. However, supervised methods
continue to face challenges related to the scarcity of labeled datasets in agriculture, where
expert-labeled data is costly and time-consuming to obtain due to the diversity of crop
species, growth stages, and symptom presentations.

Self-supervised learning (SSL) has emerged as a compelling alternative to mitigate
the reliance on labeled data. Ref. [4] proposed a progressive SSL pipeline for cassava leaf
disease recognition that combined object segmentation and triplet loss with fine-tuned CNNs,
achieving strong performance with limited labeled data. Ref. [5] introduced a Self-Supervised
Vision Transformer (SSVT) that uses patch-based masked reconstruction and contrastive
objectives to model medical disease classification and severity grading. Ref. [6] developed
DINOv2, a scalable SSL framework based on Vision Transformers, leveraging a teacher–
student distillation setup to extract semantically rich representations from unlabeled imagery.

Ref. [7] provided a comprehensive review of SSL in the plant pathology domain,
identifying hybrid approaches as the most effective. These methods combine multiple
pretext tasks, such as reconstruction and contrastive learning, to improve feature robustness
and transferability. Supporting this view, refs. [8,9] independently demonstrated that
pairing masked image modeling with contrastive loss on Transformer backbones yields
notable performance gains on large-scale plant disease datasets.

Contrastive methods such as SimCLR [10] and Bootstrap Your Own Latent (BYOL) [11]
have also been applied to agricultural image tasks. SimCLR leverages contrastive loss with
negative sampling to encourage instance-level separation, whereas BYOL, through dual-
network alignment, eliminates the need for negative samples. Despite these advancements,
current SSL techniques typically apply these methods in isolation.

To address these gaps, we propose a unified SSL framework integrating Bootstrap Your
Own Latent (BYOL) for global representation alignment, Masked Image Modeling (MIM)
for spatial feature reconstruction, and contrastive learning for instance-level discrimination.
This customized multi-objective strategy is specifically tailored to the challenges of real-world
agricultural imagery, enabling the model to capture global semantics, reconstruct occluded
regions, and distinguish visually similar samples, all without relying on labeled supervision.
The system is built on a ResNet-101 backbone and employs GPU-accelerated augmentations
to generate diverse training views. A hybrid loss function combines cosine similarity (BYOL),
pixel-level and perceptual loss (MIM), and InfoNCE loss (contrastive learning) into a single
optimization objective, supporting robust feature learning for downstream plant disease
classification tasks. Experimental validation on the challenging PlantDoc dataset [12], known
for its noisy, field-captured images, and transfer learning evaluation on the PlantVillage
dataset [13] highlight our model’s robust performance and strong cross-domain generalization,
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confirming the effectiveness of SSL as a scalable, annotation-efficient, and practical approach
for plant disease detection in diverse agricultural settings.

Our main contributions are as follows:

• We propose a unified self-supervised framework integrating BYOL, MIM, and con-
trastive learning.

• We design a hybrid loss function that captures global, local, and instance-level infor-
mation.

• We implement an efficient GPU-based augmentation pipeline for robust representation
learning.

• We achieve state-of-the-art performance on challenging PlantDoc and Plant Village
datasets without using labels during pretraining.

• We demonstrate strong generalization via transfer learning and provide interpretability
through Grad-CAM and t-SNE.

2. Methodology

2.1. Overview of the Proposed Framework

As illustrated in Figure 1, the framework begins with stochastic image augmentations,
which produce two views of each input. These are passed through three parallel SSL branches:

• BYOL, where an online encoder learns to predict the projection of a momentum-
updated target encoder;

• MIM, where masked inputs are reconstructed using a combination of pixel-wise
accuracy and perceptual similarity;

• Contrastive learning, which brings positive pairs closer and pushes negative pairs
apart in the embedding space.

Figure 1. Overview of the proposed multi-objective self-supervised learning framework for plant
disease detection. The architecture unifies BYOL, MIM, and contrastive learning atop a ResNet-
101 backbone. GPU-based augmentations generate diverse input views to support representation
alignment, masked region reconstruction, and instance-level discrimination. The total training loss is
computed as a weighted sum of the BYOL, MIM, and contrastive objectives. The novelty lies in their
joint optimization within a single architecture, which is not explored in prior works.

The final loss is a weighted sum of the three objectives, promoting balanced represen-
tation learning across semantic, structural, and discriminative dimensions.
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2.2. Model Architecture
2.2.1. Backbone Network and BYOL Framework

We employ ResNet101 [14], pretrained on ImageNet [15], as the visual feature extractor.
The original classification head is replaced with a multilayer perceptron (MLP) projection
head that outputs compact image embeddings. For label-free training, we adopt the
Bootstrap Your Own Latent (BYOL) framework, which comprises two networks: an online
encoder and a target encoder.

The online encoder is trained to predict the output of the target encoder, promoting
representation consistency between two differently augmented views of the same image
(e.g., via cropping, flipping, or blurring). Unlike contrastive learning methods, which rely
on both positive pairs (from the same image) and negative pairs (from different images)
to learn discriminative features, BYOL eliminates the need for negative samples. Instead,
it learns by aligning one augmented view with another, allowing the model to extract
meaningful representations without contrasting examples from different classes.

The target encoder is updated using an exponential moving average (EMA) of the
online encoder’s parameters, which provides a stable learning target throughout training.
The BYOL loss minimizes the cosine distance between the online prediction q and the target
projection z:

LBYOL = 2 − 2· q·z
‖q‖2·‖z‖2

(1)

This objective enables the model to learn semantically rich and robust features that
are invariant to viewpoint, lighting, and background variations—conditions commonly
encountered in real-world plant imagery.

2.2.2. Masked Image Modeling (MIM)

To enhance the model’s sensitivity to local structure and fine-grained visual patterns,
we incorporate a Masked Image Modeling (MIM) objective inspired by the Masked Au-
toencoder (MAE) framework [16]. During training, a random mask is applied to each input
image, occluding 30–60% of the pixels. The model is then tasked with reconstructing the
original, unmasked image using only the visible regions.

To better suit fine-grained plant imagery, we employ a hybrid reconstruction loss that
combines pixel-level and perceptual fidelity:

LMIM = α·MSE + (1 − α)·(1 − SSIM) α = 0.5 (2)

Here, mean squared error (MSE) penalizes raw pixel differences, while Structural
Similarity Index Measure (SSIM) encourages the preservation of image structure, including
texture, edges, and contrast. This hybrid loss ensures that reconstructed images maintain
both numerical accuracy and perceptual coherence.

By compelling the model to infer contextual information in masked regions, this MIM
objective promotes learning the underlying statistics of texture, shape, and color. Such
capability is particularly useful in plant disease detection, where symptoms like lesions,
discoloration, or mold often appear in small, localized patches.

2.2.3. Contrastive Learning

To enhance instance-level discrimination, we incorporate a contrastive learning ob-
jective based on the Information Noise-Contrastive Estimation (InfoNCE) loss, originally
introduced by [17] for Contrastive Predictive Coding (CPC). Following adaptations such as
SimCLR, we apply InfoNCE in the context of image augmentations. This encourages the
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model to pull embeddings of similar images closer together while pushing apart those of
dissimilar images within the latent space.

During training, two distinct augmented views x1 and x2 of the same image are
generated through GPU-based transformations. These views are passed through the shared
online encoder and projection MLP to produce embeddings zi and zj, which together form
a positive pair. The InfoNCE loss is computed as the following:

LContrastive = −log
exp

(
sim

(
zi, zj

)
/τ

)
∑N

k=1 exp(sim(zi, zk)/τ)
τ = 0.1 (3)

Here, sim(·) denotes cosine similarity, and τ = 0.1 is the temperature parameter that
controls the sharpness of similarity distributions. The denominator aggregates similarities
between zi and all other embeddings zk in the batch, while the numerator captures the
similarity with its positive counterpart zj. The logarithm in the InfoNCE loss stabilizes
optimization by compressing the range of similarity scores, and the negative sign ensures
that higher similarity between zi and zj results in a lower loss value.

This contrastive objective encourages clustering of similar disease instances (e.g.,
different views of the same diseased leaf) while enforcing separation between dissimilar
instances (e.g., different crops or disease types) in the feature space. Such discriminative
structuring is particularly beneficial for fine-grained classification tasks, where subtle visual
differences between plant diseases are common.

2.3. GPU-Based Augmentation Pipeline

To enhance visual diversity and boost generalization, we implement a series of GPU-
accelerated augmentations using the Kornia library [18]. Executing transformations directly
on the GPU reduces data-loading overhead and enables efficient large-batch training.

The augmentation pipeline includes the following transformations:

• Random resized cropping (scale: 60–100%)
• Random horizontal flipping (50% probability)
• Random rotation (±20 degrees)
• Random solarization (threshold = 0.5, 20% probability)
• Random grayscale conversion (20% probability)
• Color jittering (brightness, contrast, saturation, hue)
• Random Gaussian blur (σ ∈ [0.1, 2.0], 30% probability)

These augmentations are applied stochastically to each image during training, en-
couraging the model to become invariant to common environmental variations such as
lighting, orientation, and background noise. This increased diversity promotes the learning
of more robust and transferable representations, especially when operating on unlabeled,
real-world plant imagery.

2.4. Hybrid Loss Function

To simultaneously capture global semantic features, local structural details, and
instance-level distinctions, we formulate a multi-objective loss function that combines
the contributions of BYOL, MIM, and contrastive learning:

LTotal = 1.0·LBYOL + 0.6·LMIM + 0.6·LContrastive (4)

Each component contributes uniquely to the representation quality:

• LBYOL promotes alignment between different views of the same image;
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• LMIM enhances spatial awareness by reconstructing masked regions;
• LContrastive encourages separation between different instances.

This multi-objective fusion ensures that the model not only aligns semantic representa-
tions across augmented views but also retains fine-grained details and learns to distinguish
between visually similar classes. In particular, contrastive learning plays a crucial role in
overcoming the limited semantic scope of MIM, which alone may struggle to capture class
boundaries in the absence of explicit labels.

The final weighting scheme—1.0 (BYOL), 0.6 (MIM), and 0.6 (contrastive)—was em-
pirically determined to effectively balance semantic generalization, spatial awareness, and
discriminative capacity.

2.5. Optimization Strategy

AdamW optimizer was used with a base learning rate of 1 × 10−4, weight decay of
1 × 10−5, and a 10-epoch linear warmup. The learning rate warm-up strategy stabilizes
the initial training phase, mitigating issues arising from overly aggressive updates. Gra-
dient accumulation is employed every two batches to enable larger effective batch sizes
while managing GPU memory efficiently. Mixed-precision training via PyTorch 2.1.0+’s
GradScaler utility further improves computational efficiency. Checkpoints and models are
saved periodically for final downstream evaluation.

2.6. Transfer Learning Evaluation on PlantVillage Dataset

To assess the generalization capability of representations learned through self-supervised
pretraining, we conducted a transfer learning evaluation using the PlantVillage dataset.
Unlike the field-based and visually noisy conditions of the PlantDoc dataset, PlantVillage
comprises high-resolution images captured under controlled lighting, uniform backgrounds,
and minimal occlusion, providing a complementary benchmark for cross-domain evaluation.

After pretraining unlabeled PlantDoc images using our proposed SSL framework, the
model was fine-tuned on labeled PlantVillage samples. The model achieved consistently
high classification performance on the PlantVillage dataset, demonstrating that the learned
representations are both robust and transferable. These results underscore the practical
utility of our framework for deployment across diverse agricultural contexts, including
settings where labeled data may be limited or vary in quality.

2.7. Implementation Details

Table 1 summarizes the key hyperparameters, architectural components, and training
configurations used in our experiments. The model was implemented in PyTorch 2.1.0+
and trained on an NVIDIA RTX GPU with mixed precision enabled for memory efficiency.
The full implementation, including training scripts, data loaders, and model checkpoints, is
available at our public GitHub repository: https://github.com/sherryHuan/SSL_BYOL_
MIM_Contrastive/tree/main (accessed on 15 June 2025).

Table 1. Summary of model architecture, training parameters, and augmentation settings.

Category Setting/Description

Backbone Network ResNet-101 (pretrained on ImageNet)

Input Resolution 384 × 384

BYOL Projection Head Linear (2048 → 512) → ReLU → Linear (512 → 256)

BYOL Prediction Head Linear (256 → 512) → ReLU → Linear (512 → 256)

MLP Classifier (used during fine-tuning) Linear (2048 → 512) → ReLU → Linear (512 → 27)
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Table 1. Cont.

Category Setting/Description

Augmentation (GPU) Kornia-based stochastic transforms, applied on GPU

Random Crop (scale) 0.6–1.0

Horizontal Flip p = 0.5

Rotation ±20◦

Solarization Threshold = 0.5, p = 0.2

Grayscale Conversion p = 0.2

Color Jitter Brightness, contrast, saturation, and hue

Gaussian Blur σ ∈ [0.1, 2.0], p = 0.3

Normalization (mean/std) Mean = [0.485, 0.456, 0.406]; Std = [0.229, 0.224, 0.225]

Training Configuration

Epochs 90

Batch Size 16

Optimizer AdamW

Learning Rate Warmup from 1 × 10−6 to 1 × 10−4 over first 10 epochs

Weight Decay 1 × 10−5

Gradient Accumulation Every 2 batches

Mixed Precision Enabled via torch.cuda.amp

Checkpointing Every 5 epochs

Loss Weights

BYOL Loss 1.0—Cosine similarity between online prediction and target projection.

MIM Loss 0.6—Combine pixel-level differences and perceptual similarity,
balancing mean squared error (MSE) with structural similarity (SSIM).

Contrastive Loss 0.6—InfoNCE loss with a temperature of τ = 0.1 for instance
discrimination.

Final Training Loss L_Total = 1.0·L_BYOL + 0.6·L_MIM + 0.6·L_Contrastive

3. Results and Discussion

3.1. Experimental Dataset

We evaluate the proposed self-supervised learning framework on two publicly avail-
able datasets, each offering unique characteristics that test the model’s robustness and
generalization capabilities:

• PlantDoc: This is a challenging real-world dataset consisting of 2598 images spanning
13 plant species and 27 classes, including both diseased and healthy leaf samples.
The images were captured under natural field conditions and exhibit considerable
variability in lighting, background clutter, leaf orientation, and symptom presentation.
The dataset includes crops such as apples, grapes, cotton, and maize, providing a
comprehensive benchmark for assessing model robustness in practical agricultural
scenarios. Example images from the PlantDoc dataset are shown in Figure 2.

• PlantVillage: In contrast, the PlantVillage dataset comprises over 54,000 images repre-
senting 38 classes, including a wide variety of healthy and diseased leaf types. The
images are captured under controlled laboratory conditions with uniform backgrounds
and consistent lighting, making this dataset particularly suitable for evaluating model
generalization in clean, noise-free environments. Example images from the PlantVil-
lage dataset are shown in Figure 3.
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Figure 2. Samples from the PlantDoc dataset.

Figure 3. Samples from the PlantVillage dataset.

3.2. Evaluation Metrics

To comprehensively assess the effectiveness of the proposed self-supervised learning
framework, we employ a range of widely accepted classification metrics, each capturing a
different aspect of model performance:

• Accuracy: Overall proportion of correct predictions across all classes.

Accuracy(%) =
TP + TN

TP + TN + FP + FN
× 100 (5)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and
false negatives, respectively.

• Precision: Measures the exactness of the model by computing the proportion of
correctly predicted positive instances out of all predicted positives.

Precision(%) =
TP

TP + FP
× 100 (6)

• Recall: Also known as sensitivity, it evaluates the model’s ability to identify all actual
positive instances.

Recall(%) =
TP

TP + FN
× 100 (7)

• F1-score: The harmonic mean of precision and recall, providing a balanced view of
performance, especially important in imbalanced datasets.

F1-Score(%) = 2 × Precision × Recall
Precision + Recall

× 100 (8)

In addition to these quantitative metrics, we incorporate several qualitative evaluation tools:

• Confusion Matrix: Visualizes the relationship between predicted and actual class
labels, revealing common misclassification patterns and class-wise accuracy.

• Grad-CAM (Gradient-weighted Class Activation Mapping): Provides visual inter-
pretability by highlighting image regions that are most influential in the model’s
decision-making process.
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• t-SNE (t-distributed Stochastic Neighbor Embedding): A dimensionality reduction
technique used to visualize high-dimensional feature embeddings in a two-dimensional
space, enabling inspection of inter-class separability and clustering behavior.

3.3. Performance on PlantDoc
3.3.1. Per-Class Performance

To assess the real-world effectiveness of the proposed self-supervised learning frame-
work, we evaluated the pretrained model on the PlantDoc dataset, which comprises
field-captured images exhibiting high variability in lighting, background complexity, and
symptom expression across 27 disease and healthy classes.

Table 2 summarizes the per-class performance metrics, including precision, recall, and
F1-score. The model demonstrates consistently strong classification results across most
categories. Particularly, it achieves perfect F1-scores (1.0000) in several well-defined classes
such as squash powdery mildew leaf, strawberry leaf, tomato leaf yellow virus, grape
leaf, and grape leaf black rot. This indicates exceptional precision and recall in detecting
these diseases. Additional classes, including raspberry leaf, soyabean leaf, and tomato
septoria leaf spot, also yield high F1-scores (above 0.88), showing robust classification
even under moderate visual variability. However, performance drops are observed in a
few underrepresented or visually ambiguous categories. For instance, corn gray leaf spot
(F1-score: 0.267) and tomato mold leaf (F1-score: 0.588) were more frequently misclassified.
This is likely due to visual similarity with other leaf conditions or insufficient training
examples in these categories. Moreover, categories like cherry leaf and tomato leaf show
relatively low recall, indicating a tendency to misclassify these instances.

Table 2. Per-class precision, recall, and F1-score on the PlantDoc dataset.

# Class Precision (%) Recall (%) F1-Score (%)

0 Apple Scab Leaf 72.73 80.00 76.19

1 Apple leaf 57.14 88.89 69.57

2 Apple rust leaf 88.89 72.73 80.00

3 Bell_pepper leaf 85.71 75.00 80.00

4 Bell_pepper leaf spot 83.33 100.00 90.91

5 Blueberry leaf 90.00 81.82 85.71

6 Cherry leaf 83.33 50.00 62.50

7 Corn gray leaf spot 18.18 50.00 26.67

8 Corn leaf blight 71.43 41.67 52.63

9 Corn rust leaf 81.82 90.00 85.71

10 Peach leaf 100.00 77.78 87.50

11 Potato leaf early blight 62.50 62.50 62.50

12 Potato leaf late blight 62.50 62.50 62.50

13 Raspberry leaf 87.50 100.00 93.33

14 Soyabean leaf 100.00 87.50 93.33

15 Squash powdery mildew leaf 100.00 100.00 100.00

16 Strawberry leaf 100.00 100.00 100.00

17 Tomato early blight leaf 72.73 88.89 80.00

18 Tomato septoria leaf spot 78.57 100.00 88.00

19 Tomato leaf 57.14 50.00 53.33

20 Tomato leaf bacterial spot 83.33 50.00 62.50

21 Tomato leaf late blight 77.78 70.00 73.68

22 Tomato leaf mosaic virus 100.00 50.00 66.67

23 Tomato leaf yellow virus 100.00 100.00 100.00

24 Tomato mold leaf 45.45 83.33 58.82

25 Grape leaf 100.00 100.00 100.00
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Table 2. Cont.

# Class Precision (%) Recall (%) F1-Score (%)

26 Grape leaf black rot 100.00 100.00 100.00

Macro Average 80.00 78.24 77.48

Despite these outliers, the model maintains a macro-averaged precision of 80.00%,
recall of 78.24%, and F1-score of 77.48%. These results confirm that the proposed self-
supervised learning framework effectively learns robust and discriminative features
from unlabeled field data, making it well-suited for complex, real-world plant disease
detection tasks.

3.3.2. Confusion Matrix Analysis

As shown in Figure 4, the confusion matrix for the PlantDoc test set reveals strong
diagonal dominance, indicating high classification accuracy across most categories. Classes
such as bell pepper leaf spot, strawberry leaf, tomato septoria leaf spot, and grape leaf
black rot exhibit near-perfect separability. Misclassifications occur primarily in visually
similar or underrepresented classes. For instance, apple rust leaf is occasionally confused
with apple leaf and apple scab leaf, while tomato leaf mosaic virus overlaps with related
tomato conditions such as tomato leaf yellow virus. Additionally, harder-to-distinguish
categories like corn gray leaf spot and tomato mold leaf show scattered misclassifications,
likely due to their subtle visual symptoms and smaller sample sizes.

Figure 4. Confusion matrix of predicted versus actual labels on the PlantDoc test set using the model
trained with BYOL + MIM + contrastive learning. The model shows high accuracy and strong class
separability, with most predictions concentrated along the diagonal.

Overall, the matrix confirms that the model learns meaningful, discriminative features
even under complex, real-world conditions.
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3.3.3. Model Interpretability via Grad-CAM

To assess the interpretability of our self-supervised learning model, we employed
Gradient-weighted Class Activation Mapping (Grad-CAM), which visualizes class-
discriminative regions that influence the model’s predictions. Figure 5 shows two represen-
tative examples: apple rust leaf (top row) and grape leaf black rot (bottom row). Each row
presents the input image, the Grad-CAM heatmap, and the overlay on the original image.

In both cases, the highlighted regions closely correspond to disease symptoms, such as
rust-colored lesions and dark necrotic spots, indicating that the model attends to pathologi-
cally meaningful features rather than background noise. These visualizations enhance the
model’s explainability, a critical factor for real-world applications where human-in-the-loop
decision support and trust in automated systems are essential.

 

Figure 5. Grad-CAM visualizations show attention maps for apple rust leaf (top) and grape leaf black
rot (bottom), aligning well with true disease symptoms despite no labeled supervision.

3.4. Comparison with Existing Models

Table 3 presents a comparative analysis of our proposed self-supervised model against
a diverse set of state-of-the-art architectures evaluated on the PlantDoc dataset. Our
framework, which integrates BYOL, MIM, and contrastive learning atop a ResNet-101
backbone, achieves a macro precision of 80.00%, macro recall of 78.24%, and macro F1-score
of 77.48%. These results demonstrate robust performance under real-world agricultural
conditions and position our method among the top-performing models on this benchmark.

Compared to transformer-based models such as Swin Transformer and Vision Trans-
former (ViT), our method achieves higher recall and competitive F1-scores. The recently
proposed Efficient Swin Transformer [19] achieves slightly higher macro precision (80.14%)
and macro F1-score (78.16%), but with lower recall (76.27%). Importantly, its confusion matrix
reveals a complete failure to classify certain classes—Class 7 (corn gray leaf spot) records zero
true positives, indicating weaker robustness for rare or ambiguous disease symptoms. In
contrast, our model maintains measurable recall on all classes, including difficult categories,
which reflects stronger generalization to challenging, field-based conditions.

Among convolutional networks, our model outperforms GoogLeNet [20], DenseNet [21],
and MobileNet [22], validating the efficacy of multi-objective self-supervised pretraining
over purely supervised approaches. While lightweight models like ShuffleNet V2 [23]
and MobileViT [24] are efficient in computation, they consistently underperform in key
evaluation metrics. Our approach also demonstrates favorable results when compared to
domain-specific and hybrid models such as T-CNN (ResNet-101) [25] and ICVT [26].
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Despite these models being tailored for interpretability or trained with full supervision,
their performance does not surpass our label-free pretraining pipeline. The superior
generalization and label efficiency of our model demonstrate that carefully designed SSL
pipelines can rival or exceed specialized methods in complex, real-world agricultural tasks.

Table 3. Comparison with existing models on the PlantDoc dataset.

Model Precision (%) Recall (%) F1-Score (%)

Mobilenet [22] 55.24 52.57 53.82

ResNet 67.36 65.34 66.28

GoogLeNet [20] 74.31 69.19 71.61

DenseNet [21] 69.26 66.17 67.61

ShuffleNet V2 [23] 72.28 71.24 71.70

MobileViT [24] 72.55 68.22 70.32

Vision Transformer 54.35 56.77 55.53

Swin Transformer 75.85 69.91 72.76

T-CNN (ResNet-101) [25] 74.44 - -

ICVT [26] 77.23 - -

Efficient Swin Transformer [19] 80.84 76.72 78.16

Ours (BYOL + MIM + Contrastive) 80.00 78.24 77.48

3.5. Ablation Study

We conducted an ablation study to evaluate the individual and combined contri-
butions of BYOL, MIM, and contrastive learning within our self-supervised framework.
Additionally, we benchmarked against prominent self-supervised baselines, including
SimCLR and DINOv2.

As shown in Table 4, BYOL alone surpasses both baselines and the BYOL + MIM
configuration, indicating that while MIM provides structural reconstruction benefits, it
may slightly interfere with BYOL’s semantic consistency when applied in isolation. Simi-
larly, the BYOL + Contrastive configuration performs slightly below BYOL + MIM, likely
because contrastive objectives alone, without the complementary structural guidance from
MIM, can overemphasize inter-instance separation at the expense of fine-grained spatial
representations. Nevertheless, the full integration of BYOL, MIM, and contrastive learning
yields the best results, achieving 77.82% classification accuracy, 80.00% macro precision,
78.24% macro recall, and 77.48% macro F1-score. These results demonstrate that while MIM
alone does not significantly improve performance, its contribution becomes more effective
when complemented by contrastive regularization. The combination allows the model to
balance global consistency, local reconstruction, and inter-instance discrimination—critical
components for robust feature learning in visually diverse plant disease datasets.

The comparatively lower performance of SimCLR and DINOv2 is likely due to their
reliance on large-scale datasets and architectural sensitivity. SimCLR, which depends heavily
on negative sampling and large batch sizes, may be suboptimal under the moderate size
and noisy conditions of PlantDoc. Similarly, DINOv2, built on Vision Transformers, typically
benefits from extensive data and longer pretraining cycles to reach peak performance.

In contrast, our ResNet-based approach, equipped with GPU-accelerated augmen-
tations and guided by a multi-objective loss, is better suited to real-world agricultural
constraints, enabling efficient learning from unlabeled, field-acquired imagery. These find-
ings validate the effectiveness of our framework in data-scarce, noisy domains and highlight
the importance of integrating diverse SSL signals for robust plant disease recognition.
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Table 4. Ablation results comparing different self-supervised learning configurations on the
PlantDoc dataset.

Method Accuracy (%) Precision (Macro) Recall (Macro)
F1-Score
(Macro)

SimCLR 73.31 74.12 73.25 72.53

DINOv2 73.31 74.55 73.24 72.78

BYOL 74.58 76.70 74.95 74.52

BYOL + Contrastive 74.20 75.90 74.10 72.90

BYOL + MIM 74.58 76.28 74.40 73.17

BYOL + MIM + Contrastive 77.82 80.00 78.24 77.48

3.6. Transferability to PlantVillage
3.6.1. Transfer Performance on PlantVillage

To contextualize the effectiveness of our self-supervised model, we compared its
performance with several notable studies that utilized the PlantVillage dataset for plant
disease classification. These prior efforts span a wide range of strategies, including deep
convolutional architectures, data augmentation, image segmentation, transformer-based
models, and ensemble learning techniques.

Ref. [3] achieved 99.75% accuracy using DenseNet, while ref. [27] proposed a CNN-
based model with multiple loss functions, reaching 98.93%. Ref. [28] used a two-model en-
semble and achieved 99.7%. Ref. [29] combined RGB and segmented inputs with DenseNet,
yielding 98.17%, and ref. [30], one of the earliest contributions, reported 99.31% using
a basic CNN. Ref. [31] reported the highest accuracy of 99.91% through extensive data
augmentation and deeper architecture. Most recently, ref. [32] utilized digital image pre-
processing with a ten-model ensemble to achieve 99.89%. In addition, ref. [33] introduced
an optimized Vision Transformer (ViT) configuration, achieving 99.77% accuracy on the
PlantVillage dataset while maintaining low parameter count and storage requirements.

In comparison, our proposed framework achieves 99.85% accuracy using a single ResNet-
101 backbone pretrained in a self-supervised manner using BYOL, MIM, and contrastive
learning, without requiring any labeled data during pretraining. While our accuracy is
marginally lower than that of refs. [31,32] and higher than the ViT of ref. [33] and other
alternative methods, our approach avoids the complexity and computational cost associated
with data augmentation, transformers, and ensemble techniques. As summarized in Table 5,
these results demonstrate that self-supervised learning can achieve performance on par with
state-of-the-art supervised or ensemble methods, while offering significant advantages in
scalability, label efficiency, and practical deployment. This reinforces the potential of SSL
frameworks in real-world agricultural applications, particularly in data-scarce environments.

Although the PlantDoc and PlantVillage datasets differ in the number of disease cat-
egories (27 and 38 classes, respectively), the strong transfer performance demonstrates the
strength of our learned representations. Unlike supervised pretraining, self-supervised learn-
ing focuses on extracting generalizable visual patterns such as texture, color, and structural
cues, without being tied to specific class labels. As a result, the backbone pretrained on
unlabeled PlantDoc images is able to adapt effectively to the new class structure of PlantVil-
lage during fine-tuning. The cleaner and less noisy conditions of the PlantVillage dataset
further facilitate rapid adaptation, leading to the observed high classification accuracy. This
result highlights the domain-agnostic nature of self-supervised features and underscores the
practical scalability of the proposed framework across diverse agricultural environments.

While downstream fine-tuning still necessitates labeled data, the self-supervised pre-
training phase enables the model to acquire rich and transferable representations without
supervision. This substantially reduces the quantity and quality of labeled data required
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to achieve strong downstream performance, offering a scalable solution for data-scarce
agricultural applications.

Table 5. Transfer learning comparison on PlantVillage.

Reference Dataset Accuracy (%) Contribution

[3] PlantVillage 99.75 Performance evaluation of DenseNet compared to other deep learning models

[27] PlantVillage 98.93 Combined multiple loss functions within a CNN-based framework

[28] PlantVillage 99.70 Developed an ensemble of two distinct deep learning models

[29] PlantVillage 98.17 Integrated DenseNet with both RGB and segmented leaf image inputs

[30] PlantVillage 99.31 Applied a basic deep CNN model for plant disease classification

[31] PlantVillage 99.91 Improved accuracy through extensive augmentation and deeper architecture

[32] PlantVillage 99.89 Utilized image preprocessing with a 10-model ensemble to maximize performance

[33] PlantVillage 99.77 Optimized Vision Transformers with multiscale attention and targeted preprocessing

Proposed (Ours) PlantVillage 99.85 Self-supervised ResNet101 trained with BYOL, MIM, and contrastive learning

3.6.2. Training Dynamics

Figure 6 presents the training and validation curves for loss and accuracy during the
downstream classification on the PlantVillage dataset. The model exhibits rapid conver-
gence, with validation accuracy exceeding 99% within the first few epochs. Both training
and validation losses decrease sharply and stabilize near zero, indicating strong model
fitting and effective generalization.

Notably, the small gap between training and validation accuracy implies minimal over-
fitting, underscoring the robustness of the representations learned during self-supervised
pretraining. These results demonstrate that the combination of BYOL, MIM, and con-
trastive learning enables efficient downstream training, requiring fewer labeled examples
and epochs to reach near-optimal performance in new domains.

Figure 6. Training and validation loss (top) and accuracy (bottom) curves on the PlantVillage dataset.
The model exhibits rapid convergence and minimal overfitting, reflecting the robustness of the
self-supervised pretraining.
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3.6.3. Feature Space Visualization with t-SNE

To further investigate the quality of the learned representations, we employed t-
Distributed Stochastic Neighbor Embedding (t-SNE) to visualize the high-dimensional
feature space extracted from the PlantVillage dataset. As shown in Figure 7, the self-
supervised model produces well-separated and tightly clustered embeddings for most
disease classes. Categories such as tomato mosaic virus, potato late blight, and grape
black rot form clearly distinguishable clusters, indicating strong intra-class consistency and
inter-class separability.

This structured clustering demonstrates the model’s ability to encode fine-grained
visual cues while maintaining reliable, generalizable representations. It highlights the
effectiveness of SSL pretraining on unlabeled PlantDoc data in producing discriminative
and transferable features across domains.

 

Figure 7. t-SNE visualization of feature embeddings generated by the SSL-pretrained ResNet-101
on the PlantVillage dataset. Each point represents a sample projected into 2D space. The clear
clustering of disease classes illustrates strong semantic structure and discriminative capability of the
learned representations.

4. Conclusions

In this study, we proposed a unified self-supervised learning (SSL) framework that
integrates Bootstrap Your Own Latent (BYOL), Masked Image Modeling (MIM), and
contrastive learning for plant disease detection. Leveraging a ResNet-101 backbone and
GPU-accelerated augmentations, the model effectively learns rich and transferable visual
representations from unlabeled plant imagery, directly addressing the critical challenge of
limited annotated datasets in agriculture.

Through extensive comparisons, ablation studies, and visualization analyses, we
demonstrated the complementary benefits of combining global feature alignment (BYOL),
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local structural reconstruction (MIM), and instance-level discrimination (contrastive learn-
ing). Our results confirm that this multi-objective SSL approach not only reduces re-
liance on labeled data but also achieves high predictive performance in both in-field and
laboratory settings.

While PlantVillage yields near-perfect results due to its clean lab conditions, and
PlantDoc presents moderate in-field variability, we acknowledge the need to evaluate our
method on newer, more challenging large-scale in-field collections.

Future directions include extending this framework to cross-modal SSL using drone or
satellite imagery, exploring domain adaptation across different crop species, and incorpo-
rating explainable AI techniques to support decision-making for farmers and agronomists.
Overall, our findings highlight the practical potential of self-supervised learning in creat-
ing scalable, efficient, and intelligent systems for plant disease diagnostics in real-world,
resource-constrained agricultural environments.
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Abstract

The ImpactAlert system is a chest-mounted system that detects objects that are likely to
hit a pedestrian and alerts that pedestrian. The primary use cases are visually impaired
pedestrians or pedestrians who need to be warned about vehicles or other pedestrians
coming from unseen directions. This paper argues for the need for such a system, the
design and algorithms of ImpactAlert, and experiments carried out in varied urban envi-
ronments, ranging from densely crowded to semi-urban in the United States, India and
China. ImpactAlert makes use of a LiDAR camera found on a commercial wireless phone,
processes the data over several frames to evaluate the time to impact and speed of potential
threats. When ImpactAlert determines a threat meets the criteria set by the user, it sends
warning signals through an output device to warn a pedestrian. The output device can be
an audible warning and/or a low-cost smart cane that vibrates when danger approaches.
Our experiments in urban and semi-urban environments show that (i) ImpactAlert can
avoid nearly all false negatives (when an alarm should be sent and it isn’t) and (ii) enjoys a
low false positive rate. The net result is an effective low cost system to alert pedestrians in
an urban environment.

Keywords: collision alert; LiDAR; mobility aid; visually impaired; safety system; urban
environment

1. Introduction

City streets and sidewalks are bustling with vehicles, and for the visually impaired,
navigating these environments can be particularly perilous. According to recent accident
statistics, visually impaired individuals are at a significantly higher risk of collisions com-
pared to the general population. One study found that 1 in 12 pedestrians with blindness
reported being hit by a motor vehicle or cyclist [1]. Additionally, about 40% of blind
individuals experience head-height collisions at least once a year, with 15% experiencing
such collisions monthly [2]. Another study found that individuals with visual impairment
have a 46% increased risk of being involved in road traffic crashes compared to those
without visual impairments [3]. While general pedestrian accident rates are concerning, the
visually impaired face even greater challenges due to their inability to perceive and react to
approaching hazards as effectively as sighted individuals. Such incidents underscore the
critical need for advanced technologies that can augment the abilities of visually impaired
individuals, providing them with timely alerts and enhancing their safety.

The ImpactAlert warning system aims to address this need. By utilizing LiDAR
sensors and data to track incoming objects, the system’s algorithms determine when to
alert the pedestrian to potential collisions, giving the pedestrian time to avoid or prepare
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for impact. This paper describes the algorithms and implementation of the ImpactAlert
warning system, then evaluates the quality of its algorithm (accuracy, recall, precision,
F1-score) through experiments on the streets of four urban areas with wide differences
in traffic densities and speeds. The github link to the codebase used for ImpactAlert and
the experiments can be found https://github.com/hwyuanzi/Impact-Alert-Lidar/, last
accessed on 1 August 2025.

2. Related Work

The development of assistive technologies to detect vehicles has been an active area of
research in recent years.

Autonomous vehicles use advanced LIDAR sensors and machine learning algorithms
to detect pedestrians effectively. A study focused on the performance of algorithms like
k-Nearest Neighbors, Naïve Bayes Classifier, and Support Vector Machine, applied to 3D
LIDAR sensor data, demonstrated very high recall and high precision in real-world tests.
These systems form a part of advanced driver assistance systems (ADAS), improving road
safety [4].

Collision detection systems installed at static locations, such as parking lots or inter-
sections, enhance safety by warning pedestrians and vehicle operators about potential
collisions. These systems, like the Collision Sentry, use motion detection and sound alarms
to mitigate accidents in high-risk areas [5].

Recent advancements in systems that warn drivers about pedestrians to avoid collision
focus on detecting pedestrians from vehicles. Machine learning/computer vision algo-
rithms, applied to LIDAR and camera data, improve overall pedestrian safety, particularly
at pedestrian crossings and during road navigation [6].

Scalvini et al. introduced an outdoor navigation assistive system leveraging 3D
spatialized sound and sonified obstacle information to guide blind individuals. The
system combines inertial sensors, GPS data, and visual cues processed via deep learning
to refine navigation trajectories in real-time. With low-latency processing on embedded
GPUs, it operates independently of remote connections, providing an efficient and reliable
navigation aid [7].

Real-time decision-making models are gaining prominence, incorporating pedestrian
trajectory, speed, and environmental factors to provide early warnings. These systems often
integrate vehicle-to-everything (V2X) communication technologies to enhance collision
prevention in crowded urban environments [8].

Systems to avoid vehicle to vehicle collisions rely on radar, LIDAR, and cameras
to predict potential collisions. Advanced systems employ object tracking and predictive
modeling to enhance accuracy and reaction time. Such methods are embedded in fully
autonomous vehicles [9].

2.1. Smart Canes for the Visually Impaired

Laser sensing technology has also emerged as a promising approach for smart canes.
Bolgiano et al. first mounted a laser sensor on a blind cane in 1967 [10], while Benjamin
et al. developed the C1–C5 series of laser smart canes in the early 1970s [11]. These early
devices used laser sensors to detect obstacles and provide audio or vibration warnings.
They were limited by the technology of the time, offering restricted detection accuracy
and range.

Advances have focused on improving detection capabilities and integrating multiple
sensors. Mai et al. proposed a smart cane system that combines a 2D LiDAR sensor with an
RGB-D camera [12]. This fusion of laser and vision sensing technologies enables both navi-
gation and stationary obstacle recognition functionalities. The system utilizes the Cartogra-
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pher algorithm for laser SLAM (Simultaneous Localization and Mapping) and an improved
YOLOv5 algorithm to detect and locate stationary obstacles and other pedestrians.

Other researchers have explored alternative sensor combinations. The Augmented
Cane developed by Stanford University researchers incorporates a LiDAR sensor along with
GPS, accelerometers, magnetometers, and gyroscopes [13]. This multi-sensor approach
allows for comprehensive monitoring of the user’s position, speed, and direction, in
addition to obstacle detection.

Commercial solutions have also emerged, such as the WeWALK smart cane. Initially
launched with an upward-facing ultrasonic sensor, WeWALK has since partnered with
Moovit to integrate urban mobility features [14]. This collaboration enables users to access
real-time public transit information and receive step-by-step navigation guidance through
voice assistance.

The SmartCane system developed by UCLA researchers takes a different approach,
focusing on fall prevention for older individuals rather than visual impairment. This
system incorporates a 3-axis accelerometer, three single-axis gyroscopes, and two pressure
sensors to provide biomechanical support and fall detection [15].

While technologies such as LiDAR and laser rangefinders improve the precision of
distance measurements in assistive devices [16], their primary application has been in
navigating environments and avoiding fixed obstacles or slow-moving pedestrians.

2.2. Pedestrian-Carried Vehicle Alerting Systems

While the cane-mounted technologies can help visually impaired people to navigate
and to avoid static obstacles, there remains a need for a system that can effectively detect
and warn pedestrians about fast-moving objects like vehicles that approach them.

The closest system that we know of are AI-powered headphone systems designed
to alert pedestrians of approaching vehicles. These systems use embedded microphones
to detect vehicle sounds and warn users through audio cues. Such technologies have
potential benefits for both visually impaired and general pedestrians [17], but, as the
authors note, sounds in a crowded urban environment are ubiquitous, resulting in an
overwhelming number of false positives. Further, electrically powered vehicles make very
little noise. Finally, a vehicle that is not on a trajectory to hit the pedestrian is not a danger,
so sound-based systems could lead to numerous false positives in urban environments.

3. Materials and Methods

ImpactAlert uses a LiDAR (Light Detection and Ranging) system embedded in a
phone to sense threats and a variety of possible actuators to alert the pedestrian. The
actuators we consider are a sound signal perhaps linked to headphones, a vibration of the
phone itself, or a vibrating cane handle. Section 3.1 describes algorithms to identify threats.
Section 4 describes the design of the smart cane handle actuator.

3.1. Threat Detection Technology and Thresholds

LiDAR is a remote sensing method that uses laser pulses to measure distances between
the sensor and objects in the environment. The precision and speed of LiDAR make it ideal
for applications requiring accurate depth perception.

Using LiDAR, the ImpactAlert software, (found at https://github.com/hwyuanzi/
Impact-Alert-Lidar/, last accessed on 1 August 2025) implemented in Swift on top of iOS,
uses the ARKit output to extract depth information from the central region of the screen.
ImpactAlert performs depth calculations every 10 frames (roughly every 0.5 s) to achieve
real-time performance without overloading the system. For our own testing purposes, the
user interface on the phone sounds an alarm and changes the display color to red when an
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object is coming towards the pedestrian faster than 2.2 m/s and the time to impact is less
than three seconds.

These values are reasonable, because several studies, e.g., [18], indicate that pedes-
trians won’t be fatally injured for vehicle speeds of 20 miles per hour (8.9 m/s) or less.
However, some people could be hurt at much lower speeds. For that reason, we have set
the threshold to roughly 1/4 of 8.9 m/s) in our experiments.

Moreover, the pedestrian users of ImpactAlert have the option to adjust these parame-
ters as we discuss in Section 7. For example, a fragile elderly person may choose a lower
speed threshold or a higher time to impact. Changing thresholds to make alerts more likely
might result in more false positives. By contrast, a robust (or optimistic) person to allow
higher speeds for example may eliminate all false positives while increasing the likelihood
of being hit without being warned. We see the impact in terms of precision/recall/F1-score
of changing the speed and time to impact thresholds as discussed in Section 6.3.

To engage the system, a user presses a start/stop button to control when depth analysis
is active. The user interface provides real-time feedback, adjusting both the display color to
red, sound from the phone, and (when deployed) the cane handle vibrates. These alerts
occur when an object is moving towards the pedestrian faster than the speed threshold and
when the time to impact is less than the corresponding threshold.

3.2. Algorithms

The Algorithm 1 finds the pixels in the center of the camera using the subroutine listed
in Algorithm 2. For those central pixels, the subroutine Algorithm 3 (1) filters to those
distances that are in the closest part of all distances (in our implementation, closer than
half the distances) and (2) sees whether each such pixel’s distance since the last processed
frame (0.5 s ago in our current implementation) has changed by a minimum amount (0.2 m
in our current implementation).

The threatDistance is then computed to be the average distance of those close and
changing pixels. The speed is the sum of the distance differences in those changing
pixels divided by the time between processed frames (0.5 s). After that, the main routine
(Algorithm 1) sets an alarm based on the threshold.

The intuitions behind this algorithm are that

• Objects that are static with relative to the pedestrian should not influence the calcula-
tions of the threatDistance or speed, so we focus only on objects that have changed
distances. Please note however that the pedestrian might walk towards fixed objects
in which case the pedestrian should be alerted.

• Further, if the pedestrian moves the camera and some pixels register static objects to
have moved towards the pedestrian, approximately the same number of pixels will
register that static objects have moved away from the pedestrian.

• Approaching objects (or objects that the pedestrian approaches) will occupy more
of the screen and therefore cause more pixels to register relative movement towards
the pedestrian, reducing the threatDistance and therefore increasing the possibility of
threat detection.

• By contrast, objects moving to the side will occupy less of the screen and therefore
cause more pixels to register movement away from the pedestrian, reducing the
possibility of false alarms.

The reader may observe the constants used in Algorithms 2 and 3. We derived
those constants empirically in the 60 experiments of our training set, where we adjusted
parameters to obtain zero false negatives (no alarm when there should be one) while
minimizing false positives. This includes the use of the horizontal center 10/12 of the screen,
the half of the depth values, and the notion of focusing on pixels that show movement.
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These constants may be adjusted when using different devices. Having set these parameters,
the empirical results we report are on the remaining experiments.

Algorithm 1 Main Routine: Process middle depth data from LiDAR frame. Look at the
close points that are moving. Based on default thresholds, if the object is approaching faster
than 2.2 m per second and the time to impact is less than 3 s, then an alert is sounded. The
user has control over these thresholds.

1: Obtain frame dimensions of the mobile device: width, height.
2: depthValues← ExtractDepth() � Extract depth values from the middle frame region
3: (threatDistance, speed) ← FindThreatDistanceMoving(depthValues) � Calculate

current threat distance and speed of moving points
4: if speed < −2.2 m/s AND timeToImpact < 3 s then
5: alert pedestrian (on phone, red writing on screen or sound alert; on cane, buzz the

hand)
6: end if

Algorithm 2 Subroutine: ExtractDepth. The most important screen grid points points are
in the screen center because those points indicate objects that potentially approach the
pedestrian. In our training experiments, objects not in the center of the screen were not a
threat because they would go off to the side.

1: Calculate bounds for the middle section of the depth data: startX = width
12 , endX =

11·width
12 , startY = height

3 , endY = 2·height
3 .

2: Extract depth values within the middle section:
3: for y = startY to endY do
4: for x = startX to endX do
5: append depthData[y · width + x] to depthValues

6: end for
7: end for
8: return depthValues

Algorithm 3 Subroutine: FindThreatDistanceMove. Determine the distance of the close
points in the center of the screen that have moved as well as their average net movement.

1: d ← median value of the depth values
2: Retain values ≤ d and that have moved (either towards pedestrian or away) by at least

0.2 m compared to the previous frame. Call these movingClosePoints and let change be
the sum of the differences in distance of these points

3: threatDistance ← ∑ movingClosePoints
|movingClosePoints| � average distance of moving points

4: di f f erence ← change
|movingClosePoints|

5: speed ← di f f erence/0.5 � assuming frames are processed every 0.5 s
6: return threatDistance, speed

4. HapticHandle: An Inexpensive Cane Handle for Visually
Impared Pedestrians

While ImpactAlert currently works by causing a phone to vibrate or to make a sound,
an alternative deployment for the visually impaired is a smart cane handle that will
vibrate when the phone-embedded software detects danger. We describe the design and
construction of such a cane handle, though our experiments do not use it. Our goal in this
brief section is to suggest an inexpensive path forward to cane designers.

The custom-designed handle houses the electronics needed for this functionality. The
handle is designed to fit securely onto the top of a standard walking cane. To create the
handle, we first modeled the handle using AutoCad 2023 ensuring that it could accommo-
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date the required electronics. Once finalized, we printed the model using Polylactic Acid
(PLA) material, because of its durability and lightweight properties.

We placed an Adafruit microcontroller board inside the 3D-printed handle. This board
is responsible for managing the inputs from the phone and controlling the haptic feedback
and audio warnings that alert the pedestrian. The board was carefully fitted to avoid any
movement during cane usage as shown in Figure 1. The total cost of the cane handle system
falls between $30–40 U.S. in 2024.

Figure 1. Cutout image of the 3D-printed smart cane handle containing an Adafruit microcontroller
board and haptic actuators.

5. Threat Types

Part of the inspiration for this work is that the rise of electric bicycles and scooters
have led to pedestrians being hit at injury-causing speeds on sidewalks and streets. For
this reason, we divide our experiments into threats from motorcycles, bicycles, pedestrians,
as well as collisions with static objects. To avoid the delay and bureaucratic overhead of
Institutional Review Board review, we have performed the video experiments ourselves by
walking on city streets with our phone device.

5.1. Scooters/Motorcycles

Scooters (which we treat interchangeably with motorcycles and trikes) move rapidly so
the alert may occur when the scooter is several meters away (the middle frame of Figure 2).

Figure 2. Example of the approach of a motorcycle (ridden by the second author) about to impact the
pedestrian. The alert sound will beep when the incoming speed is faster than the user-set threshold
and the time to impact is less than the user-set threshold.

5.2. Bicycle

Bicycle threats are common on city sidewalks. Electric bikes are particularly dangerous
because they make so little noise. When they move slowly, they will reach the time to
impact threshold when they are quite close as shown in Figure 3.
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Figure 3. Example of the approach of a bicycle. This will set off an alarm when the speed and time to
impact thresholds are crossed. Because a bicycle moves slower than a scooter, the Time to Impact
threshold will be reached when the bicycle is closer to the pedestrian.

5.3. Static Threats

Though the primary use case of ImpactAlert is vehicles hitting a pedestrian, a fast-
moving pedestrian could also cause injury to themselves by hitting a static object. The
same thresholds of Time to Impact and Speed (in this case of the pedestrian) apply here as
illustrated in Figure 4.

5.4. Pedestrian to Pedestrian Collisions

Just as for static threats, Time to Impact and speed thresholds also apply to Pedestrian
to Pedestrian threats as illustrated in Figure 5.

Figure 4. (Left panel) shows a static object that is close enough to set an alarm if the pedestrian
moves fast enough towards the car. (Right panel) shows a static object that is far away, so poses no
danger.
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Figure 5. Example of Person Approaching. Just as for static objects, the alarm will trigger only if
the approach speed exceeds the threshold and the Time to Impact is low. This shows our current
debugging interface. The text turns red in the second image, because the pedestrian in view might
swerve to cause a collision. The writing in the image shows our debugging interface, built so we
can evaluate ImpactAlert’s estimates of Time to Impact and Speed. From top to bottom, it shows
current average distance, previous average distance, the difference, the speed, the TimeToImpact, the
speed and Time to Impact thresholds. The interface for a pedestrian will be a sound when a collision
becomes a significant danger. These two screenshots come from Walking4.mp4 in our video drive
https://drive.google.com/drive/folders/18Z7METb5hzrKMy2FHidKbXn69YqB2So3 (last accessed
on 1 August 2025).

6. Experimental Results

For every moving object, we want to alert the pedestrian only when the object is
approaching the pedestrian fast and has a short Time to Impact. This leads to a set of
confusion matrices dividing interactions into True Positives (the alarm occurs when it
should), True Negatives (the alarm does not occur when it shouldn’t), and False Positives
(the alarm occurs when it shouldn’t) and False Negatives (the alarm does not occur when it
should). False Negatives are particularly bad, because they indicate a failure to alert the
pedestrian when there is real danger. False Positives, while not posing a danger, might
potentially lead the pedestrian to ignore the device’s alarm, as in the Aesop Fable The Boy
Who Cried Wolf.

6.1. Precision, Recall, and F1-Score

From the values of True Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN), we derive precision, recall, and F1-score, according to the usual
definitions [19]:

• Precision:

Precision =
TP

TP + FP

• Recall:

Recall =
TP

TP + FN
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• F1 Score:

F1 = 2 × Precision × Recall
Precision + Recall

6.2. Vehicle-Based Confusion Matrix

Our raw data comes from several videos showing different vehicles as well as pedestri-
ans in different cities: Manhattan (New York City, United States), Brooklyn (New York City,
United States), Jaipur India (please see Figure 6a), and Hefei China (please see Figure 6b).

The reader will find the videos of our experiments in the ImpactAlert urban setting
video archive https://drive.google.com/drive/folders/18Z7METb5hzrKMy2FHidKbXn6
9YqB2So3?usp=sharing (last accessed on 1 August 2025).

We first present the True Positives, True Negatives, False Positives, and False Negatives
for each vehicle type (Table 1), assuming a threshold of −2.2 m/s and a 3 s time to impact.

Table 1. Performance metrics by vehicle type. With the threshold settings: speed < −2.2 m/s
(negative speeds imply that the object is approaching the pedestrian or the pedestrian is approaching
the object) and time to impact <3 s.

Vehicle
Type

True
Positives

(TP)

True
Negatives

(TN)

False
Positives

(FP)

False
Negatives

(FN)

Bus 5 8 0 0

Car 11 8 0 0

Scooter 5 2 1 1

Walking 30 11 2 1

(a)

(b)
Figure 6. (a) A crowded and a quiet neighborhood in Jaipur, India. People often walk in the street.
(b) A typical urban street in Hefei, China. Pedestrian, bicycle, and electric scooter lanes are separated
for safety. Some streets are also located beneath elevated expressways.

6.3. Quality Evaluations for Different Thresholds

As can be seen in Table 1, at the default threshold values, less than 8% of the alarms
(positives) are false positives and there are only two false negatives. False Negatives are
potentially dangerous because they correspond to situations in which an alarm does not go
off when it should. Fortunately, at least in these experiments and as shown in Appendix A,
within 0.2 s of a False Negative, there was a True Positive and therefore an alarm. So, the
pedestrian would have been alerted in time.
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The summary confusion matrix of Table 2 reflects this as well. The bolded values are
from the default thresholds of −2.2 m/s speed and 3 s time to impact. Other rows show
either variations in the Time to Impact threshold or the Speed Threshold. Table 2 shows,
unsurprisingly, that less negative thresholds and greater Time to Impact thresholds leads
to more false negatives, though not so many more. Conversely, when the thresholds allow
lower speeds to set off an alarm, there are fewer false negatives but more false positives.

Table 2. Quality Measures for different speed and Time to Impact (TTI) thresholds. TP means true
positives (the system reports an object approaching that exceeds the threshold and there is a collision
danger), FP is false positive, FN is false negative (there is a collision danger but with those thresholds,
we don’t detect it), TN is true negative, followed by the derived quantities. The default thresholds
and their quality values are shown in bold.

Speed
Thresh

Time To
Impact
Thresh

True
Pos
(TP)

False
Pos
(FP)

False
Neg
(FN)

True
Neg
(TN)

Accuracy Precision Recall F1

−5.0 3 32 0 21 32 0.753 1.000 0.604 0.753

−3.0 3 46 2 7 30 0.894 0.958 0.868 0.911

−2.2 1 25 0 28 32 0.671 1.000 0.472 0.641

−2.2 3 51 3 2 29 0.941 0.944 0.962 0.953

−2.2 5 51 9 2 23 0.871 0.850 0.962 0.903

−1.0 3 52 5 1 27 0.929 0.912 0.981 0.945

7. Sensitivity Slider

ImpactAlert provides a slider (see Figure 7) that allows users (or their helpers in the
case of infirm users) to configure their alert threshold preferences (Time to Impact and
Speed) based on their unique needs and circumstances. This flexibility allows ImpactAlert
to adapt to a diverse range of users, such as the fragile individuals or those with slower
reaction times. As Table 2 shows, even extending the Time To Impact to 5 s and making the
Speed threshold −1.0 m/s does not radically increase the number of false positives.

Figure 7. Sensitivity sliders for personalized alert times. It is the blue slider on the screen that enables
(currently a sighted helper) to customize the alert threshold.

8. Limitations

LiDAR, while powerful, doesn’t work well when there is fog or rain. Radar does work
through inclement weather, but its spatial resolution becomes poor. A detection system
with good spatial resolution that could see through fog would be ideal.

While we have tested our application in many settings (urban, suburban, United States,
India, and China), more testing would of course be needed before serious deployment.
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Fortunately, it’s easy to gather data, so a commercial entity that wanted more data could
acquire it easily.

9. Future Work

While the primary use case of ImpactAlert is to enhance safety for individuals with
visual impairments, ImpactAlert also offers substantial benefits for sighted pedestrians.
For instance, it can be used to detect threats coming from the pedestrian’s back, because
each of several LiDAR instruments could alert a pedestrian of danger. Further, besides
alerting the pedestrian, it could be useful to alert the vehicle driver of the presence of the
pedestrian for example by setting off blinking lights to make the pedestrian more visible.

Another avenue for future development is to embed LiDAR technology into clothing.
This holds the promise of promoting safety and awareness for individuals in various
environments. Clothing equipped with LiDAR sensors could provide real-time feedback
about the wearer’s surroundings, alerting them to nearby obstacles as well as approaching
vehicles. This feature would be beneficial for individuals who are visually impaired but
also for those participating in activities such as cycling or hiking, where awareness of
surroundings is crucial.

Thus, the main future work regarding the device is expanding the set of platforms,
incorporating multiple sensors, and specializing the parameters to various sensor platforms.
The main future work regarding deployment is extensive user testing, particularly with
vision-impaired pedestrians.

10. Conclusions

The ImpactAlert system is a software system making use of LiDAR sensors to detect
moving objects, such as vehicles, that approach a pedestrian user. ImpactAlert provides
timely warnings through vibrations in a smart cane or sounds if those objects are moving
rapidly towards that user with a small time to impact. By incorporating technology
commonly found in modern smartphones, ImpactAlert offers an accessible and practical
solution for pedestrians in a variety of environments.

As LiDAR and related technologies become more widespread and affordable, the
availability of such smart devices will increase, making them a viable option for a broader
population both sighted and visually impaired.
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Appendix A. Raw Data Results

The tables below identify the video in question, the time in the video when the
evaluation was done, the speed and time to impact as measured by our algorithm and
whether there is a collision danger.

For pedestrians we measure the possibility of frontal collision as a collision danger.
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For vehicles, the scoring is a bit more complicated. Because we took measurements
from the safety of sidewalks or between parked cars, there was never any actual danger of
collision. However, we adopted a “swerve danger” scoring system in which a collision was
deemed possible if the vehicle could swerve to hit the experimenter. If so, then for vehicles,
this results in a “Yes” score. Thus, we were somewhat overly alarmist in our scoring of
collisions for vehicles because vehicles don’t in fact swerve very often.

We present the raw output of this analysis in Table A1.

Table A1. Speed and Time to Impact at various time points in various videos. Note that a Time to
Impact of 9999 means that the potential threat is moving away. The lines that are highlighted in blue
indicate false negatives, but in both cases those false negatives have either an alarm 0.2 s before or
after or both.

Walking1 0:03:50 −0.77 m/s 5.48 s No
Walking1 0:04:10 −0.63 m/s 6.33 s No
Walking1 0:04:30 −2.50 m/s 1.75 s Yes
Walking1 0:04:50 −3.63 m/s 1.12 s Yes
Walking1 0:05:10 −4.28 m/s 0.91 s Yes
Walking1 0:05:30 −6.34 m/s 0.58 s Yes
Walking1 0:05:50 −7.05 m/s 0.47 s Yes
Walking2 0:03:00 −0.27 m/s 21.38 s No
Walking2 0:03:20 −7.73 m/s 0.73 s Yes
Walking2 0:03:40 −7.77 m/s 0.62 s Yes
Walking2 0:04:00 −8.78 m/s 0.52 s Yes
Walking2 0:04:20 −10.40 m/s 0.39 s Yes
Walking2 0:04:40 −8.80 m/s 0.41 s Yes
Walking2 0:05:00 −8.10 m/s 0.37 s Yes
Walking3 0:04:30 −2.70 m/s 1.64 s Yes
Walking3 0:04:50 −1.63 m/s 2.59 s No
Walking3 0:05:10 −3.17 m/s 1.04 s Yes
Walking3 0:05:30 −2.35 m/s 1.46 s Yes
Walking3 0:05:50 0.35 m/s 9999.00 s No
Walking3 0:06:10 0.14 m/s 9999.00 s No
Walking3 0:06:30 −0.24 m/s 22.47 s No
Walking3 0:06:50 −0.37 m/s 1391.66 s No
Walking3 0:16:55 −6.08 m/s 1.26 s Yes
Walking3 0:17:15 −3.18 m/s 1.24 s Yes
Walking3 0:17:35 −2.99 m/s 1.61 s Yes
Walking3 0:17:55 −4.23 m/s 0.82 s Yes
Walking4 0:05:00 −2.11 m/s 2.51 s No
Walking4 0:05:20 −2.45 m/s 1.46 s No
Walking4 0:06:00 −4.09 m/s 1.02 s No
Walking4 0:06:20 −0.20 m/s 4.40 s No
Walking5 0:02:20 −6.76 m/s 0.44 s Yes
Walking5 0:03:10 −4.13 m/s 0.69 s Yes
Walking6 0:04:30 −5.67 m/s 0.45 s Yes
Walking6 0:04:50 −9.66 m/s 0.23 s Yes
Walking6 0:05:10 −11.32 m/s 0.17 s Yes
Walking6 0:05:30 −10.38 m/s 0.16 s Yes
Walking7 0:17:40 −2.69 m/s 1.99 s Yes
Walking7 0:18:00 −3.31 m/s 1.39 s Yes
Walking7 0:18:20 −7.09 m/s 0.69 s Yes

Walking7 0:18:40 −2.09 m/s 1.76 s Yes (False
Negative)

Walking7 0:19:00 −4.44 m/s 0.73 s Yes
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Table A1. Cont.

Walking8 0:05:00 −3.39 m/s 1.72 s Yes
Walking8 0:05:20 −3.73 m/s 1.71 s Yes
Walking8 0:05:40 −0.14 m/s 9999.00 s No

Car1 0:01:15 −1.67 m/s 4.52 s No
Car1 0:01:35 −5.08 m/s 1.58 s Yes
Car1 0:01:55 −6.02 m/s 1.18 s Yes
Car1 0:02:15 −7.18 m/s 0.94 s Yes
Car1 0:02:35 −10.58 m/s 0.59 s Yes
Car1 0:02:55 −8.93 m/s 0.7 s Yes
Car1 0:03:15 −0.11 m/s 12.7 s No
Car2 0:01:30 −2.30 m/s 4.18 s No
Car2 0:01:50 −3.78 m/s 2.82 s Yes
Car2 0:02:10 −6.04 m/s 1.56 s Yes
Car2 0:02:30 −7.54 m/s 1.07 s Yes
Car2 0:02:50 −8.23 m/s 0.36 s Yes
Car2 0:03:10 −4.05 m/s 1.76 s Yes
Car2 0:03:30 −6.16 m/s 1.18 s Yes
Car2 0:03:50 −0.08 m/s 116.03 s No
Car3 0:00:45 −3.92 m/s 9999.00 s No
Car3 0:01:05 4.33 m/s 9999.00 s No
Car3 0:01:25 3.37 m/s 9999.00 s No
Car3 0:01:45 −0.95 m/s 8.92 s No
Bus1 0:16:40 −0.68 m/s 24.91 s No
Bus1 0:17:00 −0.62 m/s 21.24 s No
Bus1 0:17:20 −4.12 m/s 3.44 s No
Bus1 0:17:40 −6.35 m/s 1.57 s Yes
Bus1 0:18:00 −10.90 m/s 0.76 s Yes
Bus1 0:18:20 −12.26 m/s 0.62 s Yes
Bus1 0:18:40 −11.96 m/s 0.70 s Yes
Bus1 0:19:00 −7.24 m/s 1.40 s Yes
Bus2 0:05:25 −1.54 m/s 7.62 s No
Bus2 0:05:45 −2.92 m/s 3.71 s No
Bus2 0:06:05 −3.61 m/s 3.00 s No
Bus2 0:06:35 −3.20 m/s 3.57 s No
Bus2 0:06:55 −3.05 m/s 3.54 s No

Scooter1 0:00:22 −4.50 m/s 2.73 s Yes

Scooter1 0:00:42 −0.90 m/s 11.81 s Yes (False
Neagtive)

Scooter1 0:01:05 −0.53 m/s 21.63 s No
Scooter2 0:00:35 −3.5 m/s 1.03 s Yes
Scooter2 0:00:55 −4.86 m/s 1.03 s No
Scooter3 0:04:50 −0.25 m/s 45.90 s No
Scooter3 0:05:10 −6.03 m/s 2.37 s Yes
Scooter3 0:05:30 −8.75 m/s 1.39 s Yes
Scooter3 0:05:50 −7.97 m/s 1.09 s Yes
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Abstract: Precise medical image segmentation is crucial for advancing computer-aided
diagnosis. Although deep learning-based medical image segmentation is now widely
applied in this field, the complexity of human anatomy and the diversity of pathological
manifestations often necessitate the use of image annotations to enhance segmentation ac-
curacy. In this process, the scarcity of annotations and the lightweight design requirements
of associated text encoders collectively present key challenges for improving segmentation
model performance. To address these challenges, we propose MedLangViT, a novel lan-
guage–vision multimodal model for medical image segmentation that incorporates medical
descriptive information through lightweight text embedding rather than text encoders.
MedLangViT innovatively leverages medical textual information to assist the segmentation
process, thereby reducing reliance on extensive high-precision image annotations. Further-
more, we design an Enhanced Channel-Spatial Attention Module (ECSAM) to effectively
fuse textual and visual features, strengthening textual guidance for segmentation decisions.
Extensive experiments conducted on two publicly available text–image-paired medical
datasets demonstrated that MedLangViT significantly outperforms existing state-of-the-art
methods, validating the effectiveness of both the proposed model and the ECSAM.

Keywords: MedLangViT; ECSAM; BioBERT; medical image segmentation

1. Introduction

Medical image segmentation is a critical component of medical image analysis, playing
a vital role in clinical diagnosis, treatment planning, and disease research. Its applications
range from tumor detection to organ segmentation, making it indispensable in modern
medicine. However, obtaining high-quality annotated medical images faces significant
challenges. These challenges are particularly pronounced in COVID-19 lesion segmenta-
tion, where the visual identification of lesions faces inherent difficulties due to low contrast
boundaries between lesions like ground-glass opacities and surrounding lung tissue, het-
erogeneous manifestations appearing as diverse patterns including nodular, patchy, and
diffuse across patients, and ambiguous margins with ill-defined edges that challenge pre-
cise delineation even for experts [1,2]. Accompanying textual annotations provide critical
complementary information by specifying anatomical context, characterizing lesion at-
tributes, and highlighting clinically relevant features that may be visually obscure in the
images. On the one hand, annotation requires substantial time and effort from medical
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professionals, which results in high labor costs. On the other hand, the complexity and
specificity of medical images make annotation more difficult compared with conventional
images, while consistency across annotations is also hard to ensure. These factors severely
limit the performance improvement of medical image segmentation models.

In recent years, although deep learning technologies have achieved remarkable results
in this field, most existing models rely on large-scale annotated data for supervised learning
and struggle to overcome the data bottleneck. In practical applications, as shown in
Figure 1a, medical images are often accompanied by textual annotations that contain rich
semantic information, such as the location, shape, and number of lesions [3]. Effectively
integrating such textual information with visual data through a text encoder could bring
new opportunities to segmentation tasks. However, the substantial parameter footprint of
text encoders imposes a significant computational burden when used jointly with visual
models. Therefore, adopting a lightweight text embedding scheme as an alternative to
text encoders can enable high-accuracy text-assisted medical image segmentation with
minimal parameter overhead. Meanwhile, medical images often exhibit blurred boundaries
between different regions and low grayscale contrast, making accurate segmentation highly
challenging [4]. Therefore, more efficient feature fusion mechanisms and attention strategies
are urgently needed to address this issue [5].

Figure 1. The different methods of medical image segmentation. (a) The different frameworks of
medical image segmentation. (b) Ours.

To address these challenges, we propose an innovative medical image segmentation
approach that replaces the traditional text encoder with a novel, parameter-efficient text
embedding method. Specifically, we introduce BioBERT [6], a model pre-trained on large-
scale medical literature and specifically designed for the biomedical domain. With its
profound understanding of medical terminology and semantics, BioBERT outperforms
general BERT [7] in generating more clinically relevant text representations, thus providing
a robust foundation for subsequent tasks.

Additionally, we design a lightweight feature fusion module named the Enhanced
Channel-Spatial Attention Module (ECSAM), which incorporates critical enhancements for
multimodal feature fusion. Through its attention mechanism, ECSAM effectively captures
cross-modal associations between images and text while enhancing MedLangViT’s focus
on critical areas (e.g., lesion regions) and suppressing irrelevant information. This design
significantly improves the discriminative power of feature representations.

In order to verify the effectiveness of the proposed method, we conducted compre-
hensive experiments on the MosMedData+ [8] and QaTa-COV19 [9,10] datasets. The
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MosMedData+ dataset contains extensive lung CT images with diverse infection types
and lesion characteristics, while the QaTa-COV19 dataset comprises COVID-19 chest X-ray
images with varied lesion patterns and detailed annotations. The experimental results are
presented in Figure 2, demonstrating that MedLangViT achieves significant improvements
in segmentation performance despite using fewer parameters. Key metrics, including
the Dice coefficient and mean Intersection over Union (mIoU), surpass those of existing
methods while maintaining lower computational complexity. These findings validate the
method’s strong clinical applicability and suggest promising new research directions for
medical image segmentation. Our key contributions are summarized as follows:

Novel Network Architecture. Leveraging BioBERT as the text embedder, we propose
MedLangViT, an innovative image–text framework specifically designed for medical image
segmentation tasks enriched with textual annotations.

Innovative Attention Module. We propose the Enhanced Channel-Spatial Attention
Module, a lightweight feature-fusion mechanism that effectively captures cross-modal
correlations between visual and textual modalities.

Superior Performance. MedLangViT achieves state-of-the-art results on the QaTa-
COV19 and MosMedData+ datasets, demonstrating substantial improvements in medical
image segmentation accuracy.

Figure 2. Our MedLangViT is compared with some other methods in terms of Dice and Parameters
on QaTa-COV19 dataset. The radius of the circle represents GFLOPs. “↑” indicates an increasing
trend in DICE. “→” indicates an increasing trend in Parameters.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 presents the proposed MedLangViT method in detail. Section 4 describes the
experimental setup and reports results on multiple datasets, including comprehensive
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ablation studies. Section 5 discusses the limitations of our approach and outlines directions
for future improvement, and Section 6 concludes the paper.

2. Related Work

2.1. Medical Image Segmentation

Medical image segmentation has undergone transformative advancements with the
advent of deep learning. Early architectures like U-Net [11] established the foundation for
encoder–decoder frameworks, leveraging skip connections to preserve spatial details. Sub-
sequent innovations, such as UNet++ [12] and nnUNet [13], introduced nested structures
and automated hyper-parameter tuning to enhance robustness across diverse imaging
modalities. Despite these improvements, a persistent challenge remains: the reliance on
large-scale, high-quality annotated datasets, which are labor-intensive to curate in clinical
environments. To address annotation scarcity, semi-supervised learning (SSL) [14] methods
like DTC [15] and PLCT [16] exploit unlabeled data through consistency regularization
or pseudo-label refinement. More specifically, in medical imaging, multi-perspective dy-
namic consistency learning frameworks [17] have advanced SSL by enforcing prediction
invariance across diverse anatomical views and adaptive perturbation strategies. Recently,
pyramid-structured transformers with adaptive fusion mechanisms have shown promise in
enhancing multi-scale feature learning for semi-supervised segmentation tasks, particularly
in handling complex spatial contexts [18]. Hybrid architectures such as TransUNet [19]
and Swin-UNet [20] integrate Transformer modules with CNNs to capture long-range con-
textual dependencies while retaining local anatomical details. However, these approaches
predominantly focus on imaging-only inputs, overlooking the rich semantic information
embedded in clinical text reports—a critical limitation given the complementary nature of
radiological text and imaging data in diagnostic workflows.

2.2. Vision–Language Models in Medical Imaging

Vision–language pretraining (VLP) models, such as CLIP [21] and ViLT [22], have sig-
nificantly advanced natural image–text alignment through joint embedding learning from
large-scale multimodal datasets. However, when directly applied to medical imaging, these
models encounter substantial domain-specific challenges. Medical data intricacies manifest
in two key aspects: images exhibit subtle intensity variations and blurred boundaries, while
radiology reports contain specialized terminology that generic language models struggle
to contextualize. To address these challenges, recent studies, including GLoRIA [23] and
ConVIRT [24], have employed contrastive learning to align image regions with correspond-
ing textual descriptions. Specifically, GLoRIA extracts both global and local visual features
for radiology text matching, whereas ConVIRT utilizes bidirectional contrastive loss to
enhance joint image–text representation learning.

BioBERT, pretrained on PubMed abstracts and clinical notes, provides a robust solu-
tion to this limitation by embedding domain-specific semantics. Unlike BERT, BioBERT
undergoes explicit fine-tuning on biomedical corpora, enabling precise interpretation of
medical terminology, such as distinguishing between “consolidation” and “atelectasis.”
While BioBERT has demonstrated significant potential in tasks like named entity recogni-
tion and relation extraction, its integration within vision–language models for segmentation
remains underexplored. Concurrent works such as TGA-Net [25] have begun exploring
text-guided attention for polyp segmentation but rely on shallow text embeddings that
lack deep linguistic context. Similarly, approaches aligning image patches with report
snippets for pneumonia localization depend on generic text encoders, limiting their ability
to process nuanced clinical descriptions. MedLangViT therefore represents an innovative
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advancement by embedding BioBERT within a multimodal architecture, facilitating fine-
grained alignment between radiological text and visual features—a critical capability for
enhancing pseudo-label quality in semi-supervised settings.

2.3. Attention Mechanisms for Multimodal Fusion

Attention mechanisms are now essential for enhancing feature representations in
medical imaging. Spatial-channel attention modules, such as CBAM [26], adaptively
highlight regions that are diagnostically relevant, while self-attention models global context
within Transformer-based architectures. For multimodal tasks, LAVT [27] introduces
pixel-word attention to align visual and linguistic features, and VLT employs cross-modal
Transformers for referring segmentation. However, these methods focus on aggregating
global context, often neglecting local anatomical details. This is a critical shortcoming in
medical segmentation, where boundary precision is paramount. MedLangViT’s Efficient
Channel Spatial Attention Module (ECSAM) addresses this imbalance by synergistically
combining channel and spatial attention with BioBERT-derived text embeddings. Unlike
LAVT’s cross attention, which prioritizes modal alignment, ECSAM first enhances the
preservation of local features through inter-channel self-attention aggregation. It then
strengthens text-guided semantic clues through spatial attention. For example, the BioBERT
embedding for “lower right lung infection” guides ECSAM to enhance features in the
corresponding image area. This ensures that textual context refines local structural details
rather than overwhelming them. This design is particularly effective for segmenting fuzzy
boundaries, such as COVID-19 lesions in X-rays, where text annotations provide key
spatial priors.

3. Method

In this section, we first introduce the overall structure of MedLangViT, then explain
the vision branch and language branch, and finally describe our proposed ECSAM.

3.1. Overall Architecture

Similar to LViT, our MedLangViT model adopts a Double-U structure, comprising a
vision branch and a language branch. The overall architecture of MedLangViT is shown in
Figure 3. The vision branch is a U-shaped CNN branch composed of multiple CNN blocks,
tasked with image feature extraction and segmentation prediction. The language branch is
a U-shaped ViT branch consisting of a BioBERT Embed block and multiple ViT blocks. The
BioBERT Embed block conducts medical annotation text embedding to aid segmentation,
while the ViT blocks fuse image and text information. Moreover, we integrate an Enhanced
Channel-Spatial Attention Module (ECSAM) at the skip connections of the U-shaped CNN
branch. This allows the upsampling process in the CNN branch to capture the maximum
extent of image feature information. Finally, the network feeds the fused information from
corresponding hierarchical levels back to the vision branch for final segmentation. The
input shape and output shape of every layer of the network are shown in Tables 1 and 2.

3.2. Vision Branch

As depicted in Figure 3, the U-shaped CNN branch processes image information
and serves as the segmentation head to generate the prediction mask. Each CNN module
consists of Convolution, Batch Normalization, and ReLU activation layers. Between suc-
cessive DownCNN modules, image features undergo downsampling via MaxPool layers.
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Corresponding UpCNN modules incorporate features through concatenation operations.
The operations within each CNN module are formally defined by Equations (1) and (2):

Di = DownCNNi = ReLU(BN(Convi(·))) (1)

YDownCNN,i+1 = MaxPool(Di(YDownCNN,i)) (2)

where YDownCNN,i represents the input of the i-th DownCNN module, which becomes
YDownCNN,i+1 after the downsampling of the i-th DownCNN module and the MaxPool
layer. To enhance image feature learning, an Enhanced Channel-Spatial Attention Module
(ECSAM) is integrated at the skip connections within the U-shaped CNN branch. This
module receives cross-modal interaction features from both the CNN and ViT branches. The
refined features from ECSAM are then propagated to the corresponding UpCNN modules,
progressively delivering multi-level contextual information during the upsampling path.

Figure 3. The overall architecture of MedLangViT.

Table 1. CNN module architecture.

Layer Name Input Shape Output Shape

InConv 3 × 224 × 224 64 × 224 × 224
DownCNN1 64 × 224 × 224 128 × 112 × 112
DownCNN2 128 × 112 × 112 256 × 56 × 56
DownCNN3 256 × 56 × 56 512 × 28 × 28
DownCNN4 512 × 28 × 28 512 × 14 × 14
Reconstruct1 64 × 14 × 14 64 × 224 × 224
Reconstruct2 128 × 14 × 14 128 × 112 × 112
Reconstruct3 256 × 14 × 14 256 × 56 × 56
Reconstruct4 512 × 14 × 14 512 × 28 × 28

UpCNN4 512 × 14 × 14 + 512 × 28 × 28 256 × 28 × 28
UpCNN3 256 × 28 × 28 + 256 × 56 × 56 128 × 56 × 56
UpCNN2 128 × 56 × 56 + 128 × 112 × 112 64 × 112 × 112
UpCNN1 64 × 112 × 112 + 64 × 224 × 224 64 × 224 × 224
OutConv 64 × 224 × 224 1 × 224 × 224
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3.3. Language Branch

Within the U-shaped CNN architecture, the complementary U-shaped ViT branch is
engineered to integrate visual and textual features. As illustrated in Figure 3, the initial
DownViT layer processes two inputs: textual embeddings from BioBERT-Embed and visual
features extracted by the first DownCNN layer. Here, BioBERT provides the pretrained
foundation for BioBERT-Embed. The cross-modal fusion mechanism is formally defined by
Equation (3):

YDownViT,1 = ViT(ximg,1 + ReLU(BN(Conv(xtext))) (3)

where ximg,i denotes image features from the DownCNN path, xtext represents textual fea-
tures, and PatchEmbedding transforms YDownCNN,i into embedded features ximg,i. The ViT
module comprises Multi-headed Self-attention (MHSA) and MLP layers, with LN indicat-
ing layer normalization. Subsequent DownViT layers (i = 2, 3, 4) simultaneously consume
features from both the preceding DownViT module and the corresponding DownCNN
layer, as specified in Equation (4):

YDownViT,i+1 = ViT(YDownViT,i + ximg,i+1) (4)

These multi-scale features are then propagated back through the UpViT module to the
CNN-ViT interaction stage. At each level, they merge with features from the corresponding
DownCNN pathway. This hierarchical fusion strategy strengthens global feature repre-
sentation while diminishing dependence on potentially noisy text annotations, thereby
enhancing model robustness.

Table 2. Transformer and text module architecture.

Module Name Layer Name Input Shape Output Shape

Transformer module DownVit1 64 × 224 × 224 64 × 14 × 14
DownVit2 128 × 112 × 112 128 × 14 × 14
DownVit3 256 × 56 × 56 256 × 14 × 14
DownVit4 512 × 28 × 28 512 × 14 × 14

UpVit4 512 × 14 × 14 512 × 14 × 14
UpVit3 256 × 14 × 14 256 × 14 × 14
UpVit2 128 × 14 × 14 128 × 14 × 14
UpVit1 64 × 14 × 14 64 × 14 × 14

Text module Text_module4 768 × 128 512 × 128
Text_module3 512 × 128 256 × 128
Text_module2 256 × 128 128 × 128
Text_module1 128 × 128 64 × 128

3.4. Enhanced Channel-Spatial Attention Module

In this subsection, we introduce the Enhanced Channel-Spatial Attention Module
(ECSAM), which is designed to improve feature representation by integrating channel
and spatial attention mechanisms while maintaining computational efficiency. ECSAM is
composed of several key components that work together to achieve this goal, as shown in
Figure 4.

The ECSAM processes input features X ∈ R
B×C×H×W through an integrated channel

and spatial attention mechanism. First, we perform a shared projection for both query
and key vectors using a 1 × 1 convolutional layer with batch normalization and ReLU
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activation. This produces a combined tensor, which is then split into query matrix Q and
key matrix K:

QK = σ(BN(Conv1×1(X))), Q, K = split(QK, [C/r, C/r]) (5)

where Q ∈ R
B×C/r×HW and K ∈ R

B×HW×C/r after reshaping operations. Simultaneously,
we compute the value projection V using a separate 1 × 1 convolutional layer with batch
normalization and ReLU activation:

V = σ(BN(Conv1×1(X))) ∈ R
B×C/r×HW (6)

We then compute channel attention weights through matrix multiplication and
softmax normalization. These weights are applied to the value matrix to obtain
channel-enhanced features:

Energy = Q ⊗ K, A = so f tmax(Energy), V′
low = A ⊗ V (7)

where V′
low ∈ R

B×C/r×HW represents the channel-enhanced features in reduced dimension.
The channel-enhanced features are restored to the original dimension using a grouped
convolution with batch normalization:

V′ = BN(GroupConv1×1(reshape(V′
low))) ∈ R

B×C×H×W (8)

Spatial attention is applied by first extracting spatial information through pooling opera-
tions. The average-pooled and max-pooled features are concatenated and processed through
a convolutional layer with sigmoid activation to generate spatial attention weights S:

avg = AvgPool(V′), max = MaxPool(V′) (9)

S = σ(Convk×k(concat(avg, max))) ∈ [0, 1]B×1×H×W (10)

Figure 4. The overall architecture of Enhanced Channel-Spatial Attention Module (ECSAM). γ is a
learnable parameter.

The spatial attention weights are then applied to the channel-enhanced features
through element-wise multiplication:

X′ = V′ 
 S (11)
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Finally, a dynamic weighting parameter γ adjusts the contribution of the atten-
tion mechanism, and the output is combined with the original features through a
residual connection:

O = γ 
 X′ + X (12)

where γ ∈ R
1×C×1×1 is a learnable parameter initialized to zero.

In the evolutionary trajectory of channel attention mechanisms, the core innovation
of ECSAM lies in its deep integration of efficient self-attention mechanisms into channel
modeling, significantly enhancing computational efficiency through parameter sharing and
structural optimization. Its design abandons traditional channel statistics extraction based
on global pooling (as seen in the channel branches of SE Block [28] and CBAM [26]), as
these methods essentially compress the two-dimensional feature map of each channel into a
single value through pooling operations. While simple and efficient, they lose spatial details
and can only model static statistical relationships between channels. Instead, it employs a
shared-weight 1× 1 convolution to simultaneously generate dimensionality-reduced Query
and Key. Within this low-dimensional space, it utilizes self-attention to dynamically learn
complex interdependencies between channels. This is followed by efficient channel dimension
recovery via grouped convolution, supplemented by a post-positioned lightweight spatial
attention module for spatial modulation. Finally, dynamic residual fusion is achieved through
a learnable gamma (γ parameter. Compared with SE Block, which relies solely on global
average pooling for static channel weighting and completely ignores spatial information,
and CBAM, which combines channel attention (based on maxpooling and avgpooling) and
spatial attention but features relatively static channel modeling and lower parameter efficiency,
ECSAM achieves richer, more context-aware channel interaction modeling through dynamic
self-attention. Concurrently, strategies like shared projections and grouped convolution deliver
higher parameter and computational efficiency, forming a synergistic optimization mechanism
that fuses dynamic channel interaction with spatial modulation.

4. Experiments and Results

4.1. Datasets

QaTa-COV19 dataset: The QaTa-COV19 dataset is compiled by researchers from Qatar
University and Tampere University. It contains 9258 COVID-19 chest X-ray images with
manual annotations of COVID-19 lesions. The annotations are subsequently enriched
with text-based details as per [10], concentrating on the infection status of both lungs, the
quantity of affected zones, and the general location of these infected areas. The detailed
dataset partitioning is shown in Table 3.

Table 3. The specific division of different datasets.

QaTa-COV19 MosMedData+

Train 5716 2183
Validation 1429 273

Test 2113 273
Total 9258 2729

MosMedData+ dataset: The MosMedData+ dataset, containing 2729 CT scans of lung
infections along with corresponding text descriptions (“Bilateral pulmonary infection, three
infected areas, middle left lung and middle right lung”), is divided as shown in Table 3.

As shown in Figure 5, there are several example images and corresponding text descriptions.
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Figure 5. Image examples and corresponding text content for QaTa-COV19 and MosMedData+ datasets.

4.2. Implementation Details

We train each model on a single NVIDIA RTX 6000 GPU with 48 GB memory
(NVIDIA Corporation, Santa Clara, CA, USA) using the MosMedData+ and QaTa-COV19
datasets. Our model is based on PyTorch 1.12.0 and we use 224 × 224 images and
the Adam optimizer. For MosMedData+, we set the batch size to 8, the learning rate
to 1 × 10−3, and trained for 200 epochs. For QaTa-COV19, we set the batch size to
8, the learning rate to 3 × 10−4, and the epochs to 200. The loss function is shown
as Equation (15).

4.3. Loss Function and Evaluation Metrics

The loss function we use is shown in Equation (15), where LDice means dice loss and
LCE means cross-entropy loss.

LDice = 1 − 2 × |Y ∩ Ŷ|
|Y|+ |Ŷ|

(13)

LCE =
1
N

N

∑
i=1

×[yi log(ŷi) + (1 − yi) log(1 − ŷi)] (14)

L =
(LDice + LCE)

2
(15)

In our experiments, Y and Ŷ are the ground truth and predicted result. N denotes the
total pixel count. yi ∈ Y and ŷi ∈ Ŷi.

To assess performance, the Dice score and the mIoU metric are employed to evaluate
our MedLangViT model and other SOTA methods, as detailed in Equations (16) and (17):

DICE(Y, Ŷ) =
2 × |Y ∩ Ŷ|
|Y|+ |Ŷ|

= 1 − LDice (16)

IoU(Y, Ŷ) =
|Y ∩ Ŷ|
|Y ∪ Ŷ|

(17)

where Y and Ŷ also have the same definition as in the above section. mIoU is the average
of IoUs for all categories.
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4.4. Results on QaTa-COV19 and MosMedData+ Datasets

On the QaTa-COV19 dataset, the MedLangViT method achieved a Dice coefficient
and mIoU of 84.27% and 75.93%, respectively, as shown in Table 4, representing a sig-
nificant improvement over other methods. On the more challenging MosMedData+
dataset, it obtained a Dice coefficient of 75.95% and an mIoU of 63.17%, again out-
performing other approaches. In terms of parameter count and computational com-
plexity (FLOPs), MedLangViT has a parameter count of 27.7 M and FLOPs of 47.8 G.
Compared with recent vision–language models for segmentation, MedLangViT demon-
strates superior computational efficiency: It requires only 31.8% of CLIP’s parameters
(87.0 M to 27.7 M) and 45.4% of its FLOPs (105.3 G to 47.8 G), while outperforming
LAVT (118.6 M/83.8 G) by 5.0% Dice on MosMedData+ with 65% fewer parameters.
Even against similarly sized LVIT (29.7 M/54.1 G), MedLangViT achieves higher ac-
curacy with 11.6% fewer FLOPs. Compared with methods with higher parameters
and computational complexity, such as TransUNet (105.0 M/56.7 G) and Swin-Unet
(82.3 M/67.3 G), MedLangViT achieves superior performance while maintaining lower
parameter and computational complexity, indicating a better balance between model ef-
ficiency and performance. This efficiency stems from our lightweight medical-specific
architecture and optimized text–image fusion, avoiding computational overhead from
large pretrained VL backbones or complex fusion modules. Additionally, compared with
purely visual methods that do not utilize textual information, all text-guided models
demonstrate a significant and consistent advantage on both datasets. This indicates that
incorporating auxiliary textual information can effectively enhance MedLangViT’s under-
standing and segmentation accuracy of COVID-19-related lung lesions. As the optimal
text-guided method, MedLangViT’s superior performance and efficiency further confirm
the effectiveness of its hybrid architecture (CNN-Transformer) and text–image fusion
strategy, particularly in handling complex and diverse lesion patterns.

Table 4. The quantitative results of different methods on the QaTa-COV19 and MosMedData+
datasets. The “Hybrid” means CNN-Transformer structure.

Methods Backbone Text Param (M) FLOPs (G)
QaTa-COV19 MosMedData+

Dice (%) mIoU (%) Dice (%) mIoU (%)

U-Net [11] CNN × 14.8 50.3 79.02 69.46 64.60 50.73
nnUNet [13] CNN × 19.1 412.7 80.42 70.81 72.59 60.36

TransUNet [19] Hybrid × 105.0 56.7 78.63 69.13 71.24 58.44
Swin-Unet [20] Hybrid × 82.3 67.3 78.07 68.34 63.29 50.19
SegFormer [29] Hybrid × 84.7 35.1 78.41 68.83 65.05 54.34

MedLangViT (w/o) Hybrid × 26.0 47.2 81.97 71.77 73.02 60.53
ConVIRT [24] CNN � 35.2 44.6 79.72 70.58 72.06 59.73
TGANet [25] CNN � 19.8 41.9 79.87 70.75 71.81 59.28

CLIP [21] Hybrid � 87.0 105.3 79.81 70.66 71.97 59.64
GLORIA [23] Hybrid � 45.6 60.8 79.94 70.68 72.42 60.18

LViT [10] Hybrid � 29.7 54.1 83.66 75.11 74.57 61.33
LAVT [27] Hybrid � 118.6 83.8 79.28 69.89 73.29 60.41

DenseCLIP [30] Hybrid � 105.3 49.9 79.58 70.37 71.62 58.95
MedLangViT Hybrid � 27.7 47.8 84.27 75.93 75.95 63.17

MedLangViT not only leads in accuracy but also excels in model efficiency, with lower
parameter and computational complexity than other high-performance hybrid models,
making it more practical. On the more challenging MosMedData+ dataset, MedLangViT
shows a greater improvement over the second-best method compared with its improvement
on QaTa-COV19, indicating its robustness and generalization ability in handling more
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complex, noisy, or data with greater annotation differences. Overall, MedLangViT achieves
state-of-the-art COVID-19 lung lesion segmentation accuracy on both the QaTa-COV19 and
MosMedData+ datasets while maintaining lower model complexity and computational
cost, validating its effectiveness and efficiency.

Since the quantitative results of image-only models are consistently lower than those of
text–image models, we performed qualitative analysis only on the text–image models. The
qualitative results of MedLangViT and other state-of-the-art methods on the MosMedData+
and QaTa-COV19 datasets are shown in Figure 6. To demonstrate segmentation perfor-
mance across varying lesion sizes, we present representative results from the MosMedData+
dataset categorized into three groups: small, medium, and large lesions. As shown in
Figure 6, while segmentation accuracy for small and medium lesions shows comparable
performance across methods, our approach achieves significantly superior shape fidelity
and topological continuity for large lesions, more closely aligning with the ground truth
annotations. The qualitative results demonstrate that MedLangViT exhibits robust semantic
segmentation capabilities compared with other state-of-the-art multimodal segmentation
methods. Due to the advantage of integrating both text and image information into a single
encoder, MedLangViT achieves finer segmentation boundaries.

Figure 6. The qualitative results of different methods on QaTa-COV19 and MosMedData+ datasets.

4.5. Ablation Study

In this section, we conduct five sets of ablation experiments to demonstrate the ne-
cessity of each component in MedLangViT, the choice of hyper-parameters, the internal
structure of ECSAM, different attention mechanisms, and different BERT-based embed-
dingson two datasets.

4.5.1. Effect of Each Component

In this section, we conduct an ablation study on the MosMedData+ dataset to demon-
strate the necessity of each component in our network architecture. Table 5 ablates the
contribution of key components in our framework on the MosMedData+ dataset. We
specifically focus on the BERT, Pixel-Level Attention Module (PLAM), BioBERT, and the
proposed Enhanced Channel-Spatial Attention Module (ECSAM).
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Table 5. The effect of each component on MosMedData+ dataset. PLAM (Pixel-Level Attention
Module) is the part of LViT that corresponds to ECSAM in MedLangViT.

BERT PLAM BioBERT ECSAM Dice (%) mIoU (%)

� � 74.57 61.33
� � 74.89 61.76

� � 75.03 62.06
� � 75.95 63.17

The synergistic combination of BERT and PLAM, as implemented in LViT, achieved
a Dice score of 74.57% and an mIoU of 61.33% on the MosMedData+ dataset. Replacing
PLAM with ECSAM while retaining BERT improved Dice by 0.32% (74.89%), demonstrating
that ECSAM enhances spatial-text feature fusion compared with PLAM. Strikingly, using
BioBERT with PLAM yields a Dice of 75.03%, significantly outperforming BERT-based
configurations. This confirms that medical-specific language modeling was critical for
capturing clinical semantics. Most importantly, the synergistic integration of BioBERT and
ECSAM achieves 75.95% Dice and 63.17% mIoU—the highest results in the ablation. This
combination surpasses the isolated gains of BioBERT and ECSAM, with a total improvement
of 1.38% Dice.

The superadditive effect highlights their complementary roles: BioBERT provides clin-
ically grounded text representations, and ECSAM dynamically aligns these representations
with visual features at optimal spatial granularity, thereby eliminating semantic ambi-
guities and refining lesion boundary delineation. Specifically, the superior performance
of ECSAM stems from its dynamic channel modeling that replaces static pooling-based
statistics with efficient self-attention, capturing complex inter-channel dependencies while
preserving spatial integrity through shared 1 × 1 convolutions for Query/Key generation
and lightweight spatial refinement. This paradigm shift from compression-based methods
enables richer context-aware feature fusion.

4.5.2. Effect of Hyper-Parameters

In this section, we conduct an ablation study on hyper-parameters, including batch
size and learning rate. We test MedLangViT on two datasets: MosMedData+ and QaTa-
COV19. For the batch size, we try three different settings: 8, 4, and 2. For the learning
rate, we adopted the settings from [10], which are 3 × 10−4 and 1 × 10−3. The experimental
results can be seen in Table 6. As shown in the table, for the QaTa-COV19 dataset, the
best results are achieved with a batch size of 8 and a learning rate of 3 × 10−4. For the
MosMedData+ dataset, the optimal results are obtained with a batch size of 8 and a learning
rate of 1 × 10−3. Overall, the results indicate that variations in batch size lead to more
significant improvements in performance compared with changes in learning rate.

Table 6. The effect of different hyper-parameters.

Hyper-Parameters
QaTa-COV19 MosMedData+

Dice (%) mIoU (%) Dice (%) mIoU (%)

Batch Size
8 84.27 75.93 75.95 63.17
4 82.93 74.21 73.43 60.01
2 82.41 73.58 73.20 59.78

Learning Rate 3 × 10−4 84.27 75.93 75.26 62.73
1 × 10−3 83.65 75.02 75.95 63.17

66



Electronics 2025, 14, 3020

4.5.3. Effect of Internal Structure of ECSAM

Table 7 quantitatively ablates the internal components of ECSAM on MosMedData+.
When employing separate 1 × 1 convolutions for Query and Key generation (QConv +
KConv) without SAM, the baseline achieves 73.47% Dice. Replacing these with a unified
QKConv (shared-weight 1 × 1 convolution for joint Q/K generation) yields a 0.28% Dice
gain, demonstrating that parameter sharing enhances efficiency while maintaining repre-
sentational capacity. The addition of the Spatial Attention Module (SAM) to separate Q/K
convolutions boosts performance substantially to 74.68% Dice, validating SAM’s critical
role in spatial refinement. Most significantly, the synergistic integration of QKConv and
SAM achieves peak performance (75.95% Dice, 63.17% mIoU), surpassing the isolated QK-
Conv configuration by 2.20% Dice and exceeding the QConv+KConv+SAM combination
by 1.27% Dice. This confirms that QKConv’s parameter-efficient channel modeling and
SAM’s spatial enhancement operate complementarily, with their joint optimization being
essential for ECSAM’s full efficacy.

Table 7. The effect of internal structure of ECSAM on MosMedData+ dataset.

QConv KConv SAM QKConv Dice (%) mIoU (%)

� � 73.47 60.59
� 73.75 61.22

� � � 74.68 61.54
� � 75.95 63.17

4.5.4. Effect of Different Attention Mechanism

When analyzing the impact of different attention mechanisms on model performance,
the ECSAM demonstrates comprehensive advantages, as shown in Table 8. Compared
with the SE Block and CBAM, ECSAM achieves the lowest inference latency of 29.52 ms
with only a slight increase in parameter count to 27.74 M and computational load to
47.75 G FLOPs, reducing latency by 1.1% compared with the SE Block and by 3.5% com-
pared with CBAM, while also reducing memory usage to 9.07 MB, which is 6.6% less
than the SE Block and 7.0% less than the CBAM. More importantly, ECSAM significantly
improves segmentation accuracy, with a Dice coefficient of 75.95%, which is 1.27 percentage
points higher than the SE Block and 1.34 percentage points higher than CBAM; the mIoU
metric reaches 63.17%, which is 1.39 percentage points better than the SE Block and 1.35
percentage points better than CBAM, fully validating the module’s dual advantages in
enhancing feature representation capabilities and optimizing computational efficiency.

Table 8. The effect of MedLangViT with different attention mechanism on MosMedData+ dataset.
“aLatency” means the average of latency measurements taken ten times. “aMU” means the average
memory usage measured ten times.

Modules Params (M) FLOPs (G) aLatency (ms) aMU (MB) Dice (%) mIoU (%)

SE Block [28] 27.72 47.38 29.85 9.71 74.68 61.78
CBAM [26] 27.72 47.39 30.58 9.74 74.61 61.82

ECSAM 27.74 47.75 29.52 9.07 75.95 63.17

4.5.5. Effect of Different BERT-Based Embeddings

To investigate the impact of different BERT-based embeddings, we evaluated Med-
LangViT integrated with three biomedical BERT variants: PubMedBERT, BlueBERT, and
BioBERT. As Table 9 shows, substituting these embedding modules maintained identical
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parameter counts of 27.74 M and computational costs of 47.75 G FLOPs, since all three share
the same BERT-base architecture with only pretrained weights differing based on their
training corpora: PubMedBERT used PubMed abstracts [31], BlueBERT combined PubMed
abstracts with MIMIC-III clinical notes [32], and BioBERT leveraged both PubMed abstracts
and PMC full-text articles [6]. Crucially, despite the identical model scale, segmentation
performance varied significantly. BioBERT achieved optimal results with a Dice coefficient
of 75.95% and mIoU of 63.17%, attributed to its exposure to detailed radiological descrip-
tions in PMC full texts. PubMedBERT yielded lower performance at 75.41% Dice and
62.21% mIoU due to abstract-only training data limitations. BlueBERT performed weakest
at 75.08% Dice and 61.97% mIoU, likely hindered by non-standardized clinical jargon and a
smaller pretraining scale. These results confirm that pretraining corpus characteristics drive
performance differences when using different BERT-based embeddings, where BioBERT’s
full-text exposure aligns best with lung CT segmentation tasks, underscoring the necessity
of selecting text embeddings pretrained on task-relevant subdomains within multimodal
medical imaging architectures.

Table 9. The effect of MedLangViT with different BERT-based embeddings on MosMedData+ dataset.

Modules Params (M) FLOPs (G) Dice (%) mIoU (%)

PubMedBERT [31] 27.74 47.75 75.41 62.21
BlueBERT [32] 27.74 47.75 75.08 61.97

BioBERT [6] 27.74 47.75 75.95 63.17

4.6. Interpretability Study

We conduct explainability studies on the QaTa-COV19 and MosMedData+ datasets
to evaluate whether our network focuses on lesion regions better than other multimodal
networks. To intuitively show changes in model attention areas, we use GradCAM [33] to
compare activation in these regions. As Figure 7 shows, compared with TGANet, GLoRIA,
and LViT, our MedLangViT has more precise activation regions that better match lesion
contours on QaTa-COV19. On MosMedData+, MedLangViT activation regions are broader
with fewer omissions.

Figure 7. Visualization of saliency maps of different approaches on the MosMedData+ and QaTa-
COV19 datasets. The text input of the first row is “Bilateral pulmonary infection, two infected areas,
lower left lung and lower right lung”. The text input of the second row is “Bilateral pulmonary
infection, six infected areas, all left lung and middle right lung”. The text input of the third row is
“Bilateral pulmonary infection, six infected areas, upper left lung and middle right lung”.
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Additionally, to better explore the regional activation patterns within our model’s fea-
ture processing process, we conduct further experiments on the MosMedData+ dataset. We
select a visually interpretable case (the original ground truth in the third row of Figure 7) for
visualization, as shown in Figures 8 and 9. Focusing on the image processing pathway, we
generate activation mappings across all DownCNN and UpCNN layers of the network using
BioBERT and ECSAM, as well as BioBERT and PLAM. It can be observed in Figures 8 and 9
that during the downsampling stages, activated regions gradually converge toward the core
lesion areas. Subsequent upsampling stages then precisely localize these pathological regions.
But compared with Figure 9, the activation region in Figure 8 is more accurate. This indicates
that our ECSAM is more helpful in improving the attention of lesion areas.

Figure 8. Visualization of saliency maps of different layers of network with BioBERT and ECSAM on
the MosMedData+ dataset.

Figure 9. Visualization of saliency maps of different layers of network with BioBERT and PLAM on
the MosMedData+ dataset.

5. Discussion

While MedLangViT has achieved substantial progress by integrating clinical text, its
upper limit is ultimately constrained by annotation quality. Firstly, inter-clinician variations
in descriptive precision, exemplified by ambiguous phrases such as “mildly opaque” or
“hazy area”, introduce semantic ambiguity. This challenges BioBERT’s word sense disam-
biguation capabilities. Additionally, terminology differences across institutions—including
British versus American spellings and abbreviation conventions—further amplify these
inconsistencies. Secondly, mismatches between textual descriptions and actual visual
features (e.g., mentions of invisible lesions or extremely subtle pathologies) can misguide
ECSAM’s spatial attention and cause over-activation of attention heatmaps in erroneous
regions. Thirdly, MedLangViT inherently assumes clean and complete text–image pairs.
However, common retrospective data issues such as spelling errors, missing fields, and
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copy–paste artifacts (including repeated or conflicting descriptions) directly undermine
segmentation robustness, particularly in low-resource settings. Finally, model confidence
may sharply decline when encountering real-world low-quality or partially missing text
annotations. Future work will quantify these impacts and develop ambiguity-resilient
fusion mechanisms.

6. Conclusions

In this paper, we propose a novel language–vision model for medical image seg-
mentation, termed MedLangViT. The model employs BioBERT—a medically specialized
language model—to embed clinical text annotations, thereby mitigating limitations in-
herent in image-only data. Furthermore, we propose an Enhanced Channel-Spatial At-
tention Module (ECSAM) that aggregates inter-channel self-attention to enhance local
features and subsequently reinforces text-guided semantic cues through spatial atten-
tion mechanisms, synergistically integrating textual and visual representations. Experi-
mental results on both MosMedData+ and QaTa-COV19 datasets demonstrate that our
model outperforms state-of-the-art approaches, including classical vision-only models and
contemporary language–vision frameworks. Future work will explore quantitative and
qualitative impacts of text annotations on model performance, including robustness to an-
notation variability/ambiguity and the framework’s generalizability across diverse medical
imaging modalities.
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Abstract: Nanoimprint lithography (NIL) has emerged as a promising sub-10 nm patterning
at low cost; yet, robust process control remains difficult because of time-consuming physics-
based simulators and labeled SEM data scarcity. We propose a data-efficient, two-stage
deep-learning framework here that directly reconstructs post-imprint SEM images from
binary design layouts and delivers calibrated pixel-by-pixel uncertainty simultaneously.
First, a shallow U-Net is trained on conformalized quantile regression (CQR) to output 90%
prediction intervals with statistically guaranteed coverage. Moreover, per-level errors on
a small calibration dataset are designed to drive an outlier-weighted and encoder-frozen
transfer fine-tuning phase that refines only the decoder, with its capacity explicitly focused
on regions of spatial uncertainty. On independent test layouts, our proposed fine-tuned
model significantly reduces the mean absolute error (MAE) from 0.0365 to 0.0255 and raises
the coverage from 0.904 to 0.926, while cutting the labeled data and GPU time by 80% and
72%, respectively. The resultant uncertainty maps highlight spatial regions associated with
error hotspots and support defect-aware optical proximity correction (OPC) with fewer
guard-band iterations. Extending the current perspective beyond OPC, the innovatively
model-agnostic and modular design of the pipeline here allows flexible integration into
other critical stages of the semiconductor manufacturing workflow, such as imprinting,
etching, and inspection. In these stages, such predictions are critical for achieving higher
precision, efficiency, and overall process robustness in semiconductor manufacturing,
which is the ultimate motivation of this study.

Keywords: nanoimprint lithography (NIL); layout-to-SEM reconstruction; U-Net; conformal
prediction; uncertainty quantification; optical proximity correction (OPC)

1. Introduction

1.1. Nanoimprint Lithography: Principles, Advantages, and Manufacturing Challenges

Nanoimprint lithography (NIL) has emerged as an inspiring replacement for conven-
tional photolithography recently, with a low-cost and high-resolution patterning process
for sub-10 nm nodes [1–3]. The simplicity of its process flow—comprising master template
creation and replica template fabrication, and final wafer patterning—makes it particularly
suitable for high-throughput manufacturing [4]. In contrast to conventional optical lithogra-
phy, which relies on the use of reduction masks (typically 4× or 5×), NIL makes use of a 1:1
imprint template to pattern the substrate directly at the nanoscale. This one-to-one transfer
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mechanism reduces the reliance on traditional optical proximity correction (OPC), which
compensates for distortions introduced by optical systems. While OPC plays a vital role in
ensuring that the pattern on the wafer is identical to the design layout, its models are based
on the physics of optical lithography. NIL, on the other hand, relies on entirely different mech-
anisms such as mechanical contact and polymer flow, which calls for new OPC frameworks
specific to imprint-based techniques. To ensure pattern fidelity, OPC often employs guard
bands—conservative layout margins that require costly iterative tuning, which NIL’s distinct
physics now demand to be redefined. The strategic importance of NIL has been increasingly
recognized by leading semiconductor foundries in Asia, where the technology has already
been introduced into demo-line systems for next-generation patterning evaluation.

In spite of all its advantages, NIL still faces challenges in several aspects of process
control, including the trade-off involved in optimizing residual layer thickness and the
non-uniform droplet distribution in near-shot-edge regions [5–7]. Recent studies suggest
that NIL represents not only a quantitative advancement in resolution but also a state-of-
the-art lithographic paradigm that simplifies the process architecture, reduces the overlay
and proximity effects, and offers novel flexibility for 3D patterning and emerging device
geometries [8]. Its revolutionary impact is more than keeping up with next-generation
photolithography performance—it redefines the limits of the achievable resolution and
process scalability in next-generation semiconductor manufacturing [9].

In the context of semiconductor chip-level fabrication, these limitations become par-
ticularly significant. Contemporary integrated circuits demand extremely high levels of
precision and uniformity with tolerances at the nanometer scale. As feature sizes con-
tinue to shrink and device architectures grow increasingly complicated, manufacturing
bottlenecks have developed into major hurdles to technological advancement. These is-
sues cannot be resolved by traditional rule-based process control methodologies alone,
especially under data-limited or variation-sensitive conditions [10].

1.2. AI and Deep Learning for Layout-to-SEM Reconstruction in NIL

To address this need, our recent research explored the application of artificial intelli-
gence (AI) for semiconductor metrology and inspection, focusing on advanced defect detec-
tion based on scanning electron microscope (SEM) images taken from after-development
inspection (ADI) [10,11]. In this work, we proposed a two-stage deep-learning framework
with synthetic minority over-sampling (SMOTE) and transfer fine-tuning to combat the
significant issue of data imbalance and classification challenge efficiently. This strategy
not only enhanced defect detection accuracy and computational efficiency for SEM-based
hotspot monitoring but also highlighted data scarcity as a key challenge in achieving
robust models for process control. Following the aforementioned study, our research here
proposes a deep-learning integration into NIL-based fabrication analysis, with a focus on
layout-to-SEM image reconstruction enhanced by conformal uncertainty calibration. By
coupling pixel-level prediction with statistically valid uncertainty quantification (UQ), the
framework aims to bridge the gap between the limitations of physics-based simulations and
the need for scalable, data-driven defect prediction in cutting-edge patterning processes.

To enable the widespread adoption of NIL in semiconductor manufacturing, sophis-
ticated process optimization and tight control mechanisms are not only beneficial—they
are imperative for modern semiconductor manufacturing, especially in NIL [12]. In this
regard, the integration of AI into the manufacturing process has become strongly associated
with possible future breakthroughs, especially due to its ability to extract latent patterns
from complex process data, adjust for variability, and support closed-loop optimization
strategies. Furthermore, as AI chips themselves begin to be a driving force for increasingly
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sophisticated fabrication, there exists a self-reinforcing cycle between AI and semiconductor
process development—AI must assist in enabling what AI hardware demands.

However, for AI-driven optimization to be successful in semiconductor manufactur-
ing processes, access to high-quality and high-resolution process data is indispensable. In
practice, obtaining real-world process data, such as SEM images from the resist develop-
ment or etching stages, however, is time- and resource-demanding [11]. For one thing,
establishing accurate physical simulations that capture material-dependent properties is
likewise nontrivial [3]. These constraints have motivated the use of machine learning
(ML) as a promising alternative for accelerating process modeling and functional approx-
imation [13,14]. Yet, purely data-driven ML models tend to overfit under data scarcity
and often lack calibrated mechanisms for quantifying predictive uncertainty—two major
challenges in high-stakes semiconductor applications [15].

To reckon with this challenge, we present here a deep convolutional neural network
(CNN) layout-to-SEM image reconstruction model enhanced with conformal uncertainty
calibration for the precise mapping of input design layout images to target SEM outputs. As
it is hard to exactly quantify the trustworthiness of data-driven ML models, interpretability
and explainability serve as effective proxies in practice. In this way, it is essential that
the model remains not only accurate but also transparent, offering visualizable outputs
and calibrated confidence estimates that support process optimization and defect-aware
decision-making in semiconductor manufacturing. This approach meaningfully bridges
the gap between sparse real-world data and the need for a precise, explainable modeling of
NIL processes [16,17].

Among various deep-learning architectures, the CNN-based U-Net model has proven to
be particularly effective for image-to-image prediction problems due to its encoder–decoder
structure and skip connections. These connections allow for the precise localization of spatial fea-
tures by transmitting high-resolution detail from the encoder to the decoder [10,18,19]. While
originally proposed for biomedical image segmentation [20,21], the U-Net architectural
characteristics have been widely applied to various image reconstruction, denoising, and
super-resolution tasks [22–24]. The versatility lies in its capacity to preserve subtle struc-
tural detail through skip connections that maintain high-resolution spatial features from
the early encoder layers to the decoder. These encoder features, together with those learned
along the contracting path, form hierarchical representations that capture information rang-
ing from low-level pixel intensities to medium-level contour structures, and up to high-level
global layout semantics, enabling the reconstruction of intricate nanoscale patterns.

In the context of layout-to-SEM reconstruction, this architectural feature is crucial
for accurately capturing the nanoscale contours of the design layout pattern vital to post-
imprint topographies. Compared to conventional CNNs that may lose spatial resolution
due to repeated downsampling, U-Net retains subtle edge information, making it par-
ticularly suitable for predicting high-resolution details such as line edges, corners, and
high-contrast boundaries in NIL, which are crucial for NIL defect analysis and overlay
verification [25–27].

1.3. Need for Reliable Uncertainty Quantification

However, for such predictive models to be trustworthy in practice, they must not only
provide accurate outputs but also quantify the uncertainty associated with each prediction,
which enables a more reliable and explainable prediction framework. This is particularly
crucial in semiconductor manufacturing, where uncalibrated outputs can lead to false
confidence or overlooked defects in downstream OPC verification or yield optimization
processes [15,28]. In ML-based process modeling, especially for high-stakes semiconductor
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applications, a UQ or uncertainty-aware training approach plays a critical role in the
evaluation of predictive model reliability. UQ allows for identifying the regions of a
model where errors are likely to occur and facilitates decision-making based on confidence
levels [29–31]. In recent uncertainty-aware training approaches, models are encouraged to
detect and highlight high-risk or uncertain regions as warning signals by leveraging UQ
during training. For instance, Ding et al. (2020) introduced a pixel-by-pixel reweighting
mechanism based on model confidence, which effectively reduced overconfident errors in
medical segmentation tasks [32].

Two major categories of uncertainty are typically recognized in this context: aleatoric
uncertainty, which originates from the intrinsic noise or variability in the input data and is,
therefore, irreducible; and epistemic uncertainty, on the other hand, which is associated with
the incomplete learning caused by limited training data or insufficient model capacity, and
can potentially be addressed through data augmentation methods or more capable modeling
techniques [33]. Aleatoric uncertainty corresponds to intrinsic stochastic noise—such as SEM
imaging artifacts or environmental fluctuations—while epistemic uncertainty emerges from
the model being unaware of unseen design patterns or process variations. Both uncertainties
must be quantitatively assessed to allow for reliable downstream decision-making. These
concepts have been made functional in some earlier work as well. Dawood et al. (2021) [34]
used prediction confidence intervals during the test phase to enhance the model’s confidence
in correct predictions and to suppress overconfidence in incorrect ones as well. This, in
turn, demonstrates the effectiveness of uncertainty-aware feedback during training and is
aligned with recent efforts to calibrate model confidence, where prediction intervals serve as
interpretable cues for the reliability assessment [34].

1.4. Conformal Prediction and Conformalized Quantile Regression

Several UQ methods have been discussed in the literature, such as Bayesian infer-
ence [35], bootstrapping [36], and conformal prediction (CP). Among these, CP stands out
for its ability to provide distribution-free, model-agnostic, and statistically guaranteed
confidence intervals around the model predictions [37–39]. Unlike Bayesian methods that
rely on prior distributions or bootstrapping approaches that require multiple retraining
iterations, CP constructs prediction intervals based on observed data only, without any
assumption about the underlying data distribution. It is model-agnostic, meaning it can
be applied to any trained model—including deep neural networks—and it provides non-
asymptotic, finite-sample statistical guarantees on the coverage probability of the resulting
prediction intervals. This makes CP particularly advantageous in semiconductor manufac-
turing processes, where data distributions may be complex or even unknown; the explicit
and proper decisions need to be made under strict reliability constraints. These coverage
guarantees rely on the idea of exchangeability, which means, in the manufacturing process,
the training, calibration, and test subsets all come from the same process and have similar
statistical conditions. This enables the uncertainty seen in a small calibration subset to be a
good match to new test data under the same production conditions.

Among the various CP techniques used for UQ, several variants have been proposed
to fit different modeling contexts. Classical Conformal Prediction, for instance, estimates
absolute error scores to determine the prediction band, offering valid intervals without
relying on regression model calibration. Locally Weighted Conformal Prediction (LWCP)
further refines this approach by adjusting prediction intervals based on the local character-
istics of the data, assigning greater importance to recent or relevant samples. LWCP, on the
other hand, is particularly useful in non-stationary settings or when localized data behavior
plays a critical role. In contrast, Conformalized Quantile Regression (CQR) combines the
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strengths of quantile regression and conformal prediction to produce robust and adaptive
prediction intervals [40]. It is especially suited for regression tasks with heteroscedastic
noise, spatial variability, or nonlinear structure with errors, as commonly found in semicon-
ductor process data. Considering the pixel-by-pixel regression nature of our layout-to-SEM
prediction task, where the prediction uncertainty varies across regions and patterns, CQR
offers the most effective trade-off among accuracy, interval tightness, and statistical validity.
We, therefore, adopt this framework to yield calibrated pixel-level prediction intervals
tailored to local structural variability [41].

1.5. Calibration Flow and Transfer Learning

While CQR equips the model with calibrated and spatially adaptive prediction inter-
vals, the further enhancement of predictive robustness requires more than a single-pass
calibration. In the approach of the final step, we extend CQR with a structured calibra-
tion flow that continuously refines the model through outlier detection and spatial-aware
reweighting on a fixed, limited calibration set.

This final step incorporates a low-cost yet effective transfer learning strategy, in which
only the decoder and output layers of the baseline U-Net architecture are fine-tuned, while
the encoder remains frozen to preserve generalized low-level features. Freezing the en-
coder during uncertainty-aware fine-tuning is a well-recognized approach for preserving
foundational representation quality while adapting the task-specific outputs to more chal-
lenging spatial structures and boundary cases [17,33,42]. To guide this fine-tuning process,
a pixel-level outlier-weighted map is computed based on conformal errors, with higher
weights being assigned to spatial regions where the predicted intervals fail to capture
the ground truth. These weights affect the per-pixel loss contribution during fine-tuning,
allowing the model to focus its corrective updates on structurally uncertain or miscalibrated
regions. Crucially, the entire calibration dataset—despite its small size—is reused in its
entirety to make optimal use of valuable data to reinforce both local sensitivity and global
consistency. Spatial outlier correction with reweighted fine-tuning in this valuable subset
enables targeted correction without risking overfitting [43].

Recent studies have emphasized the value of such targeted fine-tuning routines, demon-
strating improvements in predictive sharpness, uncertainty awareness, and generalization
robustness even under constrained data settings. Alternative strategies, such as those pro-
posed by Krishnan and Tickoo (2020), define differentiable calibration-aware loss functions
that directly optimize confidence reliability rather than only predictive accuracy, paving the
way toward robust and interpretable uncertainty-aware modeling frameworks [44].

1.6. Contribution and Scope of This Work

This study presents a closed-loop adaptive framework for progressive enhancement
and the correction of layout-to-SEM image reconstruction, where model predictions are
continuously improved using calibrated prediction intervals and pixel-level outlier detec-
tion. The approach presented first generates UQ results with formal statistical guarantees.
An outlier map is then constructed from these results to identify and flag spatial regions
with associated prediction risk. Finally, targeted model refinement is applied to improve
reconstruction accuracy, particularly in these high-error regions, ensuring more reliable
performance across the entire layout space. Such a closed-loop feedback process also
enables a data-efficient and scalable approach for defect-aware model enhancement. This,
in turn, facilitates robust layout-to-SEM prediction in practical NIL applications.
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As a methodological contribution, this study introduces our integrated framework for
uncertainty-aware pattern learning with tailor-made specific features to fit the semiconduc-
tor manufacturing in particular. The proposed pipeline combines the following:

(1) A U-Net-based CNN model for hierarchical spatial feature learning;
(2) CQR for interval-based predictions with statistical coverage guarantees;
(3) Pixel-level outlier detection for localized uncertainty awareness;
(4) An outlier-weighted fine-tuning strategy for enhancing adaptability to spatial variability.

Together, these steps constitute a unified and extensible platform supporting both
predictive performance and uncertainty calibration. While the context has been explicitly
illustrated here for NIL processes in particular, our framework is designed with a modular
structure and pixel-level generality. This design choice renders the approach applicable to
a wide variety of layout-driven semiconductor processes in general. It offers the potential
for implementation across multiple stages of the manufacturing flow, including patterning,
inspection, and defect-aware optimization as a whole.

2. Materials and Methods

2.1. Dataset Preparation

To clearly analyze the actual NIL manufacturing process and apply custom optimiza-
tion for this technology, we have developed a simulation framework based on physical
principles rather than relying solely on data-driven heuristics. This framework incorporates
key physical mechanisms across three integrated stages: electron beam lithography (EBL),
reactive ion etching (RIE), and nanoimprint lithography (NIL).

In the EBL stage, the exposure distribution was simulated using a custom Python-
based framework that implements a Gaussian dose blur with a full width at half maximum
(FWHM) of 10–15 nm, along with proximity effect correction. These values reflect beam
spreading observed in high-resolution systems and fast deflection regimes, spin-coated to
a thickness of 180–200 nm, which balances resolution and etch durability [45–48]. During
the RIE stage, the pattern transfer process was modeled using a custom Python-based
level set simulation with angular dependence, tailored to SF6/O2 plasma conditions. The
setup incorporates a chamber pressure of 10 mTorr, RF power of 100 W, and a vertical etch
rate around 50 nm/min. To reflect directional etching and profile shaping, an anisotropy
factor of 0.85 is included, following literature guidance on plasma profile evolution [49–52].
In the NIL stage, the resist is treated as a viscoelastic material following the Oldroyd-B
model, with a zero-shear viscosity of approximately 5000 Pa·s and relaxation time of 0.02 s,
representative of UV-curable imprint materials commonly used in NIL applications [53–55].

To visualize the resulting structures, we convert simulated height maps into grayscale
SEM-like images using a surface-rendering procedure inspired by Seeger and Haussecker
(2005) [56]. This includes the following:

(1) Contrast shading according to local height gradients to mimic secondary electron
emission variation over surface slope [57];

(2) Gaussian blur to simulate depth-of-field softness typical of SEM systems [58];
(3) Additive Gaussian noise to account for beam fluctuation and detector imperfec-

tion [59].

A representative zoom-in is shown in Figure 1, highlighting surface detail, shape
continuity, and grayscale falloff—features that collectively reproduce the appearance char-
acteristics seen in actual SEM micrographs. By integrating these stages—EBL exposure
modeling, RIE pattern transfer, and NIL deformation simulation—the framework captures
critical spatial dynamics across fabrication steps. This simulation engine serves not only to
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generate training images but also to preserve physical realism at the nanoscale. A dedicated
manuscript detailing this physics-based simulation framework is currently in preparation.
Both studies were developed in parallel but submitted separately due to differing journal
scopes and submission timelines.

 

Figure 1. Simulated SEM-like image generated from the physics-based pipeline. The zoom-in (left)
includes a 256 × 256 yellow grid, illustrating how each pixel captures sufficient grayscale and shape
detail consistent with SEM appearance.

Our data management strategy involves the division of the design layouts and the
corresponding SEM target images into four independent subsets, training, validation, cali-
bration, and test, based on a 60:18:12:10 split. All subsets are statistically dependent, but
distinctive from spatial and structural variations of the design layouts, though they origi-
nate from the same process domain. The distinction allows for fair model evaluation and
generalization, which is crucial for UQ and robust performance validation in downstream
tasks such as OPC verification and defect-aware process learning.

To enhance pattern diversity and promote more comprehensive spatial variation
learning, we applied deterministic data augmentation through fixed-angle rotations [18].
In particular, each original image was rotated by 90◦, 180◦, and 270◦, resulting in three
additional geometrically transformed variants for every input. This effectively expanded
the dataset size by a factor of four. These rotational transformations also hold significant
physical relevance in the context of NIL, as the pattern symmetry in layout designs is typi-
cally an exhibition of rotational invariance, making this form of augmentation particularly
suitable for mask-based pattern prediction tasks.

All images were preprocessed to match a fixed resolution of 256 × 256 pixels. This
resolution was selected as a balance between geometric fidelity and computational effi-
ciency. In our dataset, each layout image usually has one primary pattern unit, named
contour, which corresponds to a local structural feature. The resolution of 256 × 256 pixels
provides sufficient detail to preserve the shape and boundary information of each contour.
If fewer pixels were used (i.e., lower resolution), each pixel would cover a larger physical
area. This would increase the risk of ambiguity along the boundary between the contour
and the background, and could cause errors in local feature interpretation as well as reduce
the overall prediction accuracy of the model. On the other hand, using a higher resolution
would dramatically increase training and inference computational cost without proportion-
ate gains in learning performance. Therefore, 256 × 256 serves as a practical trade-off that
maintains essential topological information without excessive training complexity.

Design mask layout patterns were binarized with a fixed intensity threshold of 127 for
maintaining topological consistency, whereas SEM images were normalized into the [0, 1]
range by dividing pixel values by 255.0 for stable convergence during CNN training. These
preprocessing steps, shown in Figure 2, not only ensure physical interpretability, numerical
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stability, and generalization, but also enhance model training effectiveness. This is particularly
critical under conditions of limited data availability and measurement uncertainty, which are
common in high-resolution semiconductor manufacturing process modeling scenarios.

Figure 2. Preprocessing steps of design layout patterns and SEM images.

2.2. CNN-Based Model and Training

For performing pixel-by-pixel prediction of grayscale SEM images from binary mask
layouts, we employed a U-Net-based CNN architecture. The U-Net model, originally
developed by Ronneberger et al. for biomedical image segmentation [20], is a convolutional
autoencoder designed for encoding both global context and subtle spatial details through a
symmetric encoder–decoder structure with skip connections. The model is named “U-Net”
due to the distinctive U-shaped architecture formed by its contracting and expansive paths,
which mirror each other across a bottleneck layer. In our study, we used a shallow variant
of U-Net to fit the limited training dataset and prevent overfitting, without losing the
essential properties of spatial localization and low-level feature retention.

As shown in Figure 3, the proposed architecture consists of three main components: a
contracting path (encoder), a bottleneck, and an expansive path (decoder). The contracting
path is responsible for downsampling the input along with learning hierarchical features.
It contains two convolutional blocks, each comprising two consecutive 3 × 3 convolutional
layers with ReLU activation and zero-padding, followed by a 2 × 2 max-pooling operation
that halves spatial resolution. The number of filters rises from 16 to 32 as we go deeper
into the network. This design allows the encoder to progressively capture sophisticated
fine-grained features while compressing the spatial dimensions from 256 × 256 to 64 × 64.

The encoder is then followed by a bottleneck module, consisting of two 3 × 3 convolu-
tional layers with 64 filters and ReLU activation. The bottleneck in our shallow model, which
serves as the most compressed representation of the input [60], has a spatial resolution of 64
× 64. It still preserves essential spatial information, which, in turn, helps achieve a balance
between semantic abstraction and localization capacity. Semantic abstraction refers to the
capacity of the model to understand what is in the image, such as edges, textures, or structural
regions. Localization capacity, on the other hand, means having the capacity to retain the
spatial context of each feature with respect to the original spatial layout. In typical deep U-Net
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models, having deeper bottlenecks can enhance semantic encoding but at the cost of losing
spatial details. In contrast, our shallow U-Net maintains a relatively large feature map (64 ×
64) at the bottleneck stage. Here, in turn, it helps to preserve fine-grained spatial resolution
while it still benefits from hierarchical representation. This structure ensures that the model
can simultaneously capture significant features and preserve pixel-level accuracy.

Figure 3. Shallow U-Net architecture with encoder–bottleneck–decoder structure for grayscale SEM
quantile prediction.

The expansive path reconstructs the feature maps back to the original input resolution.
It consists of two upsampling steps of 2 × 2 nearest-neighbor upsampling, followed by
concatenation with the corresponding feature maps from the encoder (skip connections),
and two 3 × 3 convolutional layers with ReLU activation. These skip connections, through
which low-level spatial information directly passes from the encoder to the decoder, pre-
serve fine-grained boundary details that are typically lost during downsampling. The
number of filters keeps decreasing from 64 to 32, and then 16, in the output layers. Finally,
one 1 × 1 convolutional layer with two output channels is used to provide two continuous-
valued output maps corresponding to the predicted lower and upper quantiles of the SEM
grayscale intensity. The model takes as input grayscale images of size (256, 256, 1) and
produces a final output tensor of size (256, 256, 2), thereby allowing simultaneous quantile
prediction for each pixel.

Given the relatively small size of the dataset (24 training images with 4× augmenta-
tion), this shallow version of the U-Net is a good trade-off between model expressiveness
and generalization. Decreasing the depth reduces the overfitting risk without sacrificing
the structural advantages of the U-Net design. The model is trained using a conformalized
quantile regression custom loss function described in the following section.

The GPU hardware specifications and training configurations are summarized in
Appendix A.1, while the architectural and optimization hyperparameters are listed in
Appendix A.2.

2.3. Conformalized Quantile Regression (CQR)

In order to implement the UQ of our shallow U-Net model, we apply conformalized
quantile regression (CQR), which teaches the ability to predict lower and upper quantile
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bounds for each pixel’s grayscale SEM value simultaneously. The loss function relevant to
CQR is defined as a sum of asymmetric pinball losses (Lqlow , Lqhigh) for two different quantiles:

Lq(y, ŷ) =
1

HW ∑i,j

[
max

(
q
(
yij − ŷij

)
, (1 − q)

(
yij − ŷij

))]
(1)

LCQR = Lqlow

(
y, ŷlow

)
+ Lqhigh

(
y, ŷhigh

)
(2)

Here, H × W = 256 × 256 corresponds to the spatial resolution of a single grayscale
SEM image, i.e., the total number of pixels per image. yij ∈ [0, 1] is the normalized ground
truth SEM value. ŷlow, ŷhigh represent the predicted quantiles for a specified confidence
level. In our case, we set qlow = 0.05 and qhigh = 0.95, corresponding to a 90% prediction
interval.

Following the first training phase, a conformal calibration procedure is performed
on a held-out calibration set to find the necessary quantile threshold to achieve the target
coverage level and, hence, ensure reliable uncertainty quantification. For each pixel in the
calibration data, the conformal error eij is computed as follows:

eij = max
(

ŷhigh
ij − yij, yij − ŷlow

ij

)
(3)

The calibration constant q∗ is then determined as the empirical of the set of errors:

q∗ = Quantile1−α

({
eij
}H×W

)
(4)

Under the exchangeability assumption, this condition guarantees that the prediction
interval is statistically valid across the calibration distribution:

Px∼D
[
yij(x) ∈

[
ŷlow

ij (x)− q*, ŷhigh
ij (x) + q*

]]
≥ 1 − α (5)

Here, α = 0.1 denotes the rate of miscoverage. For a new input x sampled
from the same distribution D, the ground truth yij(x) must lie in the calibrated inter-

val
[
ŷlow

ij (x) − q∗, ŷhigh
ij (x) + q∗

]
with probability of at least 1− α. Exchangeability makes

sure that the calibration set, as a subset drawn from the same distribution, enables the model
to generalize its robust prediction intervals to unseen but similar distributed patterns.

2.4. Outlier-Weighted Calibration and Transfer Learning

To further improve the reliability and spatial accuracy of the layout-to-SEM image re-
construction task under the constraints of process-induced uncertainty—including aleatoric
variability from lithographic or SEM noise and epistemic uncertainty due to limited data or
model underfitting—we employ a conformal calibration strategy with a transfer learning
pipeline based on Sections 2.2 and 2.3. This phase aims to enhance both the calibration
quality and spatial accuracy of predictions in lithographically sensitive regions. Emphasis
is placed on scenarios with sparse data and on structurally complex regions, including
feature edges and imprint-induced residual defects. This is especially crucial in NIL process
windows involving low residual layer thickness or incomplete release, where SEM intensity
variations point out the potential defect onset.

The proposed calibration flow consists of three main steps: (1) base quantile model
calibration, (2) outlier-enhanced pixel-by-pixel weighting strategy, and (3) encoder-frozen
transfer fine-tuning.

(1) Base quantile model calibration. Following the base quantile model calibration
described in Section 2.3, we adopted the empirically estimated calibration constant q∗ to
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construct valid pixel-level prediction intervals
[
ŷlow

ij (x)− q∗, ŷhigh
ij (x) + q∗

]
with guaran-

teed marginal coverage of at least 1 − α. This post-CQR prediction intervals provide the
foundation for the subsequent fine-tuning strategy.

(2) Outlier-enhanced pixel-by-pixel weighting strategy. To emphasize structurally critical
regions during fine-tuning, we introduce an outlier-enhanced pixel-by-pixel weighting strat-
egy through conformal prediction analysis. This strategy assigns greater weight to regions
of increased uncertainty, so the model pays more attention to spatial locations with higher
predictive deviation. For each pixel in the calibration dataset, we calculated the conformal
error eij and calibration constant q∗ earlier in Equations (3) and (4). Here, q∗ presents as the
global outlier threshold. Pixels for which the error exceeds q∗ are considered outliers and are
assigned higher weights. The pixel-by-pixel weight map is then defined as follows:

wij =

{
γ i f eij > q∗

1.0 otherwise
(6)

Here, γ > 1 is a scalar denoting the level of reweighting, set to 1.3 in our experiments.
The pixel-by-pixel weight maps were directly concatenated with the ground truth images
to form a 2-channel training target tensor, as shown in Equation (7), of shape (256, 256, 2),
where the first channel represents the normalized ground truth and the second channel
holds the corresponding pixel weights.

∼
yij =

[
yij, wij

]
(7)

By guiding the loss function to focus on pixels with greater uncertainty violations,
this strategy enables the model to adaptively correct outlier regions—particularly those
near feature edges or NIL-induced residual hotspots—without compromising performance
in already well-calibrated regions. The resulting weight maps are seamlessly integrated
into the CQR loss during the transfer fine-tuning stage, allowing targeted recalibration of
uncertain regions using existing labels only, thereby improving reliability under limited-
data conditions.

(3) Encoder-frozen transfer fine-tuning. To mitigate catastrophic forgetting from the
initial U-Net training while enabling targeted local adaptation during fine-tuning, we
adopted a transfer learning strategy in which the encoder of our baseline U-Net model
was frozen, and only the decoder and output layers were fine-tuned. This ensures that the
low-level feature extraction of the baseline model remains intact while allowing targeted
improvement in regions previously prone to high prediction errors or structural uncertainty
outliers. Let the original model parameters be denoted as θ = {θe, θd}, where θe and
θd correspond to the encoder and decoder parameters, respectively. During fine-tuning, we
imposed the following constraint:

θ
trans f er
e = θbase

e , with
∂L

∂θ
trans f er
e

= 0 (8)

This enforces that encoder parameters remain unchanged, that is, to ensure there
are no gradient updates applied to the encoder parameters. The transfer fine-tuning is
performed on the calibration set, where

∼
yij in Equation (7) represents the reweighted label

constructed by appending the pixel-by-pixel weight map wij, based on our outlier-enhanced
weighting strategy described in Equation (6). We retained the fine-grained pixel-by-pixel
weighting directly within the fine-tuning objective function by embedding the weight map
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wij into the conformal quantile regression loss. The resulting fine-tuning function objective
is defined as follows:

Lweighted
q (y, ŷ) =

1
HW ∑i,j wij

[
max

(
q
(
yij − ŷij

)
, (1 − q)

(
yij − ŷij

))]
(9)

This formulation enables pixel-by-pixel error correction in spatially localized outlier
regions, such as nanoscale hotspots or residual imprinting defects, while maintaining overall
stability in structurally consistent areas. It further allows the decoder to recalibrate the
predictive uncertainty while preserving the high-level semantic information of the encoder.
After training, the fine-tuned model is evaluated alongside the baseline model using a unified
evaluation framework. Specifically, both models are compared under a consistent metric,
where pixel-by-pixel outliers are identified based on the same calibrated threshold q∗, and
prediction validity is measured via coverage rate. These metrics provide a fair basis to quantify
the improvement of the model in uncertainty calibration and spatial accuracy.

2.5. Evaluation Metrics

After concluding the two-stage calibration procedure of Sections 2.3 and 2.4 for both
the baseline U-Net model and its transfer fine-tuned model, they are evaluated under a
unified, application-specific framework designed specifically to the needs of OPC. The
evaluation is based on two primary performance metrics, Mean Absolute Error (MAE) and
Prediction Interval Coverage, which collectively determine the accuracy and reliability of
the predicted SEM intensity profiles.

2.5.1. Mean Absolute Error (MAE)

To evaluate pixel-level accuracy, we introduce the MAE between the midpoint of the
predicted quantile bounds and the corresponding ground truth pixel value. It serves as a
critical measure of local feature accuracy, particularly reflecting how well fine-scale shape
variations and edge positions are preserved. The formula is as follows:

MAE =
1

HW ∑i,j

∣∣∣∣1
2

(
ŷlow

ij (x) + ŷhigh
ij (x)

)
− yij

∣∣∣∣ (10)

In our setting, H × W = 256 × 256, indicating that each SEM image has 256 × 256 pixels.
The quantile midpoint used here offers a stable estimate of the predicted surface profile,
balancing the upper and lower bounds to provide a reliable pixel-wise estimate. In OPC
applications, low MAEs are essential to meet in-fab tolerance requirements, with sub-pixel
deviations often acceptable depending on design rules.

2.5.2. Prediction Interval Coverage

To quantify the reliability of uncertainty, we calculate the coverage rate, or the propor-
tion of ground truth values that fall within the conformal prediction interval:

Coverage =
1

HW ∑i,j 1
{

yij ∈
[
ŷlow

ij − q*, ŷhigh
ij + q*

]}
(11)

For a consistent evaluation process, the same calibration constant q∗ is used for both
baseline and transfer fine-tuned models. This strategy supports a more meaningful and
informative model comparison by making an explicit test of whether transfer fine-tuning
can reduce the outlier regions identified in the baseline model. This approach aligns with
our goal to evaluate the performance of transfer fine-tuning in correcting pixel-by-pixel
uncertainty-aware prediction errors.
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3. Results

3.1. Baseline Evaluation

The baseline pipeline, illustrated in Figure 4, involves training a U-Net together with
CQR to estimate the pixel-by-pixel prediction intervals for SEM image reconstruction.
The network outputs both lower and upper bounds for every input layout, enabling
spatially resolved UQ. The mean prediction for evaluation is provided by the average of
the lower and upper bounds and is the point estimate chosen to represent the target image.
Representative patterns and corresponding model predictions are illustrated in Figure 5.
To further observe the model convergence and generalization performance, the loss curves
for both the training and validation phases are provided in Figure 6.

 

Figure 4. Baseline pipeline with U-Net training, CQR for UQ, and evaluation.

Figure 5. U-Net CNN-based prediction results showing lower bound, upper bound, and mean
prediction of the SEM grayscale output.

Figure 6. The loss curves for both the training and validation phases of baseline U-Net training.

The inclusion of noise in the SEM images generated from previous physical modeling
is to emulate realistic imaging conditions. These SEM images, produced through physics-
based simulation, serve as training targets for the baseline U-Net model. Since real SEM
images inherently contain background noise, charging effects, and structural distortions,
we simulate such imperfections by incorporating controlled noise during training. This

85



Electronics 2025, 14, 2973

allows the model to be more tolerant of these realistic artifacts. This step not only enables
an evaluation of the model’s capacity to generalize from synthetic to real SEM domains
but also mitigates the risk of overfitting to unrealistically perfect synthetic data, thereby
enhancing the robustness of the learned representations.

The U-Net model, guided by CQR through the prediction of lower and upper quantile
bounds for each pixel, naturally highlights features with pixel values around 1.0 (contours
and patterns) while reducing the effect of background noise around 0.0. This focused
attention allows the accurate reconstruction of essential structural features by increasing
the contrast between patterned and non-patterned regions, resulting in sharper and more
clearly defined boundaries. Figure 7 illustrates a pixel-by-pixel comparison of the ground
truth and the model prediction intervals over a selected region (Pixels 26,000–26,500). The
ground truth curve (black) shows high-frequency noise and fluctuation in low-intensity
regions, as is commonly observed in SEM imaging due to charging effects or stochastic
process variation. Conversely, the mean prediction (blue dashed line) exhibits significant
denoising capability, successfully reconstructing the signal profile while effectively filtering
out background noise. Furthermore, the prediction intervals (gray band between lower
and upper bounds) remain a consistently narrow and stable range, especially in flat re-
gions, indicating a high level of model confidence and limited uncertainty. This stability
provides additional confirmation that the model effectively prevents local overfitting in
small background segments and demonstrates commendable generalization performance
in both high-contrast and low-intensity regions.

Figure 7. Pixel-by-pixel mean predictions and prediction intervals (with lower and upper bounds)
plotted together with the ground truth for Image 3 (pixels 26,000–26,500).

A comparison of ground truth values and predicted quantile intervals, as shown
in Figure 8, reveals that uncertainty is small in background regions and highest along
edges, where pattern fidelity is most sensitive. This observation is consistent with the
physical behavior in NIL processes, where post-imprint template release often results in
local resist deformation near sidewalls due to surface tension or adhesion forces. These
effects introduce geometric uncertainty in the reconstructed contours, as reflected in the
increased prediction error at boundaries.

The pixel-by-pixel error distribution indicates an MAE of 0.0364, with errors concen-
trated at the edge of each patterned unit as shown in Figure 8. This regular and physically
explainable uncertainty motivates the need for post-training calibration. By applying CQR
calibration using a held-out dataset, the errors are sorted to determine a quantile thresh-
old q∗ = 0.0617, which regulates the prediction interval to cover 90% of the true pixel
values. This calibrated bound, as shown in Figure 9, ensures the statistical validity of the
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model’s confidence intervals and forms the basis for further refinement in the subsequent
calibration–transfer workflow.

After applying CQR to the prediction intervals of the baseline U-Net model, we obtain
calibrated bounds that provide 90% pixel-by-pixel coverage with respect to a given error
threshold. This calibration ensures that, with a high statistical confidence, the prediction
intervals contain the true pixel values, which directly allows an estimate of bounded MAEs.

To visualize the distribution of MAEs within the dataset, histograms of the calibration
and test datasets are shown in Figure 10 and Figure 11, respectively. The green dashed line
in each figure indicates the average MAE, while the red dashed line represents the MAE
at the 90th percentile of errors. In the calibration dataset, the average MAE is 0.0364 and
the 90% coverage MAE is 0.0384. Consistent with the calibration results, the test dataset
shows slightly higher values—0.0367 and 0.0386, respectively. These minor differences,
confined to the fourth decimal place, are well within acceptable bounds and reflect the
expected structural and spatial variability intentionally preserved between the subsets.
Given the fact that the calibration and test datasets are sampled from distinct layout regions
originating from the same process domain, such deviation supports the robustness and
generalizability of the conformal calibration framework rather than indicates overfitting or
model bias. This confirms that the model maintains consistent MAE behavior over different
layout instances, which validates its utility for uncertainty-aware downstream applications
such as OPC verification and lithographic process optimization.

Figure 8. Pixel error map.

Figure 9. Pixel-by-pixel mean predictions, and prediction intervals (with lower and upper bounds),
plotted together with the ground truth for Image 3 (pixels 26,000–26,500) after CP calibrated.
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Furthermore, this statistically consistent behavior enables the definition of outliers by
thresholding the MAE beyond the 90% coverage bound. As we will demonstrate in the
following outlier map analysis, the calibrated uncertainty region provides a meaningful
reference to identifying regions where model predictions become less reliable, thereby
supporting uncertainty-aware model diagnosis and confidence-aware pattern evaluation.

Figure 12 presents outlier maps for selected samples from the test dataset, where
outliers are defined as pixels whose MAE exceeds the conformal threshold of 0.0384. In
these plots, red pixels indicate regions where the prediction of the model deviates beyond
the calibrated uncertainty intervals, while green pixels indicate areas that are still within
the specified tolerance. In all four plots, there is an evident spatial pattern: most of the
outliers are concentrated near the contour boundaries of the pattern features, especially
along the elongated edges where the physical process variation and resist behavior are
more pronounced. This aligns with expectations based on the physics of NIL, in which
edge defects and residual deformation are more likely to introduce structural uncertainty.

Figure 10. Histogram of MAE distribution for the baseline model on the calibration dataset.

Figure 11. Histogram of MAE distribution for the baseline model on the test dataset.

The increased uncertainty and MAE near feature boundaries, as seen in Figures 8
and 12, are consistent with the epistemic uncertainty arising from the limited structural
generalization. In comparison, the narrow and stable intervals observed in background
regions suggest that aleatoric noise is effectively captured by the model.

The large number of outliers in the test dataset indicates that, although the model is
strong on average performance, there remain localized regions with a lower confidence

88



Electronics 2025, 14, 2973

and severe prediction error. This demonstrates the need for improvement beyond global
conformal calibration. In particular, it motivates the development of an outlier-weighted
calibration framework that can selectively adjust prediction outputs based on local relia-
bility. It also promotes the use of transfer learning techniques to improve generalization
on previously unseen pattern types. The results of these form the foundation for the next
section, in which we present an outlier-weighted calibration and transfer learning method
that aims to promote robustness and spatial generalizability in uncertainty estimation.

 

Figure 12. Pixel-by-pixel outlier maps (A–D) of selected samples from the test dataset.

3.2. Outlier-Weighted Calibration and Transfer Learning Evaluation

As shown in Figure 13, the transfer learning pipeline starts by evaluating the baseline
U-Net model through a held-out calibration dataset. The conformal errors derived from this
evaluation are then utilized for outlier detection, where pixels fail to meet the pre-specified
coverage. Based on the specific downstream target (e.g., the minimization of MAE, Line
Edge Roughness (LER), or CD Uniformity (CDU)), practitioners can establish case-by-case
specific thresholds for outlier detection. In our case, we apply the conformal 90% coverage
criterion, treating deviations beyond this interval as meaningful indicators of outliers in
the model. The identified outliers are then sent to the next phase: the outlier-enhanced
pixel-by-pixel weighting strategy and encoder-frozen transfer fine-tuning, the pipeline that
reweights the loss function at the pixel level, updates the decoder layers only to enhance
local prediction accuracy, and then preserves global structural representation.

 

Figure 13. Transfer learning pipeline with outlier detection and encoder-frozen fine-tuning.

Figure 14 illustrates the training loss curve across 33 epochs during the outlier-weighted
transfer fine-tuning stage. Compared with the baseline model trained from scratch for 50
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epochs, the transfer learning phase employed an early stopping strategy and was terminated
early at epoch 32 after the convergence criteria, as the loss plateaued after an initial sharp
drop. Although the final loss value is greater than that of the baseline model in Figure 6, this
is expected given the reweighted training objective. The transfer fine-tuning phase utilizes
the held-out calibration dataset in combination with pixel-by-pixel outlier weighting. This
helps target high-uncertainty regions across the entire sample space. The initial sharp drop
and rapid stabilization of the loss curve demonstrate that only slight updates were needed
to refine the performance in regions of localized uncertainty. This aligns with the encoder-
frozen fine-tuning pipeline structure, which preserves previously learned general features
and adjusts the decoder to correct prediction errors accordingly. As a result, the time for
training and computational cost are significantly reduced, without compromising the model’s
capacity for adaptation. It is important to note that the transfer fine-tuning loss is not directly
comparable to the baseline’s global loss, as the training data distribution and loss weighting
structure are different. Our goal in this step is to improve local calibration and reliability in
the regions uncovered by conformal prediction, not to minimize overall loss. This approach
aligns with the previous research on uncertainty-aware fine-tuning literature [33,40], where
task-specific re-optimization yields meaningful improvements without full retraining.

Figure 14. The loss curves for the transfer learning flow.

As shown in Figures 15–17, the fine-tuned model demonstrates improved spatial
confidence (Figure 15), higher and more stable coverage rates (Figure 16), and a reduced
variance in MAE (Figure 17). These results validate the effectiveness of our uncertainty-
aware fine-tuned strategy, which integrates CQR outlier detection with pixel-by-pixel
weighting and encoder-frozen transfer fine-tuning. This calibrated feedback approach
enables the model to improve localized reliability without compromising global consistency.

The visual impact of this transfer fine-tuning step is demonstrated in Figure 15, which
compares the outlier maps before and after transfer fine-tuning. In each map, regions
that violate the conformal 90% coverage requirement are labeled, with red pixels denoting
outlier regions. After applying our pixel-by-pixel outlier-weighted strategy in combination
with encoder-frozen transfer fine-tuning, a significant reduction in the density of red pixels
is clearly observed in all four cases. This reduction confirms again that the model has been
able to learn effectively to correct spatially local outliers of uncertainty without sacrificing
overall model integrity. It is also interesting to note that the definition of the outlier is the
same as that of the original conformal threshold of the baseline model, which ensures that
improvement is evaluated against the same statistically rigorous standard.

The spatial pattern of red pixels in Figure 15 also shows how sources of uncertainty
express themselves across the layout. Outliers before fine-tuning are clustered along
structure boundaries, where complex or underrepresented features induce larger prediction
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errors. Such points are typical of epistemic uncertainty, resulting from limited model
generalization. In contrast, backgrounds have low and stable outlier density for both the
before and after scenarios, suggesting that aleatoric noise from the SEM image background
is adequately modeled and not appreciably altered by fine-tuning. This trend is consistent
with the interpretation that the proposed approach improves reliability where epistemic
uncertainty prevails, without compromising the robust modeling of aleatoric effects.

 

Figure 15. Outlier map (A–D) before and after outlier-weighted calibration and transfer fine-tuning.

Figure 16. Boxplot comparison of coverage distributions from baseline and transfer fine-tuning
settings for both calibration and test datasets.

 

Figure 17. Boxplot comparison of MAE distributions from baseline and transfer fine-tuning settings
for both calibration and test datasets.
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Quantitative results are displayed in Figures 16 and 17, where the coverage rate and
MAE distributions of the baseline and transfer fine-tuning models on both the calibration
and test datasets are plotted. As shown in Figure 16, the transfer fine-tuning model displays
greater median coverage with a smaller interquartile range (IQR) for both datasets. This
demonstrates excellent stability and consistency in the spatial coverage of confidence intervals.
Moreover, the percentage of pixels whose MAEs fall below the original defined 90% conformal
coverage threshold also increases, confirming the fact that the transfer fine-tuning model
conforms better to statistical guarantees even under layout variability. Through Figure 17,
the distribution of MAE further supports these results. Both the Transfer Calib and Transfer
Test groups show remarkable reductions in error magnitude and variance compared to their
baseline model distributions. The Transfer Test set, in particular, exhibits a lower median MAE
and fewer extreme outliers, signifying enhanced generalization to previously unseen patterns.
The ability of the transfer fine-tuning model to reduce the variation of MAE while maintaining
statistical coverage is a demonstration of the advantages of incorporating uncertainty-aware
feedback during training, especially in data-limited scenarios. It is worth noting that the
hollow circle markers in Figures 16 and 17 represent statistically rare points, as defined by
the IQR rule in boxplot construction. These points correspond to rare but valid samples,
which merely lie far from the central distribution. Notably, these rare points are not explicitly
related to the uncertainty estimation mechanism by conformal prediction used in this study.
Although a few rare points appear in the transfer fine-tuning setting, the overall reduction in
the median along with IQR in both calibration and test datasets guarantees the effectiveness
and generalization capability of our outlier-weighted transfer fine-tuning strategy.

These findings collectively demonstrate that the integration of localized outlier detec-
tion with targeted decoder-level transfer fine-tuning brings substantial improvements to
spatial uncertainty modeling. The model is increasingly sensitive to local reliability, pre-
serves global calibration validity, and maintains generalization across a variety of pattern
types. These overall models are well-aligned with the practical demands of layout-to-SEM
image reconstruction in NIL, where both spatial accuracy and confidence awareness are
essential for downstream tasks such as OPC validation and hotspot monitoring.

4. Discussion and Implications

The quantitative results presented in Table 1 demonstrate that the proposed encoder-
frozen, outlier-weighted transfer fine-tuning pipeline consistently outperforms the baseline
U-Net, especially for pixel value accuracy and the coverage rate of the prediction intervals. On
the calibration set, the mean MAE is reduced from 0.0355 to 0.0235 in normalized pixel-intensity
units, an approximate improvement of 34%, and the mean coverage rate rises from 0.902 to
0.931. Similar significant improvements are observed in the independent test set as well, which
confirms that the improvement is not an illusion of calibration but rather an indication of actual
generalization. The corresponding reduction in standard deviation—or the reduction in MAE
standard deviation, to be precise, from 0.0028 to 0.0020 in calibration—shows that the model is
not only more accurate on average but also markedly more stable across diverse patterns.

Table 1. Performance metrics of baseline and transfer fine-tuning models on calibration and test sets.

Models vs. Metrics
MAE Coverage Rate

Mean STD Mean STD

Calibration
Baseline 0.0355 0.0028 0.902 0.0085

Transfer learning 0.0235 0.0020 0.931 0.0020

Test
Baseline 0.0365 0.0023 0.904 0.0065

Transfer learning 0.0255 0.0018 0.926 0.0040
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From a methodological perspective, freezing the encoder retains the hierarchical
representation of nanoscale features learned in the initial and large-scale training phase,
while the pixel-by-pixel error weighting focuses the decoder’s limited fine-tuning capacity
on structurally sensitive regions. This targeted adaptation focuses the fine-tuning capacity
on the most challenging pixels, directing the learning effort toward difficult regions without
requiring any new manually labeled data. Compared with existing uncertainty-calibrated
CNN approaches based on global loss re-weighting or full-network retraining, our strategy
achieves a comparable reliability with an 80% reduction in the sample requirement and
a 61% shorter fine-tuning time, confirming its data-efficiency. Moreover, relative to the
baseline U-Net with CQR calibration, our transfer fine-tuning strategy, which is based on
an encoder-frozen structure, achieves an equivalent coverage (0.931 vs. 0.926) and MAE
(0.0235 vs. 0.0255) in the calibration and test set, while it uses only 48 labeled images
fewer than the 240 needed for the baseline—and reduces the fine-tuning time from 36 min
to 10 min on an RTX 3090 chip. As shown in Table 2, these results strongly indicate the
data-efficiency and practical reliability of the proposed approach.

Table 2. Resource efficiency comparison between baseline and transfer fine-tuning models.

Metric Baseline Transfer Fine-Tuning Reduction

Images used 240 48 80%
GPU time (RTX 3090) 36 min 10 min 72%

In practice, the coverage improvement reported above translates to fewer guard-band
iterations needed when transferring the model to new product layouts, which reduces the
OPC turn-around time. Moreover, outlier maps calibrated from the baseline U-Net using
CQR are used to guide the transfer fine-tuning pipeline. Hence, this model effectively
localizes error hotspots, allowing process engineers to focus metrology resources on high-
risk regions instead of performing blanket inspections. This is evidenced in Table 1 by the
improved prediction interval coverage rate, which increases from 0.904 to 0.926 on the test
set, indicating a more reliable coverage of pixel-level features across structurally diverse
but statistically aligned layout patterns from the same process domain. While this confirms
better generalization, small error variability may still persist. Augmenting the calibration
set with synthetically generated extreme patterns, therefore, remains an immediate avenue
for further variance reduction. Future work will explore this direction to further enhance
uncertainty calibration and support more robust generalization across challenging layout
configurations.

5. Conclusions and Outlook

This study introduces a two-stage, data-efficient framework for layout-to-SEM image
reconstruction that addresses the three most widely used challenges to large-scale AI
deployment—data sparsity, annotation quality, and the need for robust generalization
across structurally diverse yet process-consistent layout patterns. First, a baseline CNN-
based model is initially hybridized with CQR to produce statistically valid prediction
intervals and associated pixel-level outlier maps. Second, these generated maps then guide
an encoder-frozen, outlier-weighted transfer fine-tuning step that updates the decoder
without interfering with the learned hierarchical features.

Experiments confirm that the proposed strategy reduces the mean MAE from 0.0365 to
0.0255 and improves the interval coverage rate from 0.904 to 0.926 on an independent test
set, while just using only 48 labeled images and one-third of the original GPU time. These
results translate to fewer OPC guard-band iterations and more selective hotspot triage,
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demonstrating practical value under real-world manufacturing conditions, particularly
under the constraints of sparse data and the high cost of annotation in layout-to-SEM ap-
plications.

Future work will advance this foundation along two complementary directions aimed
at enhancing overall process optimization: (1) the specification of technical paths for large-
scale contour clustering and cross-process verification, and (2) higher-level integration
through hybrid physics-and-ML modeling.

(i) Large-scale contour clustering will be implemented using either fuzzy C-means
(FCM) or an autoencoder-based feature extractor combined with K-means. After dataset
collection and CNN processing, we will perform CNN-based feature extraction, followed
by fuzzy C-means clustering for fuzzy pattern grouping. Based on these clusters, the
prediction intervals in the UQ step can be adaptively calibrated per cluster, enabling more
precise outlier detection and targeted decoder fine-tuning. This refinement enhances the
effectiveness of the overall pipeline across structurally diverse layout types and supports
pattern-aware OPC decisions in manufacturing.

(ii) Cross-process verification will be carried out by using the same layout patterns
in different imaging and fabrication environments, including AFM, optical profilometry,
and lithographic types such as DUV and EUV. Domain adaptation or style-transfer GAN
techniques will be considered in order to maintain calibration robustness under sensor-
and process-dependent noise conditions. The activity is aimed at extending the usability
and sustainability of the current framework to larger process windows.

(iii) Hybrid physics and machine learning will be integrated to map learned uncer-
tainty maps to resist or imprint simulators, enabling closed-loop process optimization.
This integration level leverages both statistical inference and physical domain knowledge,
delivering practical feedback that can directly guide metrology, layout modifications, or
material selection.

Together, these recommendations position the proposed framework as a concise and
flexible solution for uncertainty-aware image reconstruction in the field of cutting-edge
semiconductor production, while efficiently addressing the essential requirements for
data efficiency, structural generalizability, and process-oriented reliability in artificial-
intelligence-enabled systems.
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MAE Mean absolute error
OPC Optical proximity correction
AI Artificial intelligence
SEM Scanning electron microscope
ADI After-development inspection
SMOTE Synthetic minority over-sampling
UQ Uncertainty quantification
ML Machine learning
CNN Convolutional neural network
CP Conformal prediction
LWCP Locally Weighted Conformal Prediction
EBL Electron beam lithography
RIE Reactive ion etching

Appendix A.

Appendix A.1. GPU Execution and Training Environment

To ensure stable and reproducible training, Table A1 summarizes the GPU hardware,
software environment, and key training configurations adopted throughout the baseline
and fine-tuning stages.

Table A1. GPU training environment and configurations.

Category Detail

GPU Hardware NVIDIA RTX 3060 (12 GB)
CUDA Version 12.6 (Driver: 560.94)

Framework TensorFlow 2.10.0
Memory Growth Enabled Yes

Input Image Size 256 × 256 (grayscale, single-channel)
Batch Size 1

Training Epochs 50 (baseline), 32 (fine-tuning with early
stopping)

Data Split 60% training, 18% validation, 12% calibration,
10% test

Augmentation Geometric (Fixed Rotations ×4): 0◦, 90◦, 180◦,
270◦

GPU Time Reduction 36 min (baseline) → 10 min (fine-tuning)
Labeled Data Reduction 240 images (baseline)→ 48 images (fine-tuning)

Appendix A.2. Model Hyperparameter Settings

The hyperparameters used in the U-Net model are listed in Table A2, covering the
architectural structure, loss formulation, and optimization settings for both the baseline
and fine-tuning phases.

Table A2. U-Net model hyperparameters.

Hyperparameter Value/Description

Model Architecture Shallow U-Net
Input Shape 256 × 256 × 1 (grayscale mask)

Output Shape 256 × 256 × 2 (lower and upper quantile bounds)
Convolution Kernel Size 3 × 3 (for all convolutional layers)
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Table A2. Cont.

Hyperparameter Value/Description

Number of Filters [16, 32, 64, 32, 16] across layers
Activation Function ReLU (all intermediate layers), Linear (final layer)

Output Quantiles (CQR) q = 0.05 (lower), q = 0.95 (upper)
Optimizer Adam

Learning Rate Default (0.001)
Weighting Strategy Pixel-wise reweighting for outliers (γ = 1.3)

Loss Function CQR (90% coverage): sum of pinball losses at q = 0.05,
0.95

Transfer Strategy Encoder frozen; only decoder fine-tuned
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Abstract: Background: Limited availability of high-quality labeled biomedical image
datasets presents a significant challenge for training deep learning models in medical diag-
nostics. This study proposes a novel image generation framework combining conditional
generative adversarial networks (cGANs) with a Mixture-of-Experts (MoE) architecture
and color histogram-aware loss functions to enhance synthetic blood cell image quality.
Methods: RGB microscopic images from the BloodMNIST dataset (eight blood cell types,
resolution 3 × 128 × 128) underwent preprocessing with k-means clustering to extract
the dominant colors and UMAP for visualizing class similarity. Spearman correlation-
based distance matrices were used to evaluate the discriminative power of each RGB
channel. A MoE–cGAN architecture was developed with residual blocks and LeakyReLU
activations. Expert generators were conditioned on cell type, and the generator’s loss
was augmented with a Wasserstein distance-based term comparing red and green channel
histograms, which were found most relevant for class separation. Results: The red and
green channels contributed most to class discrimination; the blue channel had minimal
impact. The proposed model achieved 0.97 classification accuracy on generated images
(ResNet50), with 0.96 precision, 0.97 recall, and a 0.96 F1-score. The best Fréchet Inception
Distance (FID) was 52.1. Misclassifications occurred mainly among visually similar cell
types. Conclusions: Integrating histogram alignment into the MoE–cGAN training signifi-
cantly improves the realism and class-specific variability of synthetic images, supporting
robust model development under data scarcity in hematological imaging.

Keywords: conditional generative adversarial networks; Mixture-of-Experts; RGB his-
tograms; UMAP; peripheral blood; missing blood cells generation

1. Introduction

Biomedical challenges have become a critical focus for artificial intelligence (AI) re-
search due to the unprecedented availability of clinical data generated by hospitals, diag-
nostic laboratories, and research institutions [1–3]. This data—spanning electronic health
records (EHRs), laboratory test results, high-resolution medical images, and physiological
signals—holds great promise for advancing diagnostics, predicting treatment outcomes,
and enabling personalized therapies. Bioinformatics plays a pivotal role in this ecosystem
by transforming raw clinical data into structured forms suitable for computational analysis,
facilitating the training of machine learning (ML) models that can aid in clinical decision-
making. However, the reliability of these models hinges on the accuracy and consistency
of the underlying data, which is meticulously maintained by medical professionals. Even
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slight errors in device calibration, data collection protocols, or annotation quality can
propagate through algorithms, potentially leading to serious clinical risks.

Despite the transformative potential of AI in healthcare, several persistent challenges
limit its full integration into medical practice. One of the most significant barriers is the
scarcity of large, high-quality, labeled datasets. This problem is especially acute in special-
ized diagnostic areas, such as hematology, histopathology, and rare disease detection, where
data acquisition requires expert clinicians and sophisticated, often expensive, equipment.
Class imbalance further complicates model development; pathological cases or specific cell
types may represent only a small fraction of the dataset, while healthy or common cases
dominate. This imbalance can bias models toward overpredicting majority classes, thereby
undermining diagnostic accuracy for critical minority classes.

The heterogeneity of medical data introduces additional complexity. Variations in
imaging modalities (e.g., MRI, CT, and microscopy); staining protocols; equipment manu-
facturers; image resolution; and even lighting conditions contribute to substantial variability
in data representation. Such variability challenges the ability of models to generalize across
institutions and patient populations. Moreover, regulatory constraints on data sharing,
high diagnostic costs (particularly in systems where procedures are not fully reimbursed),
unequal access to advanced medical equipment, and variable levels of staff training further
limit the quantity and standardization of data available for AI model development.

To address these limitations, researchers have explored a range of strategies aimed at
improving data availability, diversity, and model robustness. Data augmentation remains
one of the most widely used techniques, introducing variations into existing images through
operations such as rotation, translation, scaling, flipping, adding noise, adjusting contrast
and color, cropping, and zooming [4–7]. These techniques can help models become more
resilient to minor variations in image presentation but do not address deeper issues of class
imbalance or data scarcity at the distributional level.

More recent efforts have focused on generative models for synthetic data creation.
These models include generative adversarial networks (GANs), which learn to produce
realistic images by pitting a generator against a discriminator, and their extension, con-
ditional GANs (cGANs), which allow image generation tied to specific class labels [8,9].
Other approaches, such as Variational Autoencoders (VAEs), generate samples by modeling
the probability distribution of existing data, while Diffusion Models iteratively denoise
samples to synthesize highly realistic images [10,11]. These generative methods are partic-
ularly valuable in low-data regimes, offering the possibility of enriching datasets without
further straining limited clinical resources. Transfer learning, where models pretrained on
large, general purpose datasets like ImageNet are adapted to medical tasks, has also proven
effective in overcoming data limitations by leveraging prior knowledge. Semi-supervised
learning, employing strategies like self-training and co-training, enables models to utilize
vast amounts of unlabeled data alongside smaller labeled subsets, progressively expanding
training sets with pseudo-labeled data [12,13].

Privacy-preserving techniques, such as federated learning, facilitate model training
across distributed datasets without exposing sensitive patient data, addressing legal and
ethical barriers to data sharing.

Nevertheless, synthetic data generation for biomedical imaging still faces substantial
challenges. Many generative frameworks underexploit color information, despite its
diagnostic significance, especially in fields like histopathology and hematology, where
subtle color variations differentiate morphologically similar cells or tissue structures. Color
inconsistencies introduced during data synthesis can degrade the quality of synthetic
images and limit their utility for training reliable diagnostic models.
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In this study, we propose a novel synthetic image generation strategy that directly
addresses these challenges: a Color-Guided Mixture-of-Experts Conditional GAN (MoE–
cGAN) architecture tailored for biomedical image synthesis in data-scarce settings. Our
method explicitly integrates targeted RGB color channel analysis into the generative pro-
cess, leveraging the discriminative power of color to improve class-specific image fidelity.
Unlike standard augmentation or unconditional synthesis techniques, our approach be-
gins with a detailed statistical and structural analysis of the RGB distributions in stained
biomedical images, particularly peripheral blood cell images. This analysis informs the
generator’s design by guiding the incorporation of color histogram similarity—focused
on diagnostically meaningful channels—into the loss function via Wasserstein distance.
The Mixture-of-Experts structure introduces modular specialization, allowing different
sub-generators to focus on particular classes, thereby enhancing diversity, addressing
class imbalance, and improving minority class representation. This color-aware, expert-
driven generative strategy offers a comprehensive solution for producing high-fidelity
synthetic data, supporting the development of balanced, generalizable AI models for
biomedical diagnostics.

2. Materials and Methods

2.1. Dataset and Data Preprocessing

The dataset utilized in this study is the BloodMNIST dataset, which is a subset of the
MedMNIST benchmark dataset collection [14]. This collection is composed of 17,092 micro-
scopic images of eight types of blood cells, normal cells, and obtained during hematologic
or oncologic diseases, which are all colored purple due to the type of cell staining. The eight
cell classes, i.e., basophils, eosinophils, erythroblasts, immature granulocytes, lymphocytes,
monocytes, neutrophils, and platelets (or thrombocytes), are represented in the mentioned
dataset. The labels for each cell image were assigned by expert pathologists. The detailed
characteristics of the data are shown in Table S1. The database was divided into training
(70%, 11,162 samples), validation (10%, 1785 samples), and test (20%, 3572 samples) sets, as
proposed by the authors, who also provided tools for loading these three subsets. This is
the standard division used in the MedMNIST v2 benchmarks. The library software allows
images to load in three different resolutions, i.e., 64 × 64, 128 × 128, and 224 × 224 pixels.

The BloodMNIST dataset plays an important role in the diagnosis of blood and
parasitic diseases and in the creation of decision support systems in hematopathology.
It enables the automation of microscopic analysis, relieving specialists and increasing
diagnostic accuracy. It is used, among others, to assess the morphology of blood cells in the
diagnosis of anemia, leukemia (e.g., AML and ALL), thalassemia, malaria, and sepsis. It
can support the monitoring of treatment effectiveness (chemotherapy and immunotherapy)
and be useful in population screening programs. BloodMNIST is also used in training AI
models and medical education, facilitating the recognition of blood pathologies.

2.2. Methods

To analyze color distributions and inter-class similarities, we employed k-means clus-
tering, UMAP dimensionality reduction, and the Spearman rank correlation coefficient.
K-means was used to identify dominant color patterns by clustering pixel intensities, pro-
viding insight into shared chromatic features across classes [15]. UMAP was applied to RGB
histogram data to visualize sample groupings and assess whether color distributions align
with cell class labels, aiding in the detection of class-separable or overlapping chromatic
structures [16,17]. Spearman correlation quantified the inter-class histogram similarity,
capturing monotonic relationships between color profiles while being robust to outliers and
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intensity shifts [18–20]. The flowchart of each algorithm is presented in Figure 1. Together,
these methods support a deeper understanding of color-based variation in the dataset and
its impact on class separability and generation fidelity.

Figure 1. Pre-analysis of data correlation and distribution: explanation of k-means and UMAP
algorithms and Spearman distances.

The study used conditional generative adversarial networks (cGAN), consisting of a
generator and a discriminator competing with each other in the training process. The gen-
erator creates samples imitating real data, and the discriminator assesses their authenticity.
Additional conditioning, e.g., class labels, is introduced in cGAN, which allows control
over the generated images [21–23].

cGAN training can be unstable, which is why regularization techniques such as layer
normalization or loss function modifications are used. The effectiveness of the model is
assessed based on the realism of the generated samples and the balance of losses of both
networks—the optimal classification accuracy of the discriminator is about 50%. cGAN
is used, among others, in medicine, where it allows the generation of synthetic data in
situations of limited availability of real examples [24–26].

LeakyReLU introduces a small, non-zero slope (typically α ≈ 0.01) for negative inputs,
addressing the “dying neurons” issue inherent in standard ReLU. In GAN generators, it
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enhances the training stability by improving the gradient flow and maintaining activation
diversity, which supports more effective learning and the generation of realistic, varied
samples [27,28].

The Mixture-of-Experts (MoE) approach can be viewed as a dynamic instantiation of
the Divide-and-Conquer strategy [29], in which a complex task is decomposed into sub-
components handled by specialized expert networks. Both MoE and Divide-and-Conquer
frameworks aim to process distinct aspects of the input by delegating responsibilities to
modular components. Unlike traditional Divide-and-Conquer, which uses static assign-
ment, MoE incorporates a gating mechanism that dynamically routes inputs to the most
relevant experts based on input characteristics. A key similarity lies in their integration
of partial outputs into a final, unified result, while a central distinction is MoE’s adaptive
routing and weighted aggregation, offering greater flexibility and efficiency. RGB-T Salient
Object Detection (SOD), for example, applies Divide-and-Conquer principles by process-
ing RGB and thermal data streams through modality-specific networks before fusing the
outputs to enhance robustness and accuracy [30,31].

In conditional image generation, MoE combined with conditional GANs (cGANs)
forms an advanced architecture capable of modeling complex and multimodal data distri-
butions. Multiple expert generators specialize in different class-conditional distributions,
and a gating network assigns input-dependent weights to combine their outputs. The
shared discriminator evaluates both image realism and class fidelity, enforcing stronger
supervision. This structure mitigates mode collapse by encouraging expert diversity and
enables scalable generation, as the number of experts can grow without linearly increasing
the inference cost. The effective optimization of MoE–cGAN architectures involves regular-
ization and weight balancing techniques. Empirical studies demonstrate improved image
detail, consistency, and adaptability over standard GAN variants, enabling more accurate
and diverse generation across classes and conditions [32,33].

The Wasserstein distance, also known as Earth Mover’s Distance (EMD), measures
the difference between two probability distributions as the minimum “transport cost” of
mass from one distribution to the other [34]. In generative modeling, it provides more
stable gradients than traditional divergence measures and is sensitive to subtle distributional
shifts, which contributes to more robust training dynamics [35–38]. In this work, a 1D
Wasserstein distance is employed to compare the cumulative histograms of pixel intensities
in the red and green (R and G) channels between generated and real images, reflecting
perceptually important color structures while excluding the blue channel due to its lower
diagnostic relevance. Each image is flattened into a vector, and normalized histograms are
computed over a shared range [0,1] using 256 bins. Cumulative histograms are then calculated
and normalized, and the Wasserstein distance is computed as the mean absolute difference
between corresponding bins. The final loss is the sum of distances for the R and G channels:

Wasserstein Distance =
1
K

K

∑
i=1

∣∣Creal [i]− Cgen[i]
∣∣, loss = lossR + lossG

where:

• Creal [i]—the value of the cumulative histogram for the real image at bin i.
• Cgen[i]—the corresponding value for the generated image.
• K—the number of histogram bins.

This formulation guides the generator toward matching the color intensity distribu-
tions of real images, improving visual fidelity and reducing artifacts such as unnatural hues.

The architecture of the model used in this work is presented in Figure 2.
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Figure 2. The Mixture-of-Experts (MoE) model combined with a conditional GAN (cGAN) as an
advanced architecture for generating high-quality, complex images proposed in the presented study.

2.3. Evaluation Metrics

In multiclass labeling with 8 classes, metrics such as accuracy, precision, recall, and
F1-score are defined by extending them from binary versions, taking into account the
specificity of many classes.

Let us assume the notation:

• TPi (True Positive): a number of correct predictions from class i.
• FPi (False Positive): samples from other classes misclassified as class i.
• FNi (False Negative): samples from class i mislabeled as other classes.

Accuracy measures the overall correctness of the classification.

Accuracy =
Number o f correct predictions

Number o f all samples
=

∑8
i=i TPi

N
=

∑8
i=i TPi

∑8
i=i(TPi + FNi)

The total number of samples is equal to the sum of all predictions:

N =
8

∑
i=i

(TPi + FNi)

As each sample is either:

• correctly classified as its true class (TPi for given class);
• incorrectly classified as a different class (FNi).

Precision is the ratio of correctly classified samples of a given class to all samples
classified as that class. Precision is calculated for each class as follows:

Pi =
TPi

TPi + FPi
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Recall is the ratio of correctly classified samples of a given class to all samples that
actually belong to that class. Recall is calculated for each class accordingly:

Ri =
TPi

TPi + FNi

F1-score is the harmonic mean of precision and sensitivity; it is calculated for each
class in the following way:

F1i = 2 · Pi · Ri
Pi + Ri

To obtain a single value for the entire model, metric aggregation is used.
Macro Average calculates the arithmetic mean of the metrics for all classes, treating

each class equally.

Macro P =
1
8∑8

i=1 Pi Macro R =
1
8∑8

i=1 Ri

Weighted Average assigns weights proportional to class size.

Weighted P = ∑8
i=1 wiPi,

where:
wi =

Number o f samples f rom class i
N

The confusion matrix allows for a more detailed analysis of the classification errors.
It is a table where the rows represent the actual classes and the columns represent the
predicted classes. In the case of a multiclass problem, accuracy can also be calculated from
the confusion matrix.

One of the most important metrics for assessing the quality of data generation is
the Fréchet Inception Distance (FID)—the lower the FID value, the smaller the difference
between the feature distributions of real and generated images. FID measures the similarity
between the distributions using the Inception V3 model. Real and generated images are
processed by the Inception V3 model to obtain feature vectors (usually from the pool3 layer,
with 2048 dimensions). The mean and covariance of these features are calculated for both
sets (real and generated). FID is the Fréchet (Wasserstein-2) distance between these two
Gaussian distributions. The following notations are used:

• k—feature space dimension;
• m1 ∈ R

k—the mean feature vector extracted from the real distribution;
• m2 ∈ R

k—the mean feature vector extracted from the generated distribution;
• C1 ∈ R

kxk—the covariance matrix of features for real data;
• C2 ∈ R

kxk—the covariance matrix of features for generated data.

The Fréchet Inception Distance (FID) is then defined as

FID2 = ||m1 − m2||22 + Tr
(

C1 + C2 − 2(C1C2)
1
2
)

where:

• ||m1 − m2||22 denotes the squared Euclidean norm of the difference between the means;
• Tr(·) represents the trace of a matrix;

• (C1C2)
1
2 denotes the matrix square root of products C1 and C2.
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FID does not depend directly on the number of classes but on the overall similarity of
feature distributions. Therefore, one can calculate one FID altogether, comparing the entire
generated set with the entire real set, or for each of the classes separately.

Monitoring the losses of both models is also important, because a uniform decrease
in losses suggests that the generator is learning to effectively fool the discriminator and
the discriminator is correctly recognizing the authenticity of the samples. Maintaining a
balance between the generator and the discriminator is crucial, because one of the models
being too strong can lead to training instability and deterioration of the quality of the
results. The evaluation of GAN performance should be supplemented by a visual analysis
of the generated samples, which allows detecting possible artifacts that are invisible using
only numerical metrics.

2.4. Training, Testing, and Data Generation

In this project, images from the BloodMNIST database with dimensions of 128 ×
128 are processed, and the color is saved in the RGB space. The RGB components are
normalized to the interval [−1, 1].

2.5. Hardware and Software

Data generation was performed with the use of deep neural networks implemented
in Python 3, for which the input data were images from the MedMNIST dataset. For this
purpose, the PyTorch 2.5.1 library was applied. Various types of data simulation, collection,
processing, and preliminary interpretations, as well as charts and graphs preparation, were
implemented in Python. Calculations were performed using a Lenovo Legion laptop and
PC with the specifications presented in Table S2.

3. Results

3.1. Characteristics of the BloodMNIST Database with Regard to Color Analysis in the R, G, and
B Channels

RGB color analysis plays a key role in BloodMNIST modeling due to the close rela-
tionship between the color and shape of blood cells such as erythrocytes, leukocytes, and
platelets. Color differences, such as purple nuclei and pink cytoplasm, are important for
classification and segmentation. RGB histograms allow for assessing the color distribution
between classes, supporting feature extraction and eliminating false classifications resulting
from similar shapes. Analysis of individual channels can help reduce dimensionality and
improve classification accuracy. In transfer models (e.g., ResNet and EfficientNet), RGB is
the basic input, and preserving color information increases the efficiency of using models
pre-trained on datasets such as ImageNet. Colors also support artifact identification and
noise reduction, improving the quality of the input data.

Figure 3 shows eight blood cell types along with RGB channel histograms, allowing
the analysis of morphological features and differences in color distribution. Purple and pink
tones dominate the entire dataset, resulting from eosin and basic staining. The background
of the images has a distinct pinkish tone. The histograms show characteristic patterns: in
the red channel, the highest intensities occur between 230 and 255; in the green channel, the
lowest in the range of 210–230; and in the blue channel, values from 190 to 210 dominate.
There is no blue intensity below 125, confirming the dominance of warmer tones. Purples
have balanced red and blue values and low green intensity, giving them a cool, deep
character. Dark purples have lower R and B channel values, and light purples have higher
values. Pinks are dominated by red; light pinks have very high red and moderate other
channels, while darker purples have slightly reduced intensity in all channels, maintaining
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a warm tone. Such RGB dependencies reflect the typical colors present in cell images and
are important for distinguishing them and using them in machine learning models.

Figure 3. Histograms of the R, G, and B components (relative frequency) and dominant colors in
8 cell classes. The histogram colors represent the red, green, and blue components, while the squares
next to the blood cell images indicate the dominant color in each image.

In order to identify the dominant colors in cell images, the k-means method (k = 6)
was used, which allows for the reduction of the full color spectrum to a few representative
shades—centroids. Each centroid reflects the average color value in one of the key color
groups of a given class, creating a synthetic but very characteristic “color signature” of

107



Electronics 2025, 14, 2773

the cell. Unlike histograms, which show the full intensity distribution of the R, G, and
B channels, the k-means method allows for a direct comparison of classes in color space,
revealing their similarities and differences.

Basophils are distinguished by a strongly contrasting combination of a cream back-
ground and dark purple cytoplasmic granules, often obscuring the nucleus. Their cen-
troids are clearly separated from other classes, which greatly facilitates their identification.
Eosinophils, on the other hand, are characterized by the presence of large red granules on a
light pink background of the cytoplasm. This translates into a strong dominance of the red
channel and a clearly red color profile, very characteristic and well distinguishable [39–41].

Erythroblasts combine a pale pink cytoplasmic background with a darker, often purple,
nucleus, resulting in the presence of both light and darker centroids corresponding to the
cytoplasm and nucleus, respectively. Immature granulocytes, as transitional cells, show a
more diffuse color distribution. Their irregular nuclei and less concentrated granules cause
the centroids to fall within the range of cool but less distinct purples, which can make it
difficult to clearly classify them based on color alone.

Lymphocytes and monocytes show great color similarity. In lymphocytes, most of
the cell is occupied by a dark purple nucleus, surrounded by a thin layer of light pink
cytoplasm. Monocytes are larger, their nucleus is kidney-shaped, and their cytoplasm is
more grayish. Despite these differences, the dominant colors of both types are similar—
centroids corresponding to purple and pink colors often appear, which can lead to errors in
classification if only color is taken into account.

Neutrophils, the most common leukocytes, contain a segmented nucleus and small
granules, which translate into a grayish, slightly purple cytoplasm. Their color distribution
is even, and the dominant colors oscillate around dark purples and subdued shades, with
small intensity shifts in the red and blue channels. Such a profile, although less pronounced
than in eosinophils or basophils, still allows them to be recognized in the context of the
entire database.

Platelets, as the smallest structures in the analyzed set, do not contain a nucleus and
appear in the image as small pink–purple dots. Due to their size and simple structure, most
of the color comes from the background of the preparation. The histograms show low color
intensity, and the centroids are concentrated around very light, pale pink shades. Thanks
to this, despite the lack of a complex structure, platelets are well recognizable based on
their characteristic background and limited color range.

The use of the k-means method significantly simplifies the analysis and highlights
the differences between cell classes while indicating which types are more difficult to
distinguish due to color similarities. In combination with morphological analysis, this
provides a solid basis for automated classification and statistical analysis in blood cell
image recognition systems.

The efficiency of automatic recognition is also influenced by the morphological fea-
tures of cells, such as size, nucleus shape, and nucleus-to-cytoplasm ratio. Lymphocytes,
with a dominant nucleus, have a distinct color profile, while platelets—very small and
anucleate—are more difficult to capture in color. Immature forms, such as granulocytes,
are characterized by a less clear, “blurred” color distribution. Figure 3 illustrates that mor-
phological differences correspond well with RGB histograms. The use of k-means allows
the color analysis to be simplified to a few representative shades, which aids classification,
especially for classes with distinct color and structural features.

Before applying the UMAP algorithm, the images were flattened to one-dimensional
vectors, and then, their dimensionality was reduced to 200 principal components using
PCA. UMAP performed separately for the R, G, and B channels (Figure 4) revealed that
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some classes, such as erythroblasts, lymphocytes, and platelets, form clearly separated
clusters. The R channel allows for good discrimination of most classes, except for basophils
and monocytes, which partially overlap. The G channel separates the classes better than
the B channel, which shows weaker discrimination and more outliers. Therefore, the green
channel may be more important in the design of classification algorithms. Overall, the
UMAP analysis shows that classes with clear color features are well recognized, while
more complex cases require additional information, e.g., cell morphology or the integration
of data from several channels. The reliability of the representation at the level of about
0.84 confirms the accuracy of this representation.

Channel Red 
Trustworthiness = 0.8386

 

Channel Blue 
Trustworthiness = 0.8439

Channel Green 
Trustworthiness = 0.8486  

 

Figure 4. UMAP analysis results for each of the channels with pre-PCA.

The study of color differences between cell classes was based on the calculation of the
distance (1—Spearman correlation) between the histograms in the R, G, and B channels
(Figure 5). Lower values indicate greater similarity and higher values greater differences.
In all the channels, the distances are relatively low, which suggests a partial dependence
between the color signals. The smallest differences are observed in channel B, where
only platelets stand out significantly due to their purple hue and small size. The largest
differences between classes occur in channel G, which is consistent with previous UMAP
observations and emphasizes its usefulness for classification.
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Channel R may also contain important information, although it does not clearly dis-
tinguish one class. It is worth paying attention to some pairs of classes (e.g., lymphocytes–
basophils and granulocytes–eosinophils), which, depending on the channel, show a variable
degree of similarity. The green channel in particular reveals subtle but statistically significant
differences, which may be important for the further improvement of classification algorithms.

  

 

Figure 5. Distance matrices (1—Spearman) for the R, G, and B channels.

3.2. Image Generation

The generator and discriminator modules were designed to make cGAN training
efficient and stable, i.e., the balance between the generator and the discriminator is crucial
to obtain high-quality results.
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3.2.1. Generator

The optimized generator employs a Mixture-of-Experts (MoE) architecture, where
multiple specialized sub-generators (experts) operate in parallel, and their outputs are
adaptively combined via a gating network. The generator takes a latent noise vector
(dim = 100) and a class label (0–7) as input. The label is embedded and concatenated
with the noise vector to form a unified input, which is then processed by the gating
network—comprising two linear layers with ReLU activation followed by softmax—to
produce expert-specific weights. Each expert receives the same input and consists of a
linear projection to an initial feature map (e.g., 128 × init_size × init_size); unflattening;
and a series of ConvTranspose2d layers with InstanceNorm2d, ReLU/LeakyReLU, and
two residual blocks. The output is passed through a final Conv2d and tanh activation
to generate an RGB image. The final output is a weighted sum of the experts’ outputs,
enabling dynamic specialization and improved generation quality across diverse classes.

3.2.2. Discriminator

The discriminator performs both adversarial discrimination and auxiliary classifi-
cation to enforce realism and label consistency. It consists of three Conv2d layers with
increasing channel depth (64 → 128 → 256), LeakyReLU activations, and dropout (0.4/0.3),
progressively downsampling the input while extracting hierarchical features. The final
feature map is flattened and passed to two parallel linear heads: an adversarial output for
real/fake prediction and a classification head for class label assignment. This dual-objective
design improves the training stability and enhances the generator’s ability to produce class-
consistent, high-fidelity images. The discriminator complements the Mixture-of-Experts
generator by reinforcing both visual and semantic accuracy.

3.2.3. Training of Image Generation Models

The GAN model is trained alternately, teaching the discriminator to distinguish between
real and generated images and assigning them correct labels and the generator to create realistic
images consistent with the given classes. Adam optimizers with different parameters were used:
for the generator, lr = 0.0002, and for the discriminator, lr = 0.0001, with betas = (0.5, 0.999), and
the batch size was set to 64. Two loss functions are used in training: BCEWithLogitsLoss (to
distinguish real and fake images) and CrossEntropyLoss (to classify labels).

The discriminator training consists of calculating the total loss from real and generated
images and their labels and then updating its weights. Additionally, the accuracy of its
prediction is calculated. The generator, on the other hand, produces images based on a
random vector and labels, which are assessed by the discriminator for the authenticity and
correctness of classes. The total loss of the generator consists of the adversarial, classification,
and histogram components, weighted by appropriate coefficients. Based on this, the generator
updates its parameters. The accuracy of assigning labels by the discriminator to the generated
images serves as an additional measure of the generator’s training effectiveness.

The loss for the generator is calculated as a weighted sum of the three components.
Adversarial loss: The generator wants to “fool” the discriminator, so we treat the generated
images as real. Classification loss: The generator is penalized when the discriminator fails
to assign the correct label to the generated image (comparison with fake_labels). Histogram
loss: The difference between the color distribution of the generated and real images is
calculated. Only the red and green channels are considered, as they have been previously
proven to best differentiate the classes. The Wasserstein histogram loss function is used in
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calculations. The loss components are then combined. The total loss of the generator is the
sum of three components, where each is weighted:

gloss = 1.0 · glossadv
+ 2.0 · glossclass

+ 10.0 · glosshist

The weights (1.0, 2.0, and 10.0) indicate the relative importance of the loss components
(adversarial, classification, and histogram) and were selected in the optimization process.
The generation strategy was tested for 100 epochs (200 iterations), generating a total of
1000 images from eight classes. The values of loss and accuracy are shown in Figure S1,
and the sample images—real and generated—are compared in Figure 6.

Figure 6. Visual comparison of peripheral blood cell classes: each row represents a distinct cell type
(basophil, eosinophil, erythroblast, granulocyte, lymphocyte, monocyte, neutrophil, and platelet); the
first four columns show real microscopic images, while the last four columns display corresponding
synthetic images generated by the model. The colors in the images result from staining blood samples
using methods applied in hematology.
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3.3. Participation of Experts in Image Generation

In this study, various computation variants involving two to eight experts were
analyzed. It was observed that, with a larger number of experts, three to four paths made
a distinct contribution. Therefore, in the final version of peripheral blood cell generation,
four experts were used within the Mixture-of-Experts framework. Figure S2 shows, in the
form of a heatmap, the percentage contribution of the four experts to the image generation
of each of the eight classes.

Based on the expert contribution data for BloodMNIST classification, several patterns
may be observed. Expert 4 demonstrates the highest overall contribution and shows exper-
tise in eosinophil (66.0%) and neutrophil (63.6%) classification. This expert also contributes
significantly to platelet (52.9%) and lymphocyte (51.2%) identification, suggesting broad
competency across multiple cell types. Expert 2 exhibits a more focused specialization
profile, with exceptional performance in monocyte classification (61.9%) and granulocyte
identification (42.3%). However, this expert shows notably lower contributions to platelet
(2.7%) and erythroblast (3.4%) classification. Expert 3 demonstrates intermediate perfor-
mance, with strengths in granulocyte classification (55.6%) and erythroblast identification
(34.9%). This expert maintains relatively consistent contributions across most cell types.
Expert 1 shows the most balanced distribution pattern but with a generally lower overall
contribution, suggesting a more conservative approach to annotation.

It is also worth focusing on observations for individual classes. Monocyte classification
shows extreme expert specialization, with Expert 2 providing 61.9% of the annotations
while other experts contribute minimally (2.9–28.4%), suggesting this cell type may require
specific expertise. Eosinophil classification is heavily dominated by Expert 4 (66.0%),
with Expert 1 providing secondary support (22.5%), indicating potential morphological
complexity.

3.4. Final Evaluation of Image Generation

The experiments used a classification model based on the ResNet50 architecture, ap-
plied to the BloodMNIST dataset, containing blood cell images divided into eight classes.
The transfer learning approach was used; the model pre-trained on ImageNet was adapted
to the medical task by modifying its final layer for multiclass classification. The CrossEn-
tropyLoss function and the Adam optimizer with a learning step of 0.001 were used. The
model was trained for 10 epochs, achieving an accuracy of 0.97 on the test set.

ResNet50 was also used to evaluate the synthetic data generated in the study. Accuracy,
precision, sensitivity (recall), and the F1 measure were determined (Figure 7), obtaining
a total accuracy of 0.97. The main classification errors concerned the granulocyte and
lymphocyte classes, which are illustrated in the confusion matrix.

The confusion matrix demonstrates strong overall model performance, with most
blood cell classes classified with perfect or near-perfect accuracy. Basophils, eosinophils,
erythroblasts, neutrophils, and platelets were classified with 100% accuracy, suggesting
that these classes are well represented in the feature space and are easily distinguishable by
the model.

However, some degree of confusion is observed between morphologically and chro-
matically similar classes. For instance, granulocytes, while mostly classified correctly
(101 instances), were occasionally misclassified as monocytes (12 instances) and lympho-
cytes (1 instance). Likewise, lymphocytes were misclassified as erythroblasts (2 instances)
and monocytes (11 instances). Monocytes were predicted with high accuracy (129 correct),
with only a single misclassification as a lymphocyte. These patterns indicate difficulty in
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distinguishing between granulocytes, monocytes, and lymphocytes—subtypes that are
known to share overlapping visual and structural features.

Figure 7. Classification model metrics for evaluating blood cell image generation, and the confusion
matrix for the generated 1000 images from eight classes.

Importantly, this classification behavior aligns with previous observations on color
distribution patterns. The confusion matrix analysis is consistent with the findings from
UMAP projections and the distance matrix, which highlighted the chromatic proximity
between immature granulocytes, neutrophils, and lymphocytes. Specifically, low inter-class
color distances, such as the 0.080 distance in the red channel between granulocytes and
neutrophils, point to the similarity in hue, which may contribute to the classifier’s errors.

Additionally, immature granulocytes exhibit more color outliers, making them more
likely to be misclassified as neighboring classes in the feature space, particularly neutrophils
and lymphocytes. The presence of dark purple hues, confirmed via k-means clustering,
in all three of these classes further complicates their differentiation. These overlapping
chromatic features reinforce the observed classification challenges and ex-plain the localized
confusion within the model’s predictions.

In summary, while the model shows excellent performance overall, misclassifica-
tions tend to occur between classes with high visual and color similarity. This highlights
the importance of chromatic information in distinguishing subtle differences between
closely related cell types and underscores the challenges in synthetic image generation and
classification for such categories.

The FID value calculated for the entire database is 52.09, and the average FID equals
102.07. The FID values for each individual class are given in Table 1.

In the next stage of evaluating the quality of the generated image dataset, the analysis
focused on whether individual classes retained the required data diversity and whether the
inter-class distances were appropriately reproduced. Figure S3 presents the mean distances
calculated for pairs of objects within classes (intra-class distances), as well as for pairs
across the eight classes (inter-class distances). To ensure consistency with the BloodMNIST
database, 128 objects from each class were randomly selected for the calculations. The
results, illustrating both the mean values and the variability using box plots, are presented
separately for each of the R, G, and B channels.
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Table 1. FID values for each class.

Class FID

basophil 91.39

eosinophil 102.35

erythroblast 116.95

granulocyte 109.13

lymphocyte 104.18

monocyte 82.92

neutrophil 69.42

platelet 140.25

For the BloodMNIST dataset and intra-class analysis, the green channel (G) exhibits
the highest variation within each class, followed by the red channel (R) and, finally, the blue
channel (B), which shows the lowest variance. For inter-class analysis, the green channel
(G) demonstrates a substantially greater ability to separate classes compared to the red (R)
and blue (B) channels. Specifically, channel G provides the best class separability, while
channel B exhibits poor inter-class distance, indicating limited utility for distinguishing
between classes.

For the generated images, in the intra-class analysis, the ranking of variations among
channels remains consistent with the real data. Channel B continues to display a low spread
and a low median, indicating the tight clustering of values. The green channel maintains a
wide spread similar to that observed in the real data, reflecting comparable within-class
variations. In the inter-class analysis, the green channel once again shows the highest degree
of class separation. Although there is a slight reduction in inter-class distances across all
channels compared to the real data, the overall structure of class separability is preserved.
As anticipated, channel B continues to provide poor separability between classes.

Spider plots (Figure S4) show the mean intra-class distance per class for each channel,
represented by the lines for R, G, and B. The overall shape of the radar plots for both
the real and generated data is quite similar, indicating that the class-specific consistency
is preserved to some extent in the generated images. Regarding the magnitude of the
distances, in most classes, channel B consistently shows lower intra-class distances in
both the real and generated datasets, likely due to the inherently low variance in the blue
channel. Conversely, channel G remains dominant in both cases, exhibiting the highest
intra-class distances, which are well preserved in the generated data. The values in the
generated dataset are slightly lower in some instances, suggesting the tighter clustering of
data points, which may reflect a tendency toward over-regularization.

To conclude, the generated images successfully preserve the internal structure of the
dataset. Specifically, they maintain class compactness in intra-class distributions and retain
class separability in inter-class distributions.

4. Discussion

The research presented in this work proposes a novel strategy for synthetic biomed-
ical image generation that leverages the discriminative potential of RGB color channels,
particularly in the context of stained peripheral blood cells. The effectiveness of the ap-
proach stems from the integration of preliminary color analysis into model design and
loss function formulation. In this section, we discuss the relevance and implications of
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the findings, analyze the observed phenomena, and identify limitations and directions for
future research.

4.1. Contribution of Color Channels to Class Discrimination

The analysis of RGB histograms, UMAP projections, and inter-class distance matrices
revealed that the red and green channels provided more important information for distin-
guishing blood cell types than the blue channel. This is due to the histological nature of
the staining in BloodMNIST, where eosin and basic dyes impart pink–purple hues to the
images with a dominant red component. Based on this, it was decided to exclude the blue
channel from the histogram generator loss function, which simplified the model without
losing key information.

This approach shows that selective color analysis based on biological interpretability
can effectively support the optimization of generative models. It also highlights the impor-
tance of pre-color profiling in biomedical contexts, where subtle visual differences have
high diagnostic significance.

4.2. Misclassification Patterns and Biological Justification

The classification errors mainly concerned classes with similar morphology and similar
staining features, such as immature granulocytes, neutrophils, and lymphocytes. Their
visual similarities, confirmed by histogram and UMAP cluster analysis, led to difficulties
in the classifier’s discrimination, e.g., a low Spearman distance in the red channel between
immature granulocytes and neutrophils.

This phenomenon highlights the biological justification of the errors—the boundaries
between some cell classes are naturally blurred. Color, although important, is not always
sufficient for effective class discrimination. Therefore, morphological information from
microscopic images was also included in the generation process to better represent the
structure of blood cells.

4.3. Ablation Study

This paper analyzes the effectiveness of three variants of the cGAN architecture in
generating synthetic blood cell images. The first variant was based on standard convo-
lutional layers, the second additionally included residual blocks, and the third used the
Mixture-of-Experts (MoE) architecture. For each approach, three versions of the generator
loss function were tested: without taking into account color histograms, with histograms of
the red and green channels, and with a full RGB histogram.

Table 2 presents detailed metric results for each combination of architecture and
loss function. It includes, among others, classification accuracy using the model trained
on the BloodMNIST dataset, the FID index value, and other quality measures of the
generated images. The data from the table clearly indicate that the best results, including a
classification accuracy of 0.97 and low FID, were achieved for the MoE cGAN variant with
a loss function taking into account the histograms of the red and green channels.

Ablation experiments showed that both increasing the complexity of the architecture
and introducing a directed loss function significantly improve image quality. The MoE
model proved to be particularly effective due to the specialization of experts, which allowed
for better capturing class-specific morphological features. Moreover, selectively including
only two channels (red and green) outperformed both the variant without histograms
and the one with full RGB; including the blue channel introduced additional noise, which
worsened the performance. These results emphasize the importance of biologically justified
feature selection in the design of loss functions for generative models.
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Table 2. Comparison of the values of the metrics obtained during the generation of images using
three various strategies.

Nr NN Architecture Color Histograms Accuracy
FID

for the Entire
Generated Set

FID
Averaged for

Individual Classes

1

cGAN

Not used 0.89 74.5 137.0

2 Red, Green 0.87 76.3 138.7

3 Red, Green, Blue 0.91 91.1 149.5

4
cGAN with

residual blocks

Not used 0.90 57.1 112.2

5 Red, Green 0.93 66.4 123.8

6 Red, Green, Blue 0.87 71.3 132.5

7
Mixture-

of-Experts
cGAN

Not used 0.92 50.4 98.4

8 Red, Green 1 0.97 52.1 102.1

9 Red, Green, Blue 0.86 50.0 101.7
1 The best result obtained using the MoE-cGAN algorithm.

4.4. Comparison with Other Works

Various works present alternative approaches to generating additional histopathologi-
cal images of peripheral blood cells as an extension of the BloodMNIST database [42–47].
All the strategies described differ significantly from our proposal, as they use images with
a much lower resolution, the lowest of those offered by MedMNIST. After preprocessing,
they have dimensions of 3 × 28 × 28 or 3 × 32 × 32 pixels. Our generation approach, on
the other hand, uses images with a resolution of 3 × 128 × 128. Additionally, none of the
articles mentioned provide the quality of generation for individual classes, only for the
entire database.

The study [42] introduced a novel method, AE-COT-GAN, for medical image genera-
tion using GANs that effectively mitigates mode collapse by leveraging an autoencoder and
extended semi-discrete optimal transport (SDOT) to transform distributions in the latent
space. In extensive experiments on the BloodMNIST database, a FID value of 12.42 and
accuracy of 0.97 was obtained.

In [44], DM-GAN was presented, i.e., a multi-generator GAN architecture designed to
address intra-class imbalance and isolated samples in medical image datasets by enhancing
the sample diversity and quality. Through the integration of self-attention mechanisms and
a novel generator loss combining mode-seeking and mutual exclusion terms, the model
proved to be a useful tool for image generation. The best accuracy in peripheral blood cell
classification of 0.93 was obtained using the DenseNet201 architecture.

The study [45] introduced LEGAN, a GAN-based approach that addresses intra-class
imbalance by using the local outlier factor LOF to detect sparse regions and applying
affine transformations to enhance the sample diversity before training. Additionally, a
decentralization constraint based on information entropy guided the generator toward
producing more diverse samples, resulting in improved image quality and classification
performance across multiple medical imaging datasets. For the BloodMNIST dataset, a FID
of 10.8 was obtained and an accuracy of ca. 0.93 for the augmented samples.

A novel generative model, HD-PAN, based on Hölder divergence for semi-supervised
disease classification using positive and unlabeled medical images, addressing the chal-
lenges of limited annotated data was proposed in [47]. Extensive experiments on bench-
mark datasets demonstrated that the method outperforms KL divergence-based approaches,
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achieving state-of-the-art results in medical image-assisted diagnosis. Taking the BloodM-
NIST dataset as an example, the accuracy rate reached 0.84, while the F1-score was 0.82.

The paper [43] introduced BDGAN, a generative model designed to improve medical
image classification under data imbalance by enhancing both class boundary learning and
intra-class diversity through a multi-generator architecture and specialized loss functions.
Experiments on real-world datasets confirmed that BDGAN generates high-quality, di-
verse samples, leading to significant improvements in classification performance. For the
BloodMNIST dataset, an accuracy of 0.94 was obtained for the generated samples.

The study [46] addressed the challenge of intra-class data imbalance in medical imag-
ing by proposing a two-step GAN-based augmentation method guided by the Cluster-
Based Local Outlier Factor (CBLOF) algorithm to distinguish sparse and dense samples.
The GAN was trained to focus on sparse regions, and a one-class SVM was applied post-
generation to filter out noisy samples. The experimental results on four medical datasets
showed that the proposed method significantly enhances sample diversity and quality,
leading to an approximate 3% improvement in classification accuracy. On the BloodMNIST
dataset, the model achieved an average accuracy of 0.92 and a Fréchet Inception Distance
(FID) of 10.6.

All described algorithms and results obtained apply to very low-resolution images.

4.5. Limitations and Future Works

The proposed framework effectively generates synthetic biomedical images, but there
is room for improvement. The integration of spatial attention or segmentation mechanisms
could better preserve important morphological details. Future works could include adap-
tive color normalization and domain adaptation to improve the robustness of different
staining protocols.

In the Mixture-of-Experts architecture, dynamic routing or expert pruning is worth
considering in order to reduce the computational burden. Multimodal feature conditioning
(color, shape, and texture) would capture complex biomedical features and self-supervised
targets could increase the realism of the data without the need for intensive supervision.
Such extensions would increase the utility of the method in various clinical contexts.

5. Conclusions

The aim of the work was to check whether the analysis of colors in histological images
and their inclusion in modeling can improve the quality of the generated images of missing
data. The research was carried out on images of eight classes of peripheral blood cells,
which showed similarities in color and shape. No segmentation or other preprocessing
techniques were used in the work; the images were used in their original form.

A novel element was the detailed examination of the role of the R, G, and B compo-
nents, including their histograms, in class differentiation. The analysis using the k-means
and UMAP methods showed that the red and green components distinguished classes bet-
ter than the blue channel. Therefore, only the R and G channels were used in the generator
loss function, which turned out to be crucial for improving the quality of generation.

A new strategy based on cGAN with the MoE (Mixture of Experts) mechanism was
introduced, where the gate network dynamically selects the best expert to generate the
image. The inclusion of R and G histograms in the loss function significantly improved
the color and texture reproduction, increasing the realism of images and the classification
accuracy (up to 0.97). The applied approach reduced the problem of mode collapse,
increased the diversity of synthetic data, and enabled its effective use as support in the
conditions of limited or imbalanced real data.
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The quality of the generated data was further validated by analyzing intra- and
inter-class distances, which showed that the synthetic images preserved the structural char-
acteristics of the original dataset. The green channel consistently demonstrated the highest
variation and class separability, while the blue channel remained the least informative.
The generated images reflected similar patterns to real data, confirming their realism and
structural fidelity.

In summary, the study shows that targeted color analysis and the integration of expert
knowledge in the cGAN-MoE architecture allows to create high-quality synthetic medical
data. The proposed method can be applied in various dataset augmentation projects,
provided that the color characteristics of a given set are previously analyzed.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/electronics14142773/s1: Figure S1: Metrics recorded during
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distribution by class; Figure S3: The mean distances calculated for pairs of objects within classes (intra-
class distances) as well as for pairs across the eight classes (inter-class distances), for BloodMNIST
dataset and generated images; Figure S4: Mean intra-class distances per class for the R, G, and B
channels in the BloodMNIST dataset and the generated images; Table S1: Characteristics of the
BloodMNIST database classes; Table S2: Hardware and software specifications.
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Abstract: Steganography has long served as a powerful tool for covert communication,
particularly through image-based techniques that embed secret information within innocuous
cover images. With the increasing adoption of deep learning, researchers have sought more
secure and efficient methods for image steganography. This study builds upon and extends the
DeepWaveletFusion approach by integrating convolutional neural networks (CNNs) with the
discrete wavelet transform (DWT) to enhance both embedding and recovery performance. The
proposed method, DeepWaveletFusionToo, is a lightweight architecture that employs a custom-
built DWT image dataset and leverages the mean squared error (MSE) loss function during
training, significantly reducing model complexity and computational cost. Experimental
results demonstrate that DeepWaveletFusionToo achieves improved imperceptibility compared
to its predecessor and delivers competitive recovery accuracy over existing deep learning-
based steganographic techniques, establishing its simplicity and effectiveness.

Keywords: deep learning; hiding; extraction; covert communication; convolutional neural
network; image; discrete wavelet transform

1. Introduction

The practice of concealing messages within seemingly innocuous carriers has been
used for centuries. One of the earliest recorded examples of steganography appears in
Herodotus’ account, where a message was tattooed on a slave’s scalp, illustrating the crucial
role of covert communication in warfare and espionage [1]. During the Renaissance, Italian
scientist Giovanni Battista Porta described various methods of secret writing, including
the use of invisible ink made from natural substances like lemon juice, which revealed
messages when heated. Similarly, during the American Revolutionary War, spies employed
mask letters, in which seemingly ordinary correspondence contained hidden messages that
could only be deciphered using a special cut-out overlay.

In modern times, digital steganography has become increasingly sophisticated. Infor-
mation can now be embedded within digital images, audio files, network protocols, and
even DNA sequences, making it a vital tool for cybersecurity and covert communication [2].
One of the most widely used methods involves manipulating the least significant bits
(LSBs) of an image’s pixel values to hide secret data. These modifications have minimal
impact on the image’s visual appearance, allowing hidden messages to remain imper-
ceptible to the human eye while still being retrievable with the right tools [3]. Beyond
LSB-based techniques, image steganography also utilizes transform domain methods, em-
bedding secret data within the coefficients of mathematical transformations such as the
Fourier transform (FT) [4], the discrete cosine transform (DCT) [5], and the discrete wavelet
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transform (DWT) [6]. Some methods combine more than one transform to provide better
imperceptibility and higher hiding capacity [7,8].

As traditional steganographic techniques rely on predefined rules for embedding
data, deep learning-based approaches leverage neural networks to automatically learn
optimal embedding and extraction strategies. These methods ensure minimal visual
distortion while maximizing retrieval accuracy. Autoencoders, generative adversarial
networks (GANs), and convolutional neural networks (CNNs) are widely used in this
domain, enabling the creation of realistic images that inherently conceal hidden information,
making detection by conventional steganalysis tools significantly more challenging.

One of the pioneering methods in deep learning-based steganography was introduced
in [9], where three individual CNNs—preparatory, hiding, and reveal networks—were trained
together as a cohesive unit. To enhance robustness against steganalysis, the authors incorpo-
rated a noise layer to prevent secret data from being embedded in the least significant bits
(LSBs) of the cover image’s pixels. However, while this improved security, it also impacted
the imperceptibility of the hiding process. Additionally, input images were normalized using
the mean and standard deviation values computed from the ImageNet dataset. To address
these limitations, the authors of [10] proposed modifications, including removing the noise
layer and decoupling the network from dataset dependency by skipping the normalization
and denormalization steps. Furthermore, instead of using a standard loss function, they intro-
duced a gain function that combined multiple image quality measures to guide the learning
process. These improvements enhanced both the imperceptibility and the recoverability of
the steganographic process, making it more effective for real-world applications.

The authors in [11] introduced a two-channel CNN to learn the mapping between the
secret image and the cover image. This two-channel scheme applies different embedding
strengths to preserve the original pixel information of the cover image in Channel 1, en-
suring that the generated hidden image closely resembles the cover image. Meanwhile,
Channel 2 extracts and retains high-level feature information from the secret image, mini-
mizing its impact on the visual integrity of the hidden image. Following a similar approach,
the authors in [12] proposed an improved fully convolutional DenseNet (FC-DenseNet)
architecture, where the cost function was optimized using artificial intelligence. Their exper-
iments demonstrated high hiding capacity as well as robustness against JPEG compression,
making it a significant advancement in deep learning-based steganography.

Another CNN-based steganographic method introduced a preprocessing module to
merge features extracted from both the cover image and the secret image [13]. This fused
representation was then passed into the embedding network to generate the stego-image,
while a corresponding extraction network was used to retrieve the secret image. The
authors designed a customized loss function to balance the tradeoff between embedding
loss (for the embedding network) and extraction loss (for the extraction network), thereby
improving overall performance. The SteganoCNN [14], on the other hand, successfully
leveraged CNNs to hide two secret images within a single cover image, achieving an
impressive payload capacity of 47.92 bits per pixel.

As recent advances in deep learning have significantly increased the hiding capacity
of steganographic techniques, many of these methods embed secret data directly into pixel
values, making them susceptible to detection by modern steganalysis tools and thereby
compromising the security of the hidden communication [15]. In this paper, we propose
a novel deep learning-based steganographic method that leverages the discrete wavelet
transform (DWT) of three-channel cover images to conceal three-channel secret images.
This work builds upon and extends the approach introduced in [16], which presented
DeepWaveletFusion—a steganographic method that trains a convolutional neural network
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(CNN) to merge the DWT sub-bands of the cover and secret images into a single fused
output. Rather than minimizing pixel-wise differences, DeepWaveletFusion employed a
gain function from [10] to maximize the structural similarity between the fused image and
the original cover image. Our proposed method, DeepWaveletFusionToo, introduces two
key advancements. First, it trains the model on a custom-preprocessed dataset, where
publicly available image datasets are transformed into their DWT representations. This
allows the model to operate directly in the frequency domain. This allows the model to be
optimized using the mean squared error (MSE) loss function. resulting in a significantly
shorter training time compared to the model presented in [16]. Second, the architecture
and training process are tailored to preserve both the imperceptibility and recoverability
of the embedded content through a β parameter. The rest of the paper is organized as
follows: Section 2 describes the proposed steganographic method, including an overview
of the DWT and CNN, the network architecture, the training process, and the model
hyperparameters. Section 3 presents the evaluation metrics and experimental results.
Section 4 concludes the paper with a summary of findings and potential future directions.

2. The Proposed Method

The proposed steganographic method aims to utilize CNNs to merge the discrete
wavelet transform (DWT) coefficients of both the cover and secret images into a single fused
representation, ensuring that the resulting stego-image remains visually indistinguishable
from the original cover. To achieve this, the CNN architecture was designed similarly
to [10], where the hiding and revealing networks were trained together as a cohesive unit.
However, unlike the approach presented in [10], the preparatory network was omitted.
In addition, the input to the system consists of the DWT of the images. In other words,
rather than training the model on raw RGB images, the input layers of both the hiding and
revealing networks operate directly on the DWT-transformed representations of the images.

2.1. The Discrete Wavelet Transform

The one-dimensional discrete wavelet transform (DWT) is a mathematical technique that
decomposes a signal into different frequency sub-bands using discrete, finite-sized wavelets.
This decomposition allows for the efficient analysis of various frequency components within
the signal. The DWT operates by passing the signal through a series of low-pass and high-
pass filters, followed by down-sampling. The low-pass filter (L) preserves the low-frequency
components, which represent the signal’s coarse details, while the high-pass filter (H) retains
the high-frequency components, capturing finer details and sharp variations. Down-sampling
reduces the number of samples in the signal, effectively compressing it while preserving
essential information. The inverse process, known as reconstruction, involves using synthesis
filters to approximate the original signal from its frequency components. Due to its ability to
efficiently capture both time and frequency information, the DWT is widely applied in signal
processing, including image and audio compression, denoising, and feature extraction.

In the case of images, a two-dimensional discrete wavelet transform (2D DWT) is used
to decompose an image into four frequency sub-bands, with the lowest frequency sub-band
containing the most critical image information. As shown in Figure 1, the process begins
by applying the 1D DWT to each row of the image, followed by applying the 1D DWT to
each column of the resulting sub-bands. This results in four distinct sub-bands:

• LL (Low-Low)—Contains the lowest frequency components and represents the coarse
approximation of the image.

• LH (Low-High)—Captures horizontal high-frequency details (edge information in
horizontal directions).
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• HL (High-Low)—Captures vertical high-frequency details (edge information in verti-
cal directions).

• HH (High-High)—Contains diagonal high-frequency components, representing finer
texture details.

Figure 1. Analysis and synthesis of an image using two-dimensional wavelet transform.

For three-channel color images (such as RGB images), the DWT must be applied
separately to each color channel to preserve color integrity. Despite the fact that the wavelet
transform alters the dimensions of the image sub-bands, the total number of elements in
the transformed representation remains equal to that of the original image, ensuring no
loss of data during decomposition.

2.2. Convolutional Neural Networks

A convolutional neural network (CNN) is a type of deep learning model specifically
designed for processing data with a grid-like structure, such as images. CNNs are widely
used in computer vision, image recognition, natural language processing, and medical
diagnostics due to their ability to automatically learn and extract features from input data.
Figure 2 shows the key components of a CNN which consist of multiple layers [17]. First,
convolutional layers apply a set of filters (kernels) to the input data to detect patterns
such as edges, textures, and shapes. Each filter slides (or convolves) across the input,
generating feature maps that highlight specific features. Pooling layers then reduce the
spatial dimensions of feature maps while preserving important information. Common
pooling methods include max pooling (selects the highest value in a region) and average
pooling (computes the average of a region). The output of the convolutional and pooling
layers is then passed to fully connected layers in order to flatten the extracted features and
pass them through a dense neural network to produce the classification or prediction.

Training a CNN involves an iterative process where the model learns patterns and fea-
tures from labeled data. This is performed through a combination of forward propagation,
loss calculation, backpropagation, and weight updates. During forward propagation, an
input image is passed through the CNN layers, which predict its output; then the model
compares its predictions with the ground truth labels using a loss function, which measures
how far off the predictions are [18]. To improve accuracy, CNNs adjust their weights using
backpropagation and gradient descent. That is, the loss function is differentiated with
respect to each weight using the chain rule and the gradient descent algorithm updates
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the weights of the network in the direction that minimizes loss. Instead of updating the
weights after every sample, training data is split into mini batches to improve computa-
tional efficiency. In this research, the batch size refers to the number of cover/secret image
pairs to be processed by the network at a given stage of the training process. Furthermore,
CNNs typically require multiple epochs to converge to an optimal solution, where a single
epoch is when the model has seen the entire dataset once.

Figure 2. The basic structure of a convolutional neural network (CNN).

2.3. The Network Architecture

As shown in Figure 3, the network system consists of two separate CNNs that are
connected back-to-back and trained as one cohesive unit. First, the hiding network takes
two images that have undergone a discrete wavelet transform (DWT) preprocessing step.
This transformation is performed using a custom DWT implementation that processes
each color channel of the RGB image individually. That is, the DWT process converts each
256 × 256 channel into a 128 × 128 × 4 representation for all three RGB channels and then
stacks them along the last dimension, resulting in a tensor of shape 128 × 128 × 4 × 3. The
input to the hiding network is then formed by concatenating these DWT representations
along their last axis, creating a tensor with dimensions 128 × 128 × 4 × 6.

The hiding network itself consists of three parallel branches of convolutional layers:
the 3 × 3 convolution branch, 4 × 4 convolution branch, and 5 × 5 convolution branch.
Each branch consists of four sequential convolutional layers with 50 filters each, using ReLU
activation functions and the ‘same’ padding. After these parallel processing branches, their
outputs (each with dimensions 128 × 128 × 4 × 50) are concatenated along the channel
axis to produce a tensor of shape 128 × 128 × 4 × 150. This concatenated output then feeds
into three parallel final convolution layers with kernel sizes of 3 × 3, 4 × 4, and 5 × 5, each
producing 50 feature maps. These outputs are again concatenated and passed through
a final 1 × 1 convolution layer with 3 filters to produce the hiding network output with
dimensions 128 × 128 × 4 × 3, matching the dimensions of the input DWT representation
for one of the images.

The revealing network, on the other hand, follows an identical architectural pattern to
the hiding network. It takes the output from the hiding network as input and processes
it through the same structure of parallel convolution branches (3 × 3, 4 × 4, and 5 × 5),
each with four sequential layers of 50 filters. The outputs are concatenated and processed
through final convolution layers in the same manner as the hiding network, ultimately
producing an output with dimensions 128 × 128 × 4 × 3. It is worth noting that this
lightweight model is trained directly on the DWT coefficients, and both embedding and
extraction occur entirely in the wavelet domain. That is, the use of inverse DWT (IDWT)
becomes unnecessary for the operation of the model itself. However, a Lambda layer can
be added to reconstruct the original image dimensions of 256 × 256 × 3, for either the
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stego-image or the recovered secret image, respectively. This design decision simplifies the
architecture and reduces computational overhead.

Figure 3. The hiding and revealing network system of the DeepWaveletFusionToo method.

The network is trained using the Adam optimizer with a specified learning rate and
uses the mean squared error (MSE) as the loss function for both the hiding and revealing
components [19]. The MSE can be computed using Equation (1), where m and n represent
the dimensions of the images’ DWT tensors, I(i,j) and I’(i,j) represent two corresponding
coefficient values at (i,j) in the original and the distorted image, respectively.

MSE =
∑m

i=1 ∑n
j=1(I(i, j)− I′(i, j))2

m ∗ n
(1)

Using the mean squared error (MSE) as the loss function represents a notable improve-
ment over the predecessor method, DeepWaveletFusion, presented in [16]. In that earlier
work, the model relied on a gain function that combined the PSNR and SSIM to update
network weights. This approach required both the stego-image and the recovered image
to undergo an inverse DWT in order to reconstruct their spatial-domain representations,
which were then used to compute the gain function based on pixel-level comparisons. This
inverse transformation introduced a significant bottleneck during training, despite the
method’s strong performance in hiding and extraction tasks.

In contrast, the proposed method eliminates the need for inverse DWT by computing
the loss directly between the DWT coefficients of the input and output layers. This not only
simplifies the architecture but also results in significantly faster training times. Additionally,
the model introduces a β parameter to balance the loss between the hiding and revealing
networks during training, which further enhances the retrieval performance.

2.4. Model Training

The DeepWaveletFusionToo method was coded using Python TensorFlow 2.12.0 and
executed on the Google Colaboratory cloud environment. To accelerate the training process,
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the Pro+ version of Colab was used, which enabled the use of an NVIDIA A100 within a
high-RAM runtime environment. The model uses TensorFlow-compatible implementations
of the DWT and IDWT layers (TensorFlow-wavelets) where the computations are optimized
to run on GPUs and TPUs for better performance.

Since both the embedding and extraction processes occur entirely in the wavelet
domain, the model is trained not on raw RGB images, but on their DWT-transformed
representations. Therefore, we had to build our own DWT image dataset. More specifically,
two publicly available datasets were sourced: Linnaeus 5 [20] and Imagenette [21]. Both
datasets have a total of 15,469 images representing different types of objects. The images
were resized to 256 × 256 pixels before being passed to the DWT preprocessing step, which
then converted them into tensors of shape 128 × 128 × 4 × 3 [22].

During the training process, the model utilizes a custom data generator that randomly
loads pre-processed DWT batches from the database, with pairs of cover/secret DWT used
to produce the transformed stego-image. This stego-image DWT is then used by the reveal
network to extract the DWT of the hidden image and update the network weights. The batch
size used was 16, with model checkpointing implemented for training continuity. The model
uses the Adam optimizer with default TensorFlow 2.12.0 parameters and a learning rate of
0.0002. The model includes checkpoint tracking and elapsed time monitoring, with weights
saved periodically during training. The space occupied by our model parameters is 5.84 MB
with a total of 1,532,406 trainable parameters across both the hiding and revealing networks.
Furthermore, different values for the β parameter were utilized to optimize the retrieval
quality of the secret image.

3. Results and Discussion

3.1. The Experimental Setup

In the following set of experiments, the DeepWaveletFusionToo method was tested using
ten pairs of cover/secret images. As shown in Table 1, the selected images represent a wide
variety of color and structural details. They include some popular images, like Baboon and
Lena, while the rest were selected from the Linnaeus 5 [20] and Imagenette [21] datasets.
For all test cases, the images were sized 256 × 256 pixels.

Table 1. Images used in experiments.

Cover Images Secret Images

Baboon Lena French Horn Garbage Truck

Chainsaws Church Fish Golf Balls
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Table 1. Cont.

Cover Images Secret Images

Dog Lotus Parachute Parrot

Graffiti Berries Pens Peppers

Gas Pump Karaoke Stained Glass Thistle

3.2. Performance Measures

Quantitative metrics were used to assess the proposed method across three perfor-
mance aspects: imperceptibility, recoverability, and hiding capacity. The peak signal-to-
noise ratio (PSNR) is the most common metric used to quantify the distortions introduced
into the stego-image due to the hiding process. The PSNR is measured in decibels (dB), as
in Equation (2), where values more than 30 dB typically indicate a low level of visual dis-
tortion and hence high imperceptibility. The PSNR is calculated using (2) and is expressed
in terms of the mean squared error (MSE) as given in Equation (1), where M represents
the maximum pixel value. Secondly, the quality of retrieval is measured by the structured
similarity index measure (SSIM), as in Equation (3), where a higher value reflects a greater
similarity between the secret image and the retrieved one.

PSNR = 10(log10(
M2

MSE
)) (2)

SSIM
(

I, I′
)
=

(2μIμI′ + c1)(2σI I′ + c2)(
μ2

I + μ2
I′ + c1

)(
σ2

I + σ2
I′ + c2

) (3)

To measure the hiding capacity, we need to estimate the maximum message size that
can be embedded into a cover image with specific dimensions. This is usually measured in
bits per pixel (bpp) and can be computed using Equation (4), where E represents the hiding
payload, in bits, for a cover image of size (H) by (W) pixels [22]. The SSIM, on the other
hand, can be measured for two images I and I′ using (3). μI and μI′ represent the mean
values, σ2

I represents the mean variance of I, and σ2
I′ represents the mean variance of I′. σ2

I I′

represents the covariance of I and I′, and c1 and c2 are used to stabilize division, in the
event that the denominator is weak [23].

Hiding Capacity =
E

H ∗ W
(4)
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3.3. Experimental Results
3.3.1. The Effect of β

The proposed DeepWaveletFusionToo method utilizes a weighted loss function that
balances two competing objectives: preserving the quality of the stego-image and ensuring
the accurate recovery of the secret image. This balance is controlled by the parameter β in
the loss function as in Equation (5),

Loss = MSE
(
S, S′

)
+ β× MSE

(
C, C′) (5)

where MSE(S,S′) represents the mean squared error between the original secret image and
the recovered secret image, and MSE(C,C′) represents the mean squared error between
the original cover image and the stego-image. In this formulation, β directly weights
the importance of the cover image fidelity. Values of β less than 1 give relatively more
importance to the secret image recovery in the overall loss function, while still accounting
for cover image quality.

To determine the optimal balance between recoverability and imperceptibility, we con-
ducted experiments using four different β values: 0.80, 0.85, 0.90, and 0.95. Figures 4 and 5
present the corresponding PSNR and SSIM scores across our test dataset for each β config-
uration. The results indicate that β values of 0.95 and 0.85 yield comparable performance
in terms of both recoverability and imperceptibility. Consequently, we adopt β = 0.95 for
the subsequent experiments.

Figure 4. PSNR values of stego-images for different β values across the test dataset.

3.3.2. Performance Evaluation

In the following set of experiments, we evaluate the performance of the DeepWavelet-
FusionToo method in terms of both invisibility and recoverability. Table 2 presents the
stego-images alongside their corresponding retrieved secret images for each test case. The
associated PSNR and SSIM values are calculated and displayed beneath each example.
The results demonstrate high recoverability, with an average SSIM of 0.93, indicating high
structural similarity between the original and retrieved images. Moreover, the embedding
process introduces minimal visual distortion, as reflected by an average PSNR of 31.57 dB,
confirming the imperceptibility of the stego-images.
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Figure 5. SSIM values between original and recovered secret images for different β values across the
test dataset.

Table 2. The results of the hiding and extraction for DeepWaveletFusionToo at β = 0.95.

French Horn in Graffiti
PSNR = 30.39 dB, SSIM = 0.93

Thistle in Baboon
PSNR = 32.75 dB, SSIM = 0.96

Peppers in Lena
PSNR = 31.55 dB, SSIM = 0.96

Golf Balls in Chainsaws
PSNR = 33.21, SSIM = 0.92

Gas Pump in Parachute
PSNR = 30.66 dB, SSIM = 0.96

Fish in Lotus
PSNR = 31.22, SSIM = 0.94

Stained Glass in Berries
PSNR = 29.63, SSIM = 0.85

Garbage Truck in Church
PSNR = 33.03, SSIM = 0.95
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Table 2. Cont.

Parrot in Karaoke
PSNR = 34.12 dB, SSIM = 0.97

Pens in Dog
PSNR = 31.08 dB, SSIM = 0.93

While the results in Table 2 demonstrate strong overall performance of the proposed
method for both hiding and extraction tasks, it is worth noting that the lowest SSIM score
occurs when the “Stained Glass” image was hidden inside the “Berries” image. In this case,
the model was able to retrieve at most 85% of the embedded image, indicating a perceptible
degradation in the visual quality of the recovered image. This drop can be attributed to
limitations in the DWT reconstruction process, which can be less effective for images with
smooth transitions or intricate textures. While this may be seen as a limitation of the current
model, we recommend that users experiment with a variety of cover images to achieve
optimal imperceptibility and retrieval quality. Selecting covers with diverse frequency
characteristics may help mitigate such artifacts and improve overall performance.

3.4. Comparative Performance Analysis

Table 3 presents a comparative evaluation of our proposed method, DeepWaveletFusion-
Too, alongside several state-of-the-art deep learning-based steganographic techniques. The
comparison spans multiple criteria, including the model architecture, dataset, cover/stego
image imperceptibility (measured in PSNR), secret/retrieved similarity, and the hiding
capacity in bits per pixel (bpp). The results presented in this table are compiled from the
published evaluations of each method. The similarity between the extracted secret image
and the original is expressed as a percentage. In cases where the SSIM (structural similarity
index) is used, a value of 1.0 corresponds to 100% similarity, indicating that the extracted
image is visually identical to the originally embedded one.

Table 3. A performance comparison with some deep learning steganographic techniques.

Method Approach
Image

Dataset
Cover/Stego
PSNR (dB)

Secret/Retrieved
Similarity (%)

Hiding
Capacity (bpp)

DeepStego [9], 2017 CNN ImageNet 28.69 73.0 24
TDHN [11], 2020 CNN NWPU-RESISC45 40.3 98.0 24
FCDNet [12], 2020 FC-DenseNet ImageNet 40.196 98.4 23.96
SteganoCNN [14], 2020 CNN ImageNet 21.614 85.5 48

End-to-end [13], 2021 Autoencoder COCO,
CelebA, ImageNet 33.70 -- 24

SteGuz [10], 2022 CNN Linnaeus 5,
Imagenette 44.33 93.0 24

DeepWaveletFusion [16], 2024 CNN, DWT Linnaeus 5,
Imagenette 33.63 98.7 24

DeepWaveletFusionToo CNN, DWT Linnaeus 5,
Imagenette 34.12 97 24

The DeepWaveletFusion and DeepWaveletFusionToo methods demonstrate competitive
performances across all evaluation metrics. Notably, DeepWaveletFusionToo achieves strong
imperceptibility while maintaining comparable recoverability. While this PSNR is slightly
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lower than SteGuz [10] (44.33 dB), the proposed method outperforms SteGuz in terms of
retrieval accuracy, surpassing SteGuz’s 93%.

Compared to earlier approaches such as DeepStego [9], which exhibits a much lower
PSNR (28.69 dB) and lower similarity (73%), our methods offer a significant improvement
in both visual fidelity and data recovery reliability. Similarly, SteganoCNN [14], while
having the highest hiding capacity (48 bpp), suffers from both a low PSNR (21.614 dB) and
lower similarity (85.5%), highlighting a trade-off between capacity and quality that our
method addresses more effectively.

TDHN [11] and FCDNet [12] perform well in terms of their PSNR (above 40 dB) and
achieve excellent similarity scores (>98%), but their architectures are less flexible compared
to our CNN–DWT hybrid. Our results remain competitive even against the end-to-end [13]
autoencoder model, which achieves a moderate PSNR (33.70 dB) but lacks similarity data,
making direct comparison incomplete. In conclusion, while performance comparisons to
existing methods are informative, they should be interpreted with caution due to dataset
and preprocessing discrepancies.

4. Conclusions

The DeepWaveletFusionToo is a novel framework that advances state-of-the-art in
wavelet-based deep learning steganography with a simple and computationally efficient
model. By training two convolutional neural networks on a custom dataset of discrete
wavelet-transformed images, the method achieves high-quality embedding and recovery
performance. Experimental results demonstrate a favorable trade-off between embedding
strength and image quality across varying values of the embedding strength factor β. Com-
pared to its predecessor, the DeepWaveletFusion, the proposed method exhibits improved
imperceptibility while maintaining an average similarity score of approximately 93%.

Future work may explore the use of larger and more diverse training datasets, such
as ImageNet, to further improve imperceptibility and enhance benchmarking consis-
tency. Additionally, evaluating the system’s robustness against common image processing
attacks—such as JPEG compression—could broaden its applicability, particularly in do-
mains like invisible image watermarking. Another important direction is to assess the
steganographic security of the proposed method by testing it against standard steganalysis
techniques, with the goal of enhancing its resilience to detection.
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Abstract: Energy consumption has emerged as a critical design constraint in deploying high-
performance neural networks, especially on edge devices with limited power resources. In
this paper, a comparative study is conducted for two prevalent deep learning paradigms—
convolutional neural networks (CNNs), exemplified by ResNet18, and transformer-based
large language models (LLMs), represented by GPT3-small, Llama-7B, and GPT3-175B.
By analyzing how the scaling of memory energy versus computing energy affects the
energy consumption of neural networks with different batch sizes (1, 4, 8, 16), it is shown
that ResNet18 transitions from a memory energy-limited regime at low batch sizes to a
computing energy-limited regime at higher batch sizes due to its extensive convolution
operations. On the other hand, GPT-like models remain predominantly memory-bound,
with large parameter tensors and frequent key–value (KV) cache lookups accounting
for most of the total energy usage. Our results reveal that reducing weight-memory
energy is particularly effective in transformer architectures, while improving multiply–
accumulate (MAC) efficiency significantly benefits CNNs at higher workloads. We further
highlight near-memory and in-memory computing approaches as promising strategies to
lower data-transfer costs and enhance power efficiency in large-scale deployments. These
findings offer actionable insights for architects and system designers aiming to optimize
artificial intelligence (AI) performance under stringent energy budgets on battery-powered
edge devices.

Keywords: energy consumption of neural networks; weight-memory energy; MAC
computing energy; edge intelligence

1. Introduction

As artificial intelligence (AI) technologies are advancing very rapidly nowadays, neu-
ral networks are starting to show that they can be really useful and helpful for various
applications related to human cognition and intelligence [1–4]. The most representa-
tive models of neural networks can be regarded as convolutional neural networks and
transformers [5–8]. They are used for processing spatial information such as images and
sequential information such as natural languages, respectively, which can be considered
the most common capabilities of human cognition and intelligence.

To realize human-level cognition and intelligence, very strong computing systems
are needed. Figure 1 shows an entire hierarchy from Internet of Things (IoT) to cloud
computing centers via an edge intelligence layer [9]. Here the IoT sensors collect massive
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amounts of data from natural environments, human societies, etc. The IoT actuators
translate electrical signals to physical quantities, including motion, light, temperature, etc.,
to make human life more convenient and safer. The data collected from the IoT devices are
finally used in the cloud layer, where very big AI models can be operated using the big
data accumulated in data centers.

Figure 1. A conceptual diagram of the hierarchy of computing hardware from IoT sensors to the
cloud layer via the edge intelligence layer.

To make the entire computing systems energy-efficient, an edge intelligence layer
should be inserted between the IoT devices and cloud layer, as shown in Figure 1 [10]. The
edge layer between the IoT and cloud computing layers can reduce the amount of data to
be transferred directly from the IoT devices to the data center significantly [11]. By doing
so, the computing and communication energy of a data center can be decreased. Moreover,
some applications should handle privacy-related data. Edge hardware can enable data
processing without exposing private information to external networks. This is particularly
important in healthcare, financial services, and personal devices where data privacy is
paramount [11,12].

As mentioned earlier, edge intelligence is needed between the IoT devices and data
centers. Most edge intelligence hardware should be operated in energy-constraint envi-
ronments such as battery energy. In this case, low-power edge hardware is very critical to
make the battery lifetime long. However, this demand for the low-power consumption of
edge devices is in opposition to big AI models requiring high-level intelligence consuming
very large amounts of energy [13–15]. Figure 2a shows the relationship between energy
consumption and an AI model’s size [16]. Here, we analyze various large language models
(LLMs) in terms of energy consumption, which very clearly demonstrates an exponential
increase with respect to the number of model parameters [17,18].

Now we need to discuss how to reduce the energy consumption of AI models. Tra-
ditionally, computing energy consumption could be reduced by supply voltage (VDD)
scaling. It is well known that switching power consumption is proportional to VDD2. If the
VDD is reduced, the power consumption will be reduced by VDD2. However, VDD scaling
has not been available for many years now, so power reduction through VDD scaling is
impossible now [19,20].

To reduce power consumption without relying on VDD scaling, we need to consider
the power consumption of traditional computing architecture, which is known as the
von Neumann architecture. Figure 2b shows a conceptual diagram of the von Neumann
architecture, where the computing block is separated from the memory block. The separa-
tion between the computing block and memory block can cause a large amount of power
consumption because the data movement between the two separate blocks consumes
energy endlessly. To overcome this problem, Figure 2c shows a conceptual diagram of
near-memory computing, where the power consumption can be reduced by shortening the
distance between the computing and memory blocks [21,22]. Furthermore, Figure 2d shows
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a diagram of the in-memory computing architecture. Here, the architecture in Figure 2d
can be used to perform both the computing and memory functions on the same site. By
doing so, the computing energy consumption in Figure 2d can be lowered more compared
to Figure 2c [23–26].

Figure 2. (a) The energy consumption of LLMs with an increasing number of AI model param-
eters [16]. (b) The von Neumann computing architecture with the separation of computing and
memory blocks. (c) The near-memory computing architecture, where the distance between the com-
puting and memory blocks can be shorter than in the traditional von Neumann architecture. (d) The
in-memory computing architecture, where the computing can be performed in a memory array.

As explained earlier, both the near-memory and in-memory computing techniques
can reduce the energy consumption of AI models. In more detail, near-memory computing
can affect the data movement energy needed for accessing weight memory. In-memory
computing can reduce both the energy consumption of computing and weight memory.
Thus, to analyze the energy reduction due to near-memory and in-memory computing,
we try to divide the AI model’s energy consumption into a weight-accessing part and
computing part in this paper.

To do so, first, we assume two types of neural network models, which are the con-
volutional neural network and transformer model, respectively, in terms of the model’s
size and the FLOPs computed in the models. The two models are used for processing
spatial information such as images and sequential information such as natural languages,
respectively, which can be considered the most common capabilities of human cognition
and intelligence.
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Here, FLOPs mean the number of floating-point operations needed to run the AI
model. If the model’s size is large, it needs a large number of model parameters. If so, the
energy consumption of accessing weight memory should be very large too. On the other
hand, if the number of FLOPs is large, it means the amount of computing energy should
be very large too. Based on the analysis of model size and FLOPs, in this paper, we will
calculate how much energy can be saved for two typical AI models, the ResNet18 and
transformer models, in the following section.

Explaining the analyzed models in more detail, ResNet18 is suitable for handling
vision information using a convolution operation. Here, the convolution operation per-
forms very heavy computation using a small number of kernels. This is the reason that the
number of FLOPs per parameter of convolution-based models is larger than for other AI
models. On the contrary, transformer models need a lot of model parameters to be used
in very large matrix–matrix multiplication. Consequentially, the transformer model has a
low number of FLOPs per parameter. To consider two types of AI models, computation-
dominant and weight-dominant, we analyze the energy consumption of AI models by
scaling the weight energy versus the computing energy. The results show that the energy
scaling of weight memory and computing can affect the AI model’s power consumption in
various ways according to different models, operating modes, memories, etc.

To summarize how the energy scaling of weight memory versus computing can affect
the total energy consumption of various AI models, we plot FLOPs per parameter with
a varying batch number. By doing so, we can distinguish the weight-energy bound and
MAC-energy bound regions for the AI models. Here, MAC stands for multiplication
and accumulation operations that are fundamental to running the neural network model.
If one AI model operated with a certain batch number belongs to a region bound by
weight-accessing energy, it means the weight-memory energy is more dominant than the
computing energy. On the other hand, the AI model is in the computing-energy bound
region; the reduction in computing energy is more important than saving the weight-
memory energy. These findings obtained through the analysis in this paper can offer
actionable insights for architects and system designers aiming to optimize AI performance
under stringent energy budgets on battery-powered edge devices.

Let us discuss some previous studies for analyzing the energy consumption of neural
networks [27,28]. These are based on real measurements using neural network hardware
such as NVIDIA devices. More specifically, a study profiling the energy consumption
of fully connected and convolutional layers led to the creation of simple but accurate
energy models for edge inference tasks [27]. Also, some researchers have developed an
energy consumption index to evaluate the energy efficiency of various deep learning
architectures, including AlexNet, ResNet18, VGG16, EfficientNet-B3, ConvNeXt-T, and
Swin Transformer, during both the training and inference phases, providing a standardized
approach for assessment [29].

Unlike these previous studies that obtained measurement results using hardware,
this paper analyzes the energy consumption of AI models from bottom-up calculations
using elementwise analysis for weight-memory access and MAC (multiply–accumulate)
computing. By doing so, the energy consumption trend can be analyzed and estimated
in this paper when the energy scaling affects weight energy versus computing energy
differently. This kind of breakdown approach for energy consumption is very useful for
estimating future energy reduction that may be driven by near-memory and in-memory
computing architecture.

In the next section, the methods used in this study are explained in detail. In Section 3,
simulation results are indicated using figures and tables, which show the AI model’s energy
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consumption for different batch numbers, different energy scaling for weight-memory and
MAC computing, etc. In Section 3, we conclude this paper.

2. Methods

In this paper, two types of neural network models are considered for analyzing
their energy consumption. These are ResNet18 and transformer models, known as GPT,
respectively. Figure 3a illustrates a block diagram of ResNet18, which takes an input image
and applies 64 convolution filters of size 7 × 7 with a stride of 2 at the first stage to rapidly
reduce the spatial resolution. Afterward, multiple layers of 3 × 3 convolutions (filters
64→128→256→512) are sequentially applied. Each convolution layer is equipped with
Batch Normalization, an activation function known as ReLU, etc. At the end, a pooling
operation aggregates the feature map by channels, and the classification result is finally
produced through a fully connected layer and SoftMax layer.

ResNet18 is a simpler model than large language models (LLMs) in the GPT family,
which can have hundreds of millions to billions of parameters. However, due to the nature
of pixel-level convolutions, each convolution layer requires an enormous number of MAC
(multiply–accumulate) operations. For example, with an input image of size 224 × 224, just
passing through the first convolution layer entails many filters performing spatial multiply–
add operations. As the input image is large and the number of channels grows from layer
to layer, the total computational workload skyrockets. Consequently, ResNet18 needs
about 1.8 GFLOPs, which represents a substantial amount of computation. In other words,
despite having fewer parameters, the model has a large volume of operations, implying
that much of the energy consumption could be dominated by computational costs.

On the other hand, as shown in Figure 3b, GPT-based models (GPT3-small, Llama
7B, GPT3-175B, etc.) follow the transformer architecture designed to process sequential
data. The sequential input data are first split into tokens, and the tokens are delivered
to an embedding layer. Then, they are input into multiple transformer blocks. Each
transformer block consists of (1) Layer Normalization, (2) Multi-Head Self-Attention, and
(3) a feedforward module (MLP). A residual connection is applied at each layer for stable
training. GPT models typically contain a very large number of parameters. For example,
GPT3-175B has about 175 billion parameters, while Llama 7B already has around 6.7 billion
parameters, which is far bigger in scale than CNN-based models [7,30].

Due to these architectural differences, the dominant factors in energy consumption
diverge markedly between ResNet18 and GPT. In CNNs, the parameter count is relatively
small, but there are many convolution operations, leading to a computationally intensive
workload. Meanwhile, GPT frequently loads a huge number of parameters for each token,
and as the sequence length grows, the KV cache access frequency also increases greatly.
Therefore, in GPT-based models, memory access can become the main bottleneck in overall
energy consumption. Specifically, even a model like Llama 7B already comprises billions
of parameters, and in the case of GPT3-175B, the parameter count is over two orders of
magnitude higher, which inevitably inflates the energy costs related to memory.
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(a) (b)

Figure 3. (a) A block diagram of ResNet18 [6]. (b) A block diagram of a transformer decoder such as
GPT3 [31].

To perform a comparative study on energy consumption for moving weights and com-
puting MAC operations, first, the numbers of model parameters and FLOPs are calculated
for various AI models. Here, ResNet18, GPT3-small, Llama-7B, and GPT3-175B are chosen
for this analysis, as shown in Figure 4a [17,32,33]. GPT-3 Small, Llama-7B, and GPT-3 175B
were chosen as representative small-, medium-, and large-scale LLMs. Because all three
models employ a GPT-like single decoder block, their layer layouts and computational
patterns are similar, enabling a fair comparison. Each model has been publicly released
with full hyperparameter details provided in the relevant paper and repository, ensuring
reproducibility and data accessibility. ResNet18, based on a convolutional neural network,
has 11.7 M parameters, which can recognize images by processing spatial information.
GPT3-small, Llama-7B, and GPT3-175B are based on the transformer-decoder model, which
can handle sequential information such as natural languages. There are 125 M, 7 B, and
175 B parameters for GPT3-small, Llama-7B, and GPT3-175B, respectively, as shown in
Figure 4a. The numbers of FLOPs for the four models are shown in Figure 4b. The number
of FLOPs of ResNet18 is as low as 1.8 G. The number of FLOPs of GPT3-small and Llama
7B is 265 M and 13.2 G, respectively. On the contrary, the number of FLOPs reaches as high
as 334 G for GPT3-175B [17,32,33].
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Figure 4. (a) The number of parameters for various neural network models. (b) The number of FLOPs
for various neural network models when the number of batches is one. (c) The FLOPs per parameter
for various neural network models when the number of batches is one. (d) The energy consumption
of different memories and MAC operations.

The computational intensity of neural network models can be defined by the number of
FLOPs per parameter. For example, ResNet18 is calculated with a computational intensity
as high as 155, because the model has a small number of parameters and a large number of
FLOPs, as shown in Figure 4c. In contrast, the transformer-based models have much lower
computational intensity than ResNet18. The intensity numbers shown in Figure 4c are 1.96,
2.09, and 2.04 for GPT-small, Llama 7B, and GPT3-175B, respectively. One thing to note
from Figure 4c is that the transformer-based neural networks perform less computing than
the CNN-based models for each parameter.

Figure 4d indicates the energy consumption of loading weights per bit and the com-
puting energy for performing one MAC operation. Here, FP16 and INT8 are considered for
carrying out MAC operations. FP16 represents a floating-point number format composed
of 16 bits. Similarly, INT8 is an integer number format composed of 8 bits. These are very
common number formats used in most GPU and NPU chips [34]. In Figure 4d, the first
column shows the weight-memory energy per bit for GDDR6 DRAMs [35]. The second col-
umn is the weight-memory energy per bit for LPDDR5 DRAMs [36]. The third and fourth
columns represent the computing energy per FP16 and INT8 MAC, respectively [20,37].

To simulate the energy consumption of AI models, the total energy consumption is
examined for different batch numbers with the weight-memory energy and MAC energy
varied in steps. To perform the energy analysis, first, we need to calculate the number
of model parameters and FLOPs required to operate the AI models mentioned above.
The energy calculation in this paper is performed using a Python 3.9.21 program that
includes the energy models of MAC computing and weight-memory access. The neural
network’s performance is verified using Pytorch 2.2.0 (+ CUDA 11.8) for the ResNet18
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and transformer-based models. As mentioned earlier, two representative AI models are
simulated in this paper. These are ResNet and transformer, respectively. The other AI
models can be considered to have similar characteristics to the two models analyzed in
this paper. The two models used are for processing spatial information such as images and
sequential information such as natural languages, respectively, which can be considered
the most common capabilities of human cognition and intelligence. Here, the total energy
consumption is assumed to be roughly composed of weight-memory energy and MAC
computing energy [30,31,38,39]. For the weight-memory energy, LPDDR5 in Figure 4d
is assumed to be used in loading the weights from the external DRAM memory [36]. In
this case, the weight-memory energy used for loading one bit can be estimated to be as
much as 4.5 pJ. To calculate the MAC computing energy, MAC-INT8 precision is used in
the convolution-based ResNet18 model in this paper. In most convolution-based models
such as ResNet, INT8 precision can demonstrate sufficient performance for use in practical
applications [40,41]. For the transformer-based models, MAC-FP16 is used to handle more
complicated computations rather than INT8. If the CMOS logic process is assumed to
involve a 45 nm node and the VDD is 0.9 V, the MAC-INT8 operation consumes 0.23 pJ per
MAC operation [20,37]. On the other hand, MAC-FP16 requires an energy consumption as
large as 1.5 pJ per MAC operation [20,37]. Table 1 shows the hyperparameter values used
in the transformer models, namely GPT-3 Small, Llama-7B, and GPT-3 175B.

Table 1. The hyperparameters of transformer models such as GPT-3 Small, Llama-7B, and GPT-3
175B. These are vocabulary size (n_word), context window size (n_context), hidden dimension size
(d_model), layer depth (n_layer), number of attention heads (n_head), and per-head dimension
(d_head).

n_word n_context d_model n_layer n_head d_head

GPT3-small 50,257 2048 768 12 12 64

Llama-7B 50,257 2048 4096 32 32 128

GPT3-175B 50,257 2048 12,288 96 96 128

3. Results

Figures 5 and 6 present the normalized total energy consumption to show, at a glance,
how the overall energy consumption changes as the weight-memory or MAC operation
energy is gradually decreased. In detail, Figure 5 demonstrates how the total energy
consumption shifts (for batch sizes of 1, 4, 8, 16, respectively) when the weight-memory
energy per bit in ResNet18 is reduced step by step from the baseline (1) to 1/2, 1/4, 1/8,
and 1/16. When the batch size is 1, the weight energy and computation energy are almost
in a 2:1 ratio, so saving weight-memory energy immediately leads to a reduction in the
total energy consumption. However, when the batch size is 4 or larger, there are more MAC
operations to be computed during the convolution operations, which increases the energy
consumption due to MAC computation significantly. As discussed earlier, the impact of
computation grows in these scenarios, so merely reducing the weight-memory energy does
not yield as much benefit as it does at batch = 1
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Figure 5. The energy consumption of ResNet18 with the weight-memory energy scaled from 1 down
to 1/16. Here, the numbers of batches are 1, 4, 8, and 16 in (a), (b), (c), and (d), respectively.
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Figure 6. The energy consumption of ResNet18 with the MAC computing energy scaled from 1 down
to 1/16. Here, the numbers of batches are 1, 4, 8, and 16 in (a), (b), (c), and (d), respectively.
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Figure 6 shows how the total energy consumption changes under the same batch size
scenarios (1, 4, 8, 16) when the MAC operation energy is reduced stepwise from 1 to 1/2,
1/4, 1/8, and 1/16. Because convolution is the core operation in ResNet18, and because
the number of MAC operations surges rapidly as the batch number increases, halving
the MAC energy leads to a significant decline in total energy. Even though we are using
INT8 precision, the overall computation volume is still very large. Notably, as the batch
size grows (8, 16) and the parallelism in convolution operations intensifies, MAC energy’s
proportion becomes even higher, making computation-focused optimization especially
effective. Moreover, larger batch sizes also significantly increase activation memory usage
(due to bigger intermediate feature maps), so lowering the MAC energy alone does not
solve all energy problems. Nevertheless, since CNNs are typically computationally heavy,
optimizing convolution through techniques such as Winograd transformations, FFT-based
approaches, hardware parallelization, or further reducing precision below INT8 (e.g., INT4,
INT2) can lead to substantial energy savings.

In summary, for ResNet18, the relative contributions of the weight-memory energy
and MAC computing energy depend on the batch number. Overall, however, because
CNNs involve a large volume of operations, they are likely to be computationally bound,
making strategies to reduce the MAC energy pivotal for lowering the overall energy. This
is especially relevant now that CNNs are increasingly deployed in battery-powered edge
devices, prompting the active development of specialized hardware (NPU) and data-reuse
strategies (e.g., sharing neighboring pixels) to maximize computing efficiency.

Now let us look at a transformer-based model, GPT (Llama 7B), and examine how
the energy scaling of memory access versus MAC computation affects the total energy
consumption. Figures 7–9 show, respectively, the changes in the normalized total energy
consumption by batch size (1, 4, 8, 16) when (1) weight-memory energy is reduced, (2) MAC
operation energy is reduced, and (3) KV cache memory energy is reduced. Here, we assume
FP16 precision for the MAC calculations in the GPT model instead of the INT8 precision
used in ResNet18.
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Figure 7. The energy consumption of Llama-7B with the weight-memory energy scaled from 1 down
to 1/16. Here, the numbers of batches are 1, 4, 8, and 16 in (a), (b), (c), and (d), respectively.
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Figure 8. The energy consumption of Llama-7B with the MAC computing energy scaled from 1 down
to 1/16. Here, the numbers of batches are 1, 4, 8, and 16 in (a), (b), (c), and (d), respectively.
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Figure 9. The energy consumption of Llama-7B with the KV cache memory energy scaled from 1
down to 1/16. Here, the numbers of batches are 1, 4, 8, and 16 in (a), (b), (c), and (d), respectively.
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Llama 7B contains around 7 billion parameters, more than 500 times 11.7 million. Thus,
for every inference or training pass, a vast number of weights must be loaded layer by
layer. As shown in Figure 7, reducing the weight-memory energy to 1/2, 1/4, 1/8, or 1/16
reduces the total energy consumption dramatically regardless of batch size. This indicates
that weight access or data movement is the strongest bottleneck in GPT-like architectures
with large parameter counts [38]. Indeed, memory optimization techniques such as weight
quantization (e.g., 8-bit or 4-bit), weight compression, or parameter sharing across layers
(and KV caching) can significantly improve the energy efficiency of GPT models [42,43].

Because GPT models often have many more parameters than their overall FLOPs
might suggest, MAC operations may not account for as large a fraction of the total energy
as in CNNs. In Figure 8, lowering the MAC energy does reduce the total energy, but,
unlike in CNNs, the absolute impact is not huge, even for larger batch sizes. Nevertheless,
when the batch size reaches 8 or more, multi-head attention and the feedforward network
process more tokens in parallel, increasing the computational load enough that MAC
energy optimization does become meaningful. However, memory access (weights, KV
cache) can still occupy a relatively larger portion of the total energy. This result shows that
while computing energy efficiency remains valuable, reducing memory access—especially
for weights and KV cache—is typically a higher priority for GPT-style models.

Because the GPT structure continually references past tokens, it uses a KV (key–value)
cache to store them. As the sentence length grows, the quantity of information in this KV
cache increases quadratically. With a larger batch size, multiple sentences are processed
in parallel, further boosting the cache access frequency. As shown in Figure 9, cutting the
KV cache energy to 1/2, 1/4, 1/8, or 1/16 can yield a noticeable drop in the total energy,
especially when the batch size is as large as 16. This confirms that the KV cache is not just a
side component; it can be a major energy bottleneck. Existing methods to optimize KV cache
usage include storing token embeddings or attention keys/values at a lower precision,
discarding unneeded cached entries early, or adopting architectural approaches such as
placing cache memory closer to the processor (near-memory) or embedding it directly into
the processor (in-memory) to reduce data movement. In summary, GPT (Llama 7B) handles
significantly more parameters than CNNs and also deals with a substantial amount of KV
cache usage, making memory access a dominant factor in the total energy consumption.
Although MAC computation can become more significant with bigger batch sizes or longer
sequences, optimizing the loading and storage processes of weights and KV caches is
ultimately the key to achieving energy efficiency for the transformer-based models.

In Figure 10a,b, we compare the energy reduction rates for ResNet18 and the GPT-
based Llama 7B model when lowering different energy components, namely weight-
memory energy, MAC computing energy, and (for Llama 7B) KV cache energy.

Focusing first on ResNet18 in Figure 10a, we observe that at a small batch size
(batch = 1), reducing the weight-memory energy yields a 61.7% reduction in the total
energy consumption, whereas lowering the MAC computing energy decreases the overall
energy by 30.3%. As the batch size grows to 4, weight-memory optimization still produces
a larger effect (30.5%) compared to MAC-related reductions (18.2%), but this gap narrows
because the share of computing increases with parallel convolution. At a batch size of 8,
the situation shifts significantly in favor of MAC computing optimization, resulting in a
71.7% energy reduction, whereas weight-memory savings fall to 18.2%. At batch size = 16,
the model becomes even more computationally bound, so reducing the MAC energy leads
to a 79.4% decrease in the total energy consumption, with weight-memory savings dipping
to 10.1%. These trends confirm that ResNet18 moves from a memory-bound state at small
batch sizes to a computationally bound regime as the batch size increases.
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Figure 10. (a) ResNet18’s total energy reduction for weight-memory vs. MAC energy scaling with
batch sizes of 1, 4, 8, and 16. (b) Llama 7B’s energy reduction for weight-memory, MAC, and KV
cache energy scaling with batch sizes of 1, 4, 8, and 16. (c) FLOPs per parameter vs. batch size,
illustrating the transition from computing energy-bound to memory energy-bound regimes.

Moving on to the Llama 7B transformer model in Figure 10b, we see a different picture
because GPT models generally have many more parameters and must maintain a key–value
(KV) cache for autoregressive attention. At batch size = 1, lowering the weight-memory energy
produces a drastic 80% decrease, whereas cutting down the MAC computing energy only
leads to 1.6% decrease, and diminishing the KV cache energy yields a 12% decrease. Even
as we move to batch size = 4, weight-memory optimization still dominates at 55.6%, with
MAC and KV cache reductions of 4.5% and 33.4%, respectively. These results underscore that
GPT models are far more sensitive to memory traffic than to raw computing costs. At batch
size = 8, the memory remains critical: decreasing the weight-memory energy yields a 39.5%
reduction, reducing the KV cache energy leads to a 47.5% reduction, and MAC energy scaling
results in a 6.5% decrease. At batch size = 16, memory dependencies remain paramount,
with KV cache energy reductions offering 60.2% savings and weight-memory optimization
leading to 25% savings, while MAC energy contributes only 8.2% savings. Altogether, these
observations highlight that Llama 7B firmly remains in a memory-bound regime at all batch
sizes, placing priority on either reducing weight-memory overhead or streamlining the KV
cache mechanism to achieve the largest improvements in overall energy efficiency.

To clarify this analysis, Figure 10c examines how FLOPs per parameter change with
increasing batch size, helping to visually identify whether a model is memory-bound or compu-
tationally bound. In the small-batch-size regime, the model tends to rely heavily on parameter
loading and activation data management at every step, thus making it prone to being memory
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energy-bound. In this case, strategies to minimize memory access energy are crucial. Typical
approaches include weight quantization (reduced precision), maximizing data reuse (caching),
and near-/in-memory computing designs that physically reduce data movement distances.

When moving to larger batch sizes, architectures such as CNNs (ResNet18) exhibit a
surge in parallel convolution operations, leading to the dominance of computing energy.
On the other hand, for GPT-based models, the growth in sequence length also leads
to heavier attention computations and KV cache usage, so memory access remains a
considerable burden. As a result, even at large batch sizes, GPT-like models may not become
purely computing-bound but rather remain in a mixed region where both memory and
computation are critical. This disparity stems from fundamental differences in how CNNs
and GPTs process data: CNNs perform pixel-level convolutions for spatial information,
leading to heavy computing costs, whereas GPTs handle sequential information with
extensive parameters and cache access, incurring significant memory costs.

To indicate the numbers used in Figures 5–9, Table 2 is shown below. In more detail,
Table 2a indicates the energy consumption of ResNet18 with the weight-memory energy
scaled from 1 down to 1/16, as shown in Figure 5. Table 2b shows the energy consumption
of ResNet18 with MAC energy scaling from 1/16 to 1, as shown in Figure 6. Table 2c
indicates the energy consumption of Llama-7B with the weight-memory energy scaled
from 1 down to 1/16, as shown in Figure 7. Table 2d shows the energy consumption of
Llama-7B with MAC energy scaling from 1/16 to 1, as shown in Figure 8. Table 2e shows
the energy consumption of Llama-7B with the KV cache memory energy scaled from 1
down to 1/16, as shown in Figure 9.

Table 2. (a) The energy consumption of ResNet18 with the weight-memory energy scaled from 1/16
to 1. (b) The energy consumption of ResNet18 with the MAC computing energy scaled from 1/16 to
1. (c) The energy consumption of Llama-7B with the weight-memory energy scaled from 1/16 to 1.
(d) The energy consumption of Llama-7B with the MAC computing energy scaled from 1/16 to 1.
(e) The energy consumption of Llama-7B with the KV cache memory energy scaled from 1/16 to 1.

(a)
Normalized Weight

Energy
per Bit

1/16 1/8 1/4 1/2 1

number of
batches = 1

activation 0.01693 0.01693 0.01693 0.01693 0.01693

MAC 0.32393 0.32393 0.32393 0.32393 0.32393

weight 0.0412 0.08239 0.16478 0.32957 0.65914

total 0.38206 0.42325 0.50564 0.67043 1

number of
batches = 4

activation 0.06772 0.06772 0.06772 0.06772 0.06772

MAC 1.29574 1.29574 1.29574 1.29574 1.29574

weight 0.0412 0.08239 0.16478 0.32957 0.65914

total 1.40466 1.44585 1.52824 1.69303 2.02259

number of
batches = 8

activation 0.13545 0.13545 0.13545 0.13545 0.13545

MAC 2.59147 2.59147 2.59147 2.59147 2.59147

weight 0.0412 0.08239 0.16478 0.32957 0.65914

total 2.76812 2.80931 2.8917 3.05649 3.38606

number of
batches = 16

activation 0.2709 0.2709 0.2709 0.2709 0.2709

MAC 5.18294 5.18294 5.18294 5.18294 5.18294

weight 0.0412 0.08239 0.16478 0.32957 0.65914

total 5.49504 5.53623 5.61862 5.78341 6.11298
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Table 2. Cont.

(b) Normalized MAC
Energy per Bit 1/16 1/8 1/4 1/2 1

number of
batches = 1

activation 0.01693 0.01693 0.01693 0.01693 0.01693

MAC 0.02025 0.04049 0.08098 0.16197 0.32393

weight 0.65914 0.65914 0.65914 0.65914 0.65914

total 0.69631 0.71656 0.75705 0.83803 1

number of
batches = 4

activation 0.06772 0.06772 0.06772 0.06772 0.06772

MAC 0.08098 0.16197 0.32393 0.64787 1.29574

weight 0.65914 0.65914 0.65914 0.65914 0.65914

total 0.80784 0.88883 1.05079 1.37473 2.02259

number of
batches = 8

activation 0.13545 0.13545 0.13545 0.13545 0.13545

MAC 0.16197 0.32393. 0.64787 1.29574 2.59147

weight 0.65914 0.65914 0.65914 0.65914 0.65914

total 0.95656 1.11852 1.44246 2.09033 3.38606

number of
batches = 16

activation 0.2709 0.2709 0.2709 0.2709 0.2709

MAC 0.32393 0.64787 1.29574 2.59147 5.18294

weight 0.65914 0.65914 0.65914 0.65914 0.65914

total 1.25397 1.57791 2.22578 3.52151 6.11298

(c) Normalized Weight
Energy per Bit 1/16 1/8 1/4 1/2 1

number of
batches = 1

activation 4.47059
× 10−4

4.47059
× 10−4

4.47059
× 10−4

4.47059
× 10−4

4.47059
× 10−4

MAC 0.01763 0.01763 0.01763 0.01763 0.01763

weight 0.05336 0.10672 0.21343/ 0.42687 0.85374

KV cache 0.12819 0.12819 0.12819 0.12819 0.12819

total 0.19962 0.25298 0.3597 0.57313 1

number of
batches = 4

activation 0.00179 0.00179 0.00179 0.00179 0.00179

MAC 0.0705 0.0705 0.0705 0.0705 0.0705

weight 0.05336 0.10672 0.21343 0.42687 0.85374

KV cache 0.51276 0.51276 0.51276 0.51276 0.51276

total 0.63841 0.69176 0.79848 1.01192 1.43879

number of
batches = 8

activation 0.00358 0.00358 0.00358 0.00358 0.00358

MAC 0.14101 0.14101 0.14101 0.14101 0.14101

weight 0.05336 0.10672 0.21343 0.42687 0.85374

KV cache 1.02551 1.02551 1.02551 1.02551 1.02551

total 1.22345 1.27681 1.38353 1.59696 2.02383

number of
batches = 16

activation 0.00715 0.00715 0.00715 0.00715 0.00715

MAC 0.28202 0.28202 0.28202 0.28202 0.28202

weight 0.05336 0.10672 0.21343 0.42687 0.85374

KV cache 2.05102 2.05102 2.05102 2.05102 2.05102

total 2.39355 2.44691 2.55363 2.76706 3.19393
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Table 2. Cont.

(d) Normalized MAC
Energy per Bit 1/16 1/8 1/4 1/2 1

number of
batches = 1

activation 4.47059
× 10−4

4.47059
× 10−4

4.47059
× 10−4

4.47059
× 10−4

4.47059
× 10−4

MAC 0.0011 0.0022 0.00441 0.00881 0.01763

weight 0.85374 0.85374 0.85374 0.85374 0.85374

KV cache 0.12819 0.12819 0.12819 0.12819 0.12819

total 0.98348 0.98458 0.98678 0.99119 1

number of
batches = 4

activation 0.00179 0.00179 0.00179 0.00179 0.00179

MAC 0.00441 0.00881 0.01763 0.03525 0.0705

weight 0.85374 0.85374 0.85374 0.85374 0.85374

KV cache 0.51276 0.51276 0.51276 0.51276 0.51276

total 1.37269 1.37709 1.38591 1.40353 1.43879

number of
batches = 8

activation 0.00358 0.00358 0.00358 0.00358 0.00358

MAC 0.00881 0.01763 0.03525 0.0705 0.14101

weight 0.85374 0.85374 0.85374 0.85374 0.85374

KV cache 1.02551 1.02551 1.02551 1.02551 1.02551

total 1.89164 1.90045 1.91808 1.95333 2.02383

number of
batches = 16

activation 0.00715 0.00715 0.00715 0.00715 0.00715

MAC 0.01763 0.03525 0.0705 0.14101 0.28202

weight 0.85374 0.85374 0.85374 0.85374 0.85374

KV cache 2.05102 2.05102 2.05102 2.05102 2.05102

total 2.92954 2.94717 2.98242 3.05292 3.19393

(e)
Normalized KV
Cache Energy

per Bit
1/16 1/8 1/4 1/2 1

number of
batches = 1

activation 4.47059
× 10−4

4.47059
× 10−4

4.47059
× 10−4

4.47059
× 10−4

4.47059
× 10−4

MAC 0.01763 0.01763 0.01763 0.01763 0.01763

weight 0.85374 0.85374 0.85374 0.85374 0.85374

KV cache 0.00801 0.01602 0.03205 0.06409 0.12819

total 0.87982 0.88783 0.90386 0.93591 1

number of
batches = 4

activation 0.00179 0.00179 0.00179 0.00179 0.00179

MAC 0.0705 0.0705 0.0705 0.0705 0.0705

weight 0.85374 0.85374 0.85374 0.85374 0.85374

KV cache 0.03205 0.06409 0.12819 0.25638 0.51276

total 0.95808 0.99012 1.05422 1.18241 1.43879

number of
batches = 8

activation 0.00358 0.00358 0.00358 0.00358 0.00358

MAC 0.14101 0.14101 0.14101 0.14101 0.14101

weight 0.85374 0.85374 0.85374 0.85374 0.85374

KV cache 0.06409 0.12819 0.25638 0.51276 1.02551

total 1.06242 1.12651 1.2547 1.51108 2.02383
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Table 2. Cont.

(e)
Normalized KV
Cache Energy

per Bit
1/16 1/8 1/4 1/2 1

number of
batches = 16

activation 0.00715 0.00715 0.00715 0.00715 0.00715

MAC 0.28202 0.28202 0.28202 0.28202 0.28202

weight 0.85374 0.85374 0.85374 0.85374 0.85374

KV cache 0.12819 0.25638 0.51276 1.02551 2.05102

total 1.2711 1.39928 1.65566 2.16842 3.19393

One more thing to discuss here is that other AI models such as mobilenet, googlenet,
etc., can also be analyzed in terms of the energy breakdown performed in this paper.
Actually, a large portion of the energy consumption of AI models comes from accessing
weight memory and computing MAC. Thus, using the same calculation method for energy
consumption performed in this paper, the energy consumption of other AI models could
be analyzed. This study could be extended further in future work to cover a wide range of
AI models from edge to cloud intelligence.

By scaling the weight-memory energy versus MAC computing energy, we were able to
analyze and estimate the energy consumption trend of AI models in this section. From this
analysis, we can further highlight near-memory and in-memory computing approaches
as promising strategies to lower data-transfer costs and enhance power efficiency in large-
scale deployments of AI models. These findings could be helpful for offering actionable
insights for architects and system designers aiming to optimize AI performance under
stringent energy budgets on battery-powered edge devices.

4. Conclusions

The energy consumption of big AI models has emerged as a critical design constraint
in deploying high-performance neural networks, especially on edge devices, where their
energy resources are limited by battery capacity. In this paper, we performed a comparative
study for two types of AI models, those based on convolutional neural networks (CNNs),
represented by ResNet18, and transformer-based large language models (LLMs), repre-
sented by GPT3-small, Llama-7B, and GPT3-175B. To achieve this, we first analyzed how
the scaling of memory energy versus computing energy affects the total energy consump-
tion of neural networks with different batch sizes (1, 4, 8, 16). As a result, it was shown
that ResNet18 transitions from a memory energy-limited regime at low batch sizes to a
computing energy-limited regime at higher batch sizes due to the increase in convolution
operations with batch number. On the other hand, GPT-like models remain predominantly
memory-bound, with large parameter tensors and frequent key–value (KV) cache lookups
accounting for most of the total energy usage. From the energy analysis performed in
this paper, we found that reducing the weight-memory energy is particularly effective in
transformer architectures, while improving multiply–accumulate (MAC) efficiency signifi-
cantly benefits CNNs at higher workloads. Moreover, it was highlighted in this paper that
near-memory and in-memory computing could be considered promising strategies in the
near future to lower data-transfer costs and enhance power efficiency in large-scale deploy-
ments. These results can offer helpful guidelines for architects and system designers who
are aiming to optimize AI performance under stringent energy budgets on battery-powered
edge devices.
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Abstract: A style transfer aims to produce synthesized images that retain the content of
one image while adopting the artistic style of another. Traditional style transfer methods
often require training separate transformation networks for each new style, limiting their
adaptability and scalability. To address this challenge, we propose a flow-based image style
transfer framework that integrates Randomized Hierarchy Flow (RH Flow) and a meta
network for adaptive parameter generation. The meta network dynamically produces the
RH Flow parameters conditioned on the style image, enabling efficient and flexible style
adaptation without retraining for new styles. RH Flow enhances feature interaction by
introducing a random permutation of the feature sub-blocks before hierarchical coupling,
promoting diverse and expressive stylization while preserving the content structure. Our
experimental results demonstrate that Meta FIST achieves superior content retention, style
fidelity, and adaptability compared to existing approaches.

Keywords: meta learning; image style transfer; convolutional neural network; instance
normalization; adversarial learning; flow-based model

1. Introduction

Image style transfer [1–9] refers to the process of incorporating the style of a refer-
ence image (or style image) into a content image, with applications in digital art, design,
and image generation. Over the years, this field has undergone significant advance-
ments, transitioning from traditional image processing techniques to the adoption of deep
learning methodologies.

Early image style transfer methods relied on digital signal processing techniques,
such as Fourier transforms or image segmentation, to blend style and content. How-
ever, these approaches struggled to capture fine stylistic details and heavily depended
on manually designed features, making them ill-suited for diverse style requirements.
In 2015, Gatys et al. [10] introduced the first convolutional neural network (CNN)-based
style transfer method, leveraging pre-trained VGG networks to extract the content and
style features and optimizing the generated image via a gradient descent. Although this
approach produced high-quality results, its computational cost rendered it unsuitable for
real-time applications.

To address this limitation, Johnson et al. [11] proposed a fast feed-forward network
in 2016, enabling stylized image generation with a single forward pass through a pre-
trained generative network. However, this method required training a separate model
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for each style, limiting its flexibility and generalization capability. Subsequent research
aimed to overcome these constraints by enabling multi-style and arbitrary style transfer.
The notable contributions have included Adaptive Instance Normalization (AdaIN) [12],
which dynamically adjusts the normalization parameters (scale and bias) to match the
input style features, and Conditional Instance Normalization (CIN) [13], which utilizes
style labels to control the normalization parameters for seamless multi-style switching.
Other advancements have included Universal Style Transfer (UST) [14], which leverages
mathematical operations in feature space, such as Principle Component Analysis (PCA)
and Whitening and Coloring Transform (WCT), to achieve generalized content–style fusion;
and StyleBank [15], which designs unique convolutional kernels for each style and supports
arbitrary styles through linear combinations. Other techniques, such as Avatar-Net [16]
and Linear Style Transfer [17], have further improved the detail reconstruction and compu-
tational efficiency. However, most style transfer methods still suffer from content leakage,
where the generated image fails to preserve the structural characteristics of the original
content image, such as scene layout, object boundaries, or details. This issue often arises
due to an insufficient disentanglement of the content and style features, overly simplistic
feature fusion mechanisms, or generative networks that excessively favor the style features.

To address these challenges, recent works have incorporated attention mechanisms,
such as Self-Attention [18] and Cross-Attention [19], to enhance the weighting of the
content features. Others have employed adversarial learning [20] to ensure the balanced
fusion of content and style or have adopted flow-based models [21,22] to improve the
content preservation and detail reconstruction. For example, ArtFlow [21] built a reversible
feature extraction framework inspired by the Glow model [23] to prevent content leakage.
However, its restrictive inverse computation often resulted in artifacts like checkerboard
patterns. Hierarchy Flow [22], introduced by W. Fan et al., achieved greater flexibility by
introducing hierarchical feature interactions during the transformation process, effectively
resolving artifacts and preserving content details.

Recent style transfer methods have typically required training an image transfer net-
work for each new style, with the style information embedded in the network parameters
through numerous iterations of stochastic gradient descent. To address these limitations,
meta learning [24,25]—originally introduced to enable models to quickly adapt to new
tasks using only a few examples—has emerged as a promising paradigm for improving
generalization and adaptability. Inspired by this, F. Shen et al. [26] proposed a meta net-
work that takes a style image as the input and directly generates a corresponding image
transformation network, bypassing the need for retraining. While this approach enables
adaptive style transfer, its single-pass feed-forward design lacks the content-preserving
capabilities of flow-based architectures. This study aims to develop a meta network that
enhances the adaptability of flow-based style transfer by generating a model tailored to
a given style image. The proposed framework consists of two key components: (1) a
modified version of the Hierarchical Flow model, termed Randomized Hierarchical Flow
(RH Flow), which introduces a random permutation of the feature sub-blocks before the
hierarchical coupling layer to enhance the feature interaction diversity and flexibility; and
(2) a meta network that generates the RH Flow parameters, enabling both effective content
preservation and flexible style adaptation. By integrating these innovations, our approach
enhances the balance between content fidelity and stylistic expressiveness, offering signifi-
cant advancements for applications in digital art, design, and image generation. The key
contributions of this paper include (1) the design of the Randomized Hierarchy Flow for
enhanced content preservation, (2) the development of a meta network that generates adap-
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tive transformation parameters without retraining, and (3) comprehensive experimental
validation demonstrating its superior performance and parameter efficiency.

2. Related Works

The field of image style transfer has evolved significantly from traditional methods
to advanced deep learning approaches. This section provides a concise overview of the
flow-based models and meta-learning techniques.

2.1. Flow-Based Style Transfer Models

Flow-based models, particularly Glow [23], offer unique advantages due to their
reversible design. The Glow model’s components—Activation Normalization (ActNorm),
an invertible 1 × 1 convolution, and affine coupling layers—ensure high fidelity in data
reconstruction and flexible manipulation of the latent features, as shown in Figure 1.

Figure 1. Flow model [23].

ArtFlow [21] was the first to adopt Glow for style transfer, leveraging its reversibility
for content preservation. However, ArtFlow’s reliance on multi-scale squeezing opera-
tions led to artifacts, such as checkerboard patterns. To overcome these issues, Hierarchy
Flow [22] introduced structural improvements, including hierarchical coupling layers and
an aligned-style loss function. These enhancements ensured robust content preservation
and style representation.

2.2. Meta Learning for Style Transfer

Meta-learning (or learning to learn) originated from the concept of improving learn-
ing efficiency and adaptability [27,28]. Recently, it has gained significant attention for its
ability to enhance the speed of learning and generalization to new tasks. A gradient-based
learning method can be expressed using Equation (1) [29], where the model parameters
θ are updated based on the gradient of a loss function � with parameters φ. The up-
date employs a gradient transformation function h with parameters ψ to compute new
model parameters:

θnew = hψ

(
θ,∇θLφ(y, fθ(x))

)
(1)

Meta-learning research can be categorized into the following: (1) learning model
parameters that adapt easily to new tasks [30], (2) learning optimizer strategies based on
reward functions derived from loss or parameter updates [31], (3) learning representations
of loss or reward functions [32], and (4) discovering transferable unsupervised rules in
task-agnostic environments [33].
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The current multi-style and arbitrary style transfer techniques have addressed the
need to retrain networks for each style, improving the diversity and quality of the generated
images. However, these methods are limited by fixed feature spaces and struggle to adapt
to entirely new styles. Additionally, their performance is constrained when handling
extreme styles or real-time applications. To address these challenges, F. Shen et al. [26]
proposed a meta network that dynamically generates the parameters for style transfer
networks based on the input style images. This approach eliminates the need for retraining
networks for each style through a single forward pass, significantly enhancing efficiency
and flexibility.

3. Meta Model for Flow-Based Image Style Transfer

This study proposes a flow-based style transfer meta network, Meta model for Flow-
based Image Style Transfer (MFIST), which focuses on generating a flexible and adaptable
flow-based image style transfer system. The research methods and procedures are divided
into two main components. (1) Improving the Hierarchical Flow Model: Building upon
the Hierarchical Flow method proposed by W. Fan et al. [22], we introduce an improved
version, called Randomized Hierarchy Flow (RH Flow). Before the hierarchical coupling
layer, we apply random permutation to the split feature blocks, dynamically altering the
coupling order. This enhancement aims to increase the diversity of feature interactions,
further improving the model’s expressiveness and flexibility in style transfer. Additionally, we
propose a lightweight Style Encoder to replace the Style Net used in the original work. The
Style Encoder processes the initial features extracted from a pre-trained VGG network and
generates AdaIN parameters for style transfer. This design significantly reduces the number
of parameters while maintaining accuracy and efficiency in style feature extraction. These
improvements collectively ensure that the model achieves both efficiency and flexibility during
style transfer. (2) Constructing a Flow-Based Reversible Style Transfer Architecture with Meta-
Learning: The parameters of the Randomized Hierarchy Flow model are not obtained through
conventional training but are instead generated by a meta network trained for this purpose.
Inspired by the meta-learning network proposed by F. Shen et al. [26], this study designs a
meta network to discover optimal parameters for the Randomized Hierarchy Flow model,
rather than relying on traditional feed-forward training. This reversible architecture effectively
preserves content features while enabling accurate style transfer, providing a flexible solution
for real-time and diverse style transfer applications.

3.1. Randomized Hierarchical Flow Model

As illustrated in Figure 2, the proposed Randomized Hierarchy Flow (RH Flow) is
composed of multiple reversible randomized hierarchical coupling (RHC) layers. Given
a content image Ic and a style image Is, the processing is as follows: During the forward
pass (indicated by the red arrows), the RHC layers encode the content image Ic to extract
multi-level hierarchical content features. Simultaneously, the style image Is is processed
through a pre-trained VGG network to extract style features. These features are further
encoded by the Style Encoder to generate the style feature statistics (mean and standard
deviation), as indicated by the green arrows. These content and style features are fused
using the Adaptive Instance Normalization (AdaIN) module (depicted by the merging
arrows) to incorporate style information into the content representation. In the backward
pass (blue arrows), the network progressively reconstructs the stylized image Ics from
the fused features through invertible RHC layers. The RH Flow model is fully reversible,
enabling lossless reconstruction during style transfer.
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Figure 2. Randomized Hierarchy Flow model.

Randomized Hierarchical Coupling Layers

Unlike the ArtFlow model, which requires spatial compression, the Hierarchical Flow
model applies hierarchical subtraction along the channel dimension to enable learnable
spatial feature fusion and transformation. As illustrated in Figure 3, during the forward
pass (top part of the figure), the Affine-Net first applies an affine transformation to the
input content feature, followed by splitting into N sub-tensors. These sub-tensors are then
randomly permuted (indicated by arrows with “random permute”) and hierarchically fused
through subtractive coupling over T steps. The final output is obtained by concatenating
all intermediate results (purple arrow). In the reverse pass (bottom part of the figure), the
stylized feature is split again into N sub-tensors. Using the style statistics (μ, σ) obtained
from the Style Encoder via AdaIN, weighted additive coupling (shown by the ⊕ operations)
is applied sequentially to progressively inject style information into the content features.
This process reconstructs the final stylized image. All intermediate operations and data
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flows are reversible, ensuring that the RH Flow architecture preserves content structure
while achieving flexible style adaptation.

Figure 3. Randomized Hierarchy Coupling (RHC).

Forward Pass

As illustrated in Algorithm 1, given an input tensor x with dimensions H × W × C,
the Affine-Net, parameterized by θa, performs affine transformations, expanding the tensor
along the channel dimension to H × W × NC. The expanded tensor a is then split into
N sub-tensors (a1, a2, . . . , aN), each of size H × W × C, which are subsequently shuffled
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through a random permutation to form (b1, b2, . . . , bN). A hierarchical subtractive coupling
mechanism is then iteratively applied across N steps, where each step progressively refines
the intermediate features hi by subtracting the corresponding shuffled components. Finally,
the intermediate feature maps are concatenated along the channel dimension to generate
the output y.

Algorithm 1. Forward Pass

FORWARD(x, θa)
a ← Affine-Net(x; θa)
(a 1, a2, . . . , aN) ← split(a)
(b 1, b2, . . . , bN) ← random permute (a 1, a2, . . . , aN)

h1 ← x − b1

for i ← 2 to N do

hi ← hi−1 − b i
y ← concat (h 1, h2, . . . , hN)

return y, b1, b2, . . . , bN

Reverse Pass

As shown in Algorithm 2, the reverse pass reconstructs a stylized version of the
original tensor x by iteratively applying N additive coupling transformations. The process
begins by normalizing the input tensor y using Adaptive Instance Normalization (AdaIN),
with style statistics (μ, σ) extracted by the Style Encoder. The normalized tensor y is then
split into N feature blocks (y1, y2, . . . , yN). Each block is progressively fused with the
corresponding shuffled affine tensor bi in a backward manner, starting from the last block.
To enhance feature fusion and improve adaptability during training, a learnable weight
α is introduced at each step, dynamically balancing the influence of the current feature
block and the accumulated transformation. The final output x is reconstructed after N steps
of fusion.

Algorithm 2. Reversed Pass

REVERSED(y, b1, b2, . . . , bN , μ, σ)
y ← AdaIN(y, μ, σ)
y1, y2, . . . , yN ← split(y)
hN ← yN + bN

for i ← N − 1 downto 1 do

hi ← α·(yi + bi) + (1 − α)·hi+1

x ← h1

return x

RH Flow

As described in Algorithm 3, the RH Flow model performs style transfer by iteratively
refining the stylized image through a randomized hierarchical transformation. The process
begins with encoding the style features fs from the style image using a pre-trained VGG
network. These features are further processed by the Style Encoder, parameterized by θs, to
produce the adaptive style statistics (μ, σ). The input content image Ic is then progressively
transformed over T iterations. During each iteration, the forward pass applies an affine
transformation to the content tensor, producing an intermediate representation y along
with a set of affine parameters (b1, b2, . . . , bN). The reverse pass then reconstructs a stylized
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version of x by fusing these components hierarchically, guided by the learnable fusion
weight α. All parameters required for the RH Flow model, including those of the Affine-Net,
Style Encoder, and fusion weights, are dynamically generated through the proposed meta
network, ensuring efficient, adaptive, and high-fidelity style transfer.

Algorithm 3. Randomized Hierarchy Flow

RH_FLOW(Ic, fs, α, θa, θs)
(μ, σ) ← Style-Encoder( fs; θs)
x ← Ic

for t ← 1 to T do

y, b1, b2, . . . , bN ← FORWARD(x, θa)
x ← REVERSED(y, b1, b2, . . . , bN , μ, σ)

return x

Affine-Net and Style Encoder

The Affine-Net performs affine transformations, expanding the input tensor along
the channel dimension by a factor of N. We adopt the Affine-Net architecture proposed
by W. Fan et al. [22]. As illustrated in Figure 4a, our current Affine-Net is a three-layer
perceptron with the structure Conv-IN-ReLU → Conv-IN-ReLU → Conv-ReLU, where all
convolutional layers utilize k × k kernels with a stride of 1. The first two convolutional
layers double the input channel dimension C, while the final layer maps the features to the
output channel dimension NC. This results in an output size of H × W × NC. For k = 3,
N = 4, and C = 3, the total number of parameters in the Affine-Net is calculated as follows:
(2C2 + 4C2 + 2NC2) × k2 = 1134.

(a) (b)
Figure 4. (a) Affine-Net and (b) Style Encoder.

The Style Encoder generates mean (μ) and standard deviation (σ) vectors, each of
dimension NC, as input into the AdaIN module. Unlike the Style Net architecture used
by W. Fan et al. [22], our Style Encoder is lightweight and designed to operate on style
features rather than raw style images Is. The processing pipeline is as follows: The style
image is first passed through the frozen VGG-16 network, and feature maps are extracted
from four specific layers—relu1_2, relu2_2, relu3_3, and relu4_3—producing a total of
64 + 128 + 256 + 512 = 960 feature maps. These maps are subsequently processed using
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Mean-Std Feature Embedding (MSFE), which calculates the mean and standard deviation
of each individual feature map. This results in a 1920-dimensional vector, denoted as fs,
referred to as the style feature vector. This vector fs is subsequently passed to the Style
Encoder, which produces a 2NC-dimensional output vector. For N = 4 and C = 3, this results
in a 24-dimensional vector.

As illustrated in Figure 4b, the Style Encoder is a three-layer perceptron consist-
ing of the structure Conv-BN-ReLU → Conv-BN-ReLU → Fully Connected. The 1920-
dimensional style feature vector fs is first reshaped to a 3D tensor of size 30 × 32 × 2 before
being fed into the Style Encoder. Both convolutional layers employ 1 × 1 kernels with
a stride of 1, producing feature maps of sizes 8 × 8 × 16 and 1 × 1 × 64, respectively.
The output of the second convolutional layer is reshaped into a 64-dimensional vector
and passed through a fully connected layer, which generates a 2NC-dimensional vector
comprising the mean (μ) and standard deviation (σ) for AdaIN. This design significantly
reduces the number of trainable parameters while ensuring efficient and accurate extraction
of style features. For example, when N = 4 and C = 3, the total number of parameters in the
Style Encoder is calculated as 2 × 16 + 16 × 64 + 64 × 24 = 2592 parameters.

3.2. MFIST Architecture

The proposed MFIST framework integrates a frozen VGG-16 network to extract multi-
level texture features from style images. These extracted features are then processed
through a meta network, which consists of fully connected layers that map them onto the
parameter space of the Randomized Hierarchy (RH) Flow model. The optimization process
minimizes the total loss, which is defined as a weighted sum of content and style losses,
ensuring high-quality stylization. This design enables the generation of adaptive style
transfer models tailored to different style images.

As illustrated in Figure 5, the proposed MFIST architecture is composed of three main
parts: the VGG-16 encoder, the meta network, and the Randomized Hierarchy Flow (RH
Flow) model. The left section represents the VGG-16 encoder, which extracts multi-level
feature maps from the content and style images. The style image is passed through the VGG-
16 encoder to extract deep features (vertical green arrows). These features are used both
for computing style loss (horizontal red arrows) and for generating style representations
for the meta network. The content image is processed similarly, with extracted features
used to compute content loss (horizontal blue arrows) between the content and stylized
outputs. The middle section shows the meta network, which processes the style features
extracted by VGG-16. The 1920-dimensional style feature vector is first input into a hidden
layer (green box). It is then divided into six groups feeding into six fully connected (FC)
layers (orange boxes) to predict parameters for the Style Encoder and Affine-Net of the RH
Flow model. The black arrows indicate the flow of style feature representations through
the meta network for parameter generation. The right section houses the RH Flow model,
which performs hierarchical style fusion based on the generated parameters. The RH Flow
model takes the content features and fuses them with the stylized statistics through a
sequence of reversible randomized hierarchical coupling (RHC) layers. Red arrows indicate
the forward content encoding, while blue arrows represent the reverse reconstruction
of the stylized image. Style information (green arrows) extracted and processed by the
Style Encoder is injected into the RH Flow model during the reverse pass through the
AdaIN modules. This structured design enables efficient and adaptive style transfer while
preserving high-fidelity content structures and achieving flexible stylization. Each arrow in
the figure explicitly represents a key operation: feature extraction, parameter generation,
content encoding, style fusion, or loss computation.
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Figure 5. MFIST Architecture.

Architecture of the Meta Network

The RH Flow architecture consists of two key sub-networks: the Affine-Net and the
Style Encoder, which require 1134 and 2592 parameters, respectively. Additionally, with
N = 4 learnable fusion weights (α), the total number of parameters required by RH Flow
amounts to 2592 + 1134 + 4 = 3730 parameters. All these parameters are dynamically
generated by the meta network. As illustrated in Figure 6, the meta network processes
the 1920-dimensional feature vector extracted from the VGG-16 features of the style image
(Input). This feature vector is first passed through a hidden layer with 224 output dimen-
sions. The hidden layer output is then evenly split into seven groups, each consisting of
32 dimensions (indicated by black arrows). These groups are individually fed into seven
fully connected (FC) layers: The first six FC layers each output 432 parameters, corre-
sponding to the convolutional parameters of the Style Encoder. The last FC layer outputs
1138 parameters, corresponding to the Affine-Net and the learnable fusion weights. Specifi-
cally, among the 1138 parameters, 1134 are used by the Affine-Net, and 4 are assigned to the
fusion weights (α). The black arrows in the figure represent the flow of feature information
through the splitting and fully connected transformations. This grouped design offers
significant advantages compared to using a single, large-scale FC layer: it reduces the
total number of trainable parameters, optimizes computational resource allocation, and
enhances parameter-sharing efficiency. By incorporating convolutional layers into the
Style Encoder, the model benefits from improved computational efficiency and generaliza-
tion, making the overall architecture lightweight and well-suited for dynamic parameter
generation.
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Figure 6. Architecture of meta network.

3.3. Training the Meta Network

The definitions of content loss and style loss in this study align with those used in
AdaIN [12]. The content loss measures the difference between the transformed image Ics

and the content image Ic in the relu4_3 layer of the pre-trained VGG-16 encoder. After
performing channel normalization, the content loss is defined as the Mean Squared Error
(MSE) between the normalized features, as expressed in (2), where norm represents the
channel normalization operation. The style loss evaluates the stylistic similarity between
the transformed image Ics and the style image Is across four layers of the VGG-16 encoder
(relu1_2, relu2_2, relu3_3, and relu4_3). The style loss is defined as the sum of the MSEs of
the mean and standard deviation of each channel, as shown in (3), where μ and σ denote the
mean and standard deviation of each channel. In (1) and (2), φ1, φ2, φ3, and φ4 correspond
to the feature maps of the VGG-16 encoder at layers relu1_2, relu2_2, relu3_3, and relu4_3,
with their respective channel dimensions denoted as l1, l2, l3, and l4. The total loss for
training the meta network is defined as the weighted sum of the content loss and style loss,
as formulated in (4), where β is the weighting factor that balances content loss and style
loss. The meta network is trained to minimize the total loss L, allowing it to dynamically
generate parameters for the RH Flow architecture. The training procedure for the meta
network is described in Algorithm 4.

Lc ← ‖norm(φ4_3(Ics))− norm(φ4_3(Ic))‖2 (2)

Ls ←∑4
i=1 ∑li

j=1

(∥∥∥μ
(

φi(Ics)j

)
− μ

(
φi(Is)j

)∥∥∥
2
+

∥∥∥σ
(

φi(Ics)j

)
− σ

(
φi(Is)j

)∥∥∥
2

)
(3)

L ← βLc + (1 − β)Ls (4)

Algorithm 4. Meta Net Training

META(Ic, Is, θm)
fs ← ms f e(φ1(Is), φ2(Is), φ3(Is), φ4(Is))

θa, θs, α ← Meta Net( fs; θm)
Ics ← RH_FLOW(Ic, fs, α, θa, θs)
Lc ← ‖norm(φ4(Ics))− norm(φ4(Ic))‖2

Ls ← ∑3
i=1 ∑li

j=1

(∥∥∥μ
(

φi(Ics)j

)
− μ

(
φi(Is)j

)∥∥∥
2
+

∥∥∥σ
(

φi(Ics)j

)
− σ

(
φi(Is)j

)∥∥∥
2

)
L ← βLc + (1 − β)Ls

θm ← θm −η∇θm L
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4. Experimental Results

We developed and evaluated the Randomized Hierarchy Flow (RH Flow) model with
the parameters dynamically generated by the meta network (Meta Net). All the experi-
ments were conducted on a server equipped with NVIDIA RTX 2080 Ti GPUs (NVIDIA
Corporation, Santa Clara, CA, USA) and 256 GB of system RAM. The implementation
was carried out using Python and the PyTorch deep learning framework (version 1.8).
To train and evaluate the model, we utilized two widely adopted style transfer datasets:
MS-COCO 2014 [34], containing a total of 123,558 real-world images; and WikiArt [35],
containing 52,757 artwork images. From MS-COCO 2014, 82,783 images were randomly
selected for the training, while the testing was conducted by randomly sampling images
from the remaining 40,775 images. Similarly, from WikiArt, 42,129 images were used for the
training, and the testing was conducted on randomly sampled images from the remaining
10,628 images. By default, all the images were resized to 300 × 400 pixels for both the
training and testing.

Representative style transfer results generated by our method are shown in
Figures 7 and 8. Figure 9 provides a comparative analysis with state-of-the-art style
transfer approaches, demonstrating that both our method and Hierarchy Flow are effec-
tive at preserving content features. The enlarged regions further highlight the superior
content preservation achieved by our method, which substantially mitigates the content
leakage. For comparison purposes, some of the results shown in Figure 9 are adapted from
Reference [22].

Figure 7. Style transfer results: multiple content images stylized based on a single style image.

Figure 8. Style transfer results: a single content image individually stylized using different
style images.
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Content Style Hierarchy Flow AdaIN

ArtFlow CCPL WCT Ours

Figure 9. Style transfer results and enlarged regions compared with state-of-the-art style
transfer methods.
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We quantitatively evaluated the stylized images using the SSIM, Gram loss, and KID.
Specifically, the SSIM (Structural Similarity Index Measure) evaluates the similarity between
the stylized image and the original content image based on the structural information,
luminance, and contrast, thus serving as an effective indicator of the content preservation.
The Gram loss, computed as the Gram matrix distance [10] on the deep features extracted
from a pre-trained VGG network, measures the stylistic difference between the stylized and
style images, reflecting the effectiveness of the style transfer. The KID (Kernel Inception
Distance) assesses the perceptual similarity between the distributions of the generated
and target style images, with lower values indicating better perceptual quality and style
consistency. As shown in Table 1, our model achieved the highest SSIM score and the
second-lowest Gram distance, demonstrating its strong content retention and effective
style adaptation. The arrows in the table headers indicate the desired direction of the
metric—higher for SSIM (↑) and lower for Gram distance (↓).

Table 1. Quantitative evaluation results based on SSIM and Gram distance metrics.

Method SSIM ↑ Gram Distance ↓
StyleSwap 0.44 0.00482

AdaIN 0.29 0.00127

WCT 0.27 0.00074

LinearWCT 0.35 0.00093

OptimalWCT 0.21 0.00035

Avatar-Net 0.31 0.00099

Artlow+AdaIN 0.45 0.00078

Ours 0.615 0.00050

As shown in Table 2, our model again attained the highest SSIM and ranked third in
KID performance, while maintaining the lowest number of trainable parameters among
all the compared methods. Again, the arrows in the table indicate that higher SSIM (↑)
and lower KID values (↓) are preferred. These quantitative results substantiate that our
proposed framework effectively preserves the critical content structures while achieving
visually consistent and high-quality stylization. For a fair comparison, some of the results
in these tables were adapted from References [21,22].

Table 2. Quantitative evaluation results of different flow architectures in terms of SSIM, KID (×103),
and number of parameters.

Method SSIM ↑ KID ↓ Parameters

AdaIN 0.28 41.1/5.1 7.01 M

WCT 0.24 51.2/6.2 34.24 M

Artflow+AdaIN 0.52 24.6/3.8 6.42 M

Artflow+WCT 0.53 33.3/5.3 6.42 M

CCPL 0.43 39.1/6.8 8.67 M

Hierarchy Flow 0.60 28.2/4.7 1.01 M

Ours 0.615 29.0/5.0 0.55 M
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5. Conclusions and Discussion

In this work, we propose Meta FIST, a novel flow-based image style transfer framework
that integrates Randomized Hierarchy Flow (RH Flow) with a meta network for adaptive
parameter generation. The meta network dynamically produces the RH Flow parameters
conditioned on the given style image, enabling more flexible and adaptive style transfer.
Our approach improves the content preservation, style fidelity, and adaptability, effectively
addressing the key limitations of traditional style transfer methods. The experimental
results confirm that Meta FIST delivers high-quality stylization while maintaining the
structural integrity of the content image.

Despite these promising results, some limitations remain. Specifically, the computa-
tional cost of dynamically generating the parameters through the meta network could be
further optimized. Additionally, the current model may struggle with extremely abstract
or non-representational styles, as the hierarchical flow structure emphasizes strong content
preservation, which may limit the flexibility required for such styles. Addressing this
trade-off between content fidelity and stylization flexibility is an important challenge for
future work.

Furthermore, the current framework lacks explicit semantic constraints, relying pri-
marily on the reversibility of the RH Flow and content loss to retain structural details. While
effective at the feature level, this approach may be insufficient for achieving semantic-level
content control. Incorporating semantic information, such as semantic segmentation maps
or object detection annotations, could enable the model to better preserve and manipulate
the meaningful content structures, particularly in complex scenes.

In summary, future work will focus on the following: (a) improving the computational
efficiency of the meta network; (b) enhancing the flexibility of the model to better handle
highly abstract or non-representational artistic styles; (c) integrating semantic-aware mech-
anisms, such as semantic segmentation or object detection information, to improve the
content-aware stylization; (d) and exploring hybrid models that combine attention-based
learning with flow-based approaches to further advance the model’s adaptability and
content fidelity.

In addition, this study represents an initial attempt to apply meta network-based
parameter generation within a hierarchical flow-based style transfer framework. We
believe that the meta network is a general and flexible component that could be further
explored in other style transfer architectures, beyond the hierarchical flow. Investigating
such extensions could help validate the versatility and broader applicability of our approach
to various style transfer paradigms.
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Abstract: Advancements in embedded systems and Artificial Intelligence (AI) have en-
hanced the capabilities of Unmanned Aircraft Vehicles (UAVs) in computer vision. How-
ever, the integration of AI techniques o-nboard drones is constrained by their processing
capabilities. In this sense, this study evaluates the deployment of object detection models
(YOLOv8n and YOLOv8s) on both resource-constrained edge devices and cloud environ-
ments. The objective is to carry out a comparative performance analysis using a representa-
tive real-time UAV image processing pipeline. Specifically, the NVIDIA Jetson Orin Nano,
Orin NX, and Raspberry Pi 5 (RPI5) devices have been tested to measure their detection
accuracy, inference speed, and energy consumption, and the effects of post-training quanti-
zation (PTQ). The results show that YOLOv8n surpasses YOLOv8s in its inference speed,
achieving 52 FPS on the Jetson Orin NX and 65 fps with INT8 quantization. Conversely,
the RPI5 failed to satisfy the real-time processing needs in spite of its suitability for low-
energy consumption applications. An analysis of both the cloud-based and edge-based
end-to-end processing times showed that increased communication latencies hindered real-
time applications, revealing trade-offs between edge (low latency) and cloud processing
(quick processing). Overall, these findings contribute to providing recommendations and
optimization strategies for the deployment of AI models on UAVs.

Keywords: YOLOv8; edge computing; TensorRT; NCNN; inference performance; quantization;
NVIDIA Jetson; Raspberry Pi 5; autonomous drones

1. Introduction

In recent years, the integration of unmanned aerial vehicles (UAVs), commonly re-
ferred to as drones, with machine learning techniques has significantly advanced the field of
aerial robotics. Machine learning algorithms, particularly deep learning approaches, enable
drone-based systems to process large volumes of data collected from onboard sensors. The
incorporation of computer vision algorithms into drone technologies has enhanced their
autonomous capabilities, allowing drones to detect and track objects with high accuracy.
Additionally, these advancements support collaborative data fusion, where information
from multiple drones and sensors is combined to improve situational awareness and in-
form decision-making processes. Such capabilities contribute to the effective management
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and coordination of drone operations in complex environments [1,2], opening the door to
possible applications such as vision-driven swarming [3].

While these intelligent capabilities offer significant advantages, embedding them into
onboard or even edge systems remains a challenge. By integrating these algorithms directly
into drones, they can operate autonomously without relying on constant communication
with a central system. This autonomy is important in low-connectivity scenario applications,
such as unsupervised maintenance flights in remote areas (e.g., oil pipelines or power
pylons), defense operations, or emergency response situations where the connectivity
may be limited [4,5]. In these cases, which also seek energy-efficient methods to avoid
early battery drain, drones must be able to independently detect and track objects, and
algorithms like YOLO (You Only Look Once) enhance their ability to do so effectively.

YOLOv8, as a state-of-the-art object detection algorithm, is well suited to these scenar-
ios due to its multiple versions, with each optimized for different hardware constraints.
For instance, versions such as YOLOv8-small (YOLOv8s) and YOLOv8-nano (YOLOv8n)
contain fewer parameters, making them appropriate for deployment on the smaller, com-
putationally constrained devices commonly used in edge environments. These versions
trade off some accuracy for computational efficiency, allowing for real-time processing
even on resource-constrained devices [6]. Moreover, YOLOv8 demonstrates adaptability
to varying input resolutions, which is important in applications such as drone operations,
where the cameras can range from thermal imaging for rescue missions to high-definition
cameras for other purposes [7]. Additionally, its integration with tracking algorithms like
DeepSORT supports object tracking in sequences of frames, which is valuable for scenarios
that require dynamic monitoring, such as surveillance or search and rescue missions [8].
YOLOv8 also supports multitasking by combining object detection with classification and
segmentation in a single model, enabling it to address various computer vision tasks in con-
trolled settings [7]. As an evolving framework, using YOLOv8 as one of the latest versions
of YOLO eases the transition to future developments of the algorithm.

Furthermore, techniques such as quantization can facilitate enhanced performance
through reductions in the bit width, which refers to the number of bits used to represent
data in computations. By reducing the bit width, the model performs calculations with
fewer bits, thereby decreasing both the memory footprint and the computational load. This
is relevant when running complex algorithms on devices with limited hardware capabilities,
as it allows for more efficient use of the available resources without sacrificing the real-time
performance. By applying quantization in combination with different fine-tuned YOLO
models of varied sizes, we aim to derive guidelines for the optimal use of object detection
algorithms like YOLOv8 in constrained environments. These insights may be useful for the
future integration of such algorithms into distributed agents at the edge, where autonomy
and performance are paramount [4,9,10].

Given the challenges outlined, the primary objectives of this article are as follows:

1. To comprehensively evaluate the performance of YOLOv8 models across different
embedded platforms, including the Jetson Orin Nano, Jetson Orin NX, and Raspberry
Pi 5, in order to determine their suitability for real-time object detection.

2. To investigate the impact of various quantization techniques and floating-point preci-
sion models on the balance between the detection accuracy, processing speed, and
power consumption, optimizing these trade-offs to ensure low-latency inference in
edge computing applications.

3. To validate the performance of the aforementioned devices in a representative deploy-
ment scenario for drone-based applications, which consists of integrating the models
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into a real drone image processing workflow. This integration also enables comparing
edge and cloud solutions for object detection inference.

4. To assess the specific limitations and potential of these platforms for real-time
drone operations, identifying the constraints in terms of energy efficiency, algo-
rithmic processing time, and scalability within real architectures, and to derive
practical guidelines for selecting the appropriate models and devices for various
deployment scenarios.

The organization of this article is as follows. Section 2 provides a comprehensive
review of the state of the art, detailing advancements in deploying deep learning on energy-
efficient devices into a distributed edge architecture and exploring quantization techniques
in object detection models. Section 3 describes the methodology, including the evaluation
setup, dataset creation, and the optimization of YOLO object detection models tailored
to edge devices, alongside a detailed testing strategy. Section 4.1 presents a rigorous
evaluation of quantized YOLO models on resource-constrained devices, assessing their
inference performance, accuracy degradation, and energy consumption. Section 5 expands
on the performance in a realistic testbed, comparing edge and cloud solutions for object
detection and discussing the practical implications. Finally, Section 6 synthesizes the
findings and proposes guidelines, while Section 7 concludes this paper, highlighting
potential directions for future research, including the integration of digital twin simulations
and enhanced edge–cloud collaboration for drone operations.

2. The State of the Art

This section is divided into two subsections. The first Section 2.1, Deploying Deep
Learning on Energy-Efficient Devices, evaluates the performance and optimization tech-
niques for deep learning models deployed on edge hardware, with a focus on energy
efficiency and real-time processing. The second subsection, Section 2.2, Quantization
Techniques in Object Detection Models, reviews strategies to optimize the computational
and memory demands in object detection algorithms, analyzing their feasibility for edge
devices in constrained environments.

2.1. Deploying Deep Learning on Energy-Efficient Devices

In recent years, significant research has focused on optimizing and evaluating the per-
formance of deep learning models on edge devices, particularly for object detection tasks in
resource-constrained environments. Various studies have benchmarked the hardware config-
urations to identify the optimal settings for achieving a balance between the inference speed,
energy consumption, and real-time processing requirements. For instance, Baller et al. [9]
evaluated a range of edge devices, including the NVIDIA Jetson Nano, and identified the
optimal configurations in terms of the inference speed and energy consumption across var-
ious deep learning frameworks and classification models. Such evaluations are crucial for
understanding the limitations and potential of hardware in real-time scenarios.

Building on hardware-specific optimizations, Li et al. introduced [11], an optimization
framework for CNN inference on edge devices for application in an IoT context. This frame-
work combines offline pruning and quantization techniques with runtime optimizations,
such as multiplication reduction, data layout adjustments, and data parallelization. The
experimental results showed performance improvements of 1.96× in high-end devices and
1.73× in low-end devices in improving their edge device efficiency using advanced model
compression techniques. Similarly, Ferraz et al. [12] benchmarked CNN inference on edge
devices, such as the NVIDIA Jetson AGX Xavier and the Movidius Neural Stick, noting
considerable improvements in the inference time and power efficiency.

173



Electronics 2025, 14, 638

Recent studies also emphasize the use of distributed and cooperative processing to enhance
edge device performance. Hou et al. [13] introduced DistrEdge, a method designed to enhance
CNN inference across distributed edge devices by employing deep reinforcement learning. This
approach distributes inference tasks among multiple devices, optimizing the computational
load and significantly improving the overall inference speed. DistrEdge dynamically adapts to
the heterogeneity of devices and varying network conditions, ensuring efficient load balancing
and reduced latency. This adaptability makes it particularly effective in real-time processing
scenarios. In another cooperative approach, Liang et al. [14] presented Edge YOLO, leveraging
edge–cloud cooperation for real-time object detection in autonomous driving, underscoring the
benefits of a distributed architecture in complex, time-sensitive tasks.

In the realm of object detection, Shin and Kim [15] explored the performance of YOLO
object detection models on NVIDIA Jetson devices, highlighting the advantages of using
TensorFlow-TensorRT (TF-TRT) to optimize real-time inference. They also found that while
TF-Lite is effective for mobile, it fails to utilize the GPU resources on the Jetson, highlight-
ing the need to select appropriate frameworks based on the hardware and application
needs. Xiong et al. [16] further explored YOLO models by optimizing YOLOv5s for UAV
image detection on the Jetson Xavier NX, achieving notable improvements in FPS and
model compression. Similarly, Hu et al. [17] proposed an improved YOLO-Tiny-attention
algorithm for fault detection on wind turbine blades, which was successfully deployed
on the same hardware with increased detection precision. These findings highlight the
adaptability of YOLO-based models in different edge applications.

Table 1 summarizes the key findings from these studies, highlighting the energy
consumption and inference performance across different edge devices and models.

Table 1. Comparison of energy efficiency and inference latency across reviewed studies.

Authors Device Model Metrics Application Area Key Findings

Baller et al. 2021
[9]

NVIDIA Jetson
Nano

MobileNetV2,
DNNs

Inference speed,
accuracy, energy

consumption

General
classification

Optimized
frameworks

needed to improve
inference time and

energy use in
Jetson Nano.

Li et al. 2023 [11]
NVIDIA Jetson

Nano, Raspberry
Pi

MobileNetV2,
VGG16

Inference speed,
energy

consumption
IoT applications

Jetson Nano is
faster and more
energy-efficient

than Raspberry Pi,
but neither meets

real-time needs for
complex tasks.

Ferraz et al. 2023
[12]

NVIDIA Jetson
AGX Xavier,

Movidius Neural
Stick

SqueezeNet, CNNs
Inference speed,

energy
consumption

Edge devices

Pruning and
quantization

improve energy
efficiency and

performance on
AGX Xavier.

Hou et al. 2022 [13] NVIDIA Jetson
Nano, TX2, Xavier CNN

Distributed
inference

performance,
speedup

Edge devices

Distributed
inference

framework
(DistrEdge) with

reinforcement
learning improves

real-time
performance.
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Table 1. Cont.

Authors Device Model Metrics Application Area Key Findings

Liang et al. 2022
[14]

Edge–cloud,
NVIDIA Jetson Edge YOLO

Real-time
performance,

object detection
accuracy

Autonomous
vehicles

Pruning and
feature

compression
improve efficiency

in edge-cloud
systems,

enhancing
autonomous

vehicle operations.

Shin and Kim 2022
[15]

NVIDIA Jetson
AGX Xavier

YOLOv4-Native,
YOLOv4-Tiny

Latency, energy
consumption

Real-time object
detection

TF-TRT and
TensorRT

optimizations
improve real-time

inference and
reduce energy use

on Jetson AGX
Xavier.

Xiong et al. 2023
[16]

NVIDIA Jetson
Xavier NX GCGE-YOLO mAP, FPS, energy

consumption
UAV image

detection

Uses GhostNet and
coordinate

attention to reduce
computational

load and improve
object detection

accuracy.

Hu et al. 2023 [17]
NVIDIA Jetson

Xavier NX, Jetson
Nano

YOLO-Tiny-
attention

FPS, detection
precision

Wind turbine fault
detection

Attention
mechanisms

improve fault
detection accuracy

on low-power
edge devices,
supporting
real-time

monitoring.

While many studies focus on evaluating deep learning algorithms on individual edge
devices, such as the NVIDIA Jetson Nano or AGX Xavier, there is growing recognition of the
need to explore more complex architectures. These include distributed computing systems
and edge–cloud cooperation, which are gaining significance for handling sophisticated
tasks in real-time applications. Several studies, such as Hou et al. [13] and Liang et al. [14],
have begun to explore the potential of distributed architectures to overcome the limitations
of individual devices, demonstrating the benefits of dynamic workload balancing and
feature compression in real-time object detection tasks.

Distributed edge architectures, when integrated with tactical cloud technology and 5G
networks, enable real-time data flow among edge devices [18]. This integration enhances
the performance of autonomous drones by supporting efficient coordination and rapid
decision-making. By combining local data processing with continual connectivity, such ar-
chitectures improve the operational efficiency and autonomy in dynamic environments [19].
In addition, the network slice feature segments the network into specific virtual environ-
ments to enhance the resource allocation and service quality per application [20]. This
ensures that in drone systems, each mission or drone group receives a tailored “slice” with
low latency and high reliability, important for enabling efficient operations.
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By integrating these advanced communication frameworks with quantization
techniques [21–23], researchers can improve the energy efficiency and performance in
edge systems. This combination of tactical cloud, 5G, and model quantization addresses the
specific challenges in distributed architectures, such as latency reduction and resource opti-
mization. These improvements support the development of more autonomous and efficient
systems capable of operating effectively in energy-constrained real-world scenarios.

2.2. Quantization Techniques in Object Detection Models

Quantization techniques are valuable for optimizing deep learning models for deploy-
ment in edge devices, improving the inference speed and energy efficiency, especially in
real-time applications such as autonomous drone navigation and object detection. Common
techniques include post-training quantization (PTQ), Quantization-Aware Training (QAT),
and mixed-precision quantization (MPQ), all of which enhance the energy efficiency in
reducing the computational complexity while maintaining the model’s performance.

PTQ is a technique that reduces the precision of a trained model to formats such as 8-bit
integers by converting the weights and activations from floating-point representations. One of
its primary advantages is that it reduces the size of the model and increases the inference speed
without requiring retraining, preserving the original training process. For instance, Przewlocka-
Rus et al. [22] demonstrated that PTQ applied to object detection models on the NVIDIA Jetson
Nano decreased the inference times by up to 35% with a less than 2% degradation in accuracy.
Similarly, Jiang et al. [21] evaluated various PTQ approaches, including affine, logarithmic, and
dynamic quantization, and found that these methods effectively minimized the size of models
while maintaining high accuracy with minimal losses.

QAT integrates quantization into the training process, allowing the model to learn to
minimize quantization errors. This method typically results in higher accuracy than PTQ,
especially for complex models and tasks. Gupta and Asthana [24] applied QAT to object
detection models such as YOLO, achieving a 1.8% improvement in mAP compared to PTQ,
with reductions in the model size and inference time.

MPQ uses different precisions for various parts of the model, balancing trade-offs
between size, speed, and accuracy. Critical layers use higher precision, while less critical
layers use lower precision. Park et al. [25] explored mixed-precision quantization in object
tracking models, achieving energy consumption reductions of up to 45% and inference time
improvements of 30% on edge devices like the Jetson Nano and Raspberry Pi. Furthermore,
Al-Hamid and Kim [23] proposed a Unified Scaling-Based Pure-Integer Quantization (USPIQ)
method that reduced the on-chip memory by 75% with only a 0.61% loss in the mAP while
achieving a 2.84x speedup in the inference time compared to traditional methods.

These quantization approaches improve the energy and space efficiency in edge device
deployments, making the implementation of sophisticated object detection and tracking models
viable. However, the effects of these techniques on the latest YOLO models and their integration
into real-time drone applications are still being researched. Studies on deploying YOLO models
in different edge–cloud or embedded edge implementations are limited [21–23,25].

Despite significant advances in the research on object detection at the edge, several
gaps remain. Multiple studies have assessed edge devices in isolation without results on
the latency in the interaction between the hardware and software processes.

To address these gaps, this study focuses on YOLOv8 models applied to edge en-
vironments, emphasizing their accuracy, inference speed, and energy consumption. By
incorporating quantization techniques, this research offers new insights into the poten-
tial of quantization approaches to optimize YOLOv8 for resource-limited edge scenarios.
The findings deliver practical recommendations for selecting the configurations in power-
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constrained environments, with a particular focus on the Jetson Orin Nano, Jetson Orin
NX, and Raspberry Pi 5 as innovative edge devices.

3. Methodology

In this study, three edge computing devices are used to evaluate the performance of
YOLOv8 models and their quantized versions: the Raspberry Pi 5, the Jetson Orin Nano, and
the Jetson Orin NX. These devices were chosen due to their different hardware capabilities, al-
lowing for an evaluation of object detection tasks under various processing constraints. Table 2
provides an overview of the key hardware specifications for each device.

Table 2. Comparison of hardware characteristics of the devices used in this study.

Feature Raspberry Pi 5 Jetson Orin Nano Jetson Orin NX

CPU
4-core ARM

Cortex-A76 at
2.4 GHz

6-core ARM
Cortex-A78AE

8-core ARM
Cortex-A78AE

GPU VideoCore VII 1024-core Ampere +
32 Tensor Cores

2048-core Ampere +
64 Tensor Cores

RAM 8 GB 8 GB 16 GB

Memory Bandwidth Limited Moderate High

Typical Power Consumption 5–7 W 7–15 W 10–25 W

TensorRT Support No Yes Yes

Dimensions 85.6 × 56.5 mm 100 × 69.6 mm 100 × 87 mm

These devices will be used to evaluate the performance of YOLOv8 models and
their quantized versions under uniform experimental conditions. The Raspberry Pi 5,
a CPU-centric device, was selected to assess the capabilities of a modern single-board
computer without a dedicated GPU in object detection tasks. In contrast, the Jetson Orin
Nano and Jetson Orin NX, which are GPU-powered platforms, were chosen for their high-
performance processing capabilities. Together, these devices represent a range of edge
computing architectures, enabling an evaluation of the inference speed, accuracy, and
energy consumption across diverse hardware configurations.

In order to carry out these evaluations, it is necessary to first have an object detection model.
To this end, Section 3.1 describes the process of creating such a model, including the generation
of a dedicated dataset in Section 3.1.1, model selection and training in Section 3.1.2, and model
optimization in Section 3.1.3. From the model, two types of experiments are developed:

• Experiments that deploy the model in isolation on each of the previous hardware
platforms. These experiments aim to evaluate the inference speed and power con-
sumption, for which the results are detailed in Section 4.

• Experiments that integrate the object detection model into a typical drone image pro-
cessing pipeline. As described in Section 5, these experiments seek to compare the ca-
pabilities of edge devices against a cloud deployment under a representative scenario.

In these experiments, a set of metrics are used to evaluate the performance of the
models. These metrics are described in Section 3.2.

3.1. Object Detection Model Selection and Training
3.1.1. Dataset Creation

To train the evaluated object detection models, a dataset of annotated images was
created. This dataset was collected within the indoor testbed described by the authors
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in [26] and depicted in Figure 1. The test setup consists of an indoor room with varied
furniture elements to introduce a complex environment. Within the room, a fleet of drones
(DJI Tello) can be controlled, together with a fleet of ground robots (TurtleBot) that serve
as the targets (i.e., objects) to be detected from the aerial images. The experimentation
platform allows you to easily capture frames from the drone’s onboard cameras. Also,
positioning information can be simultaneously gathered thanks to an OptiTrack system
(i.e., a commercial high-precision positioning system based on high-speed motion capture
cameras). Although this former capability was not exploited, it could be useful in the future
to enable automatic target labeling in captured images.

Figure 1. Diagram of the indoor controlled flight environment equipped with OptiTrack sensors,
drones with access points, and a TurtleBot target on the ground.

The dataset is composed of 6000 aerial images (640 × 640 resolution) with the target
in different positions relative to the drone’s field of view. In order to ensure that the dataset
includes a range of angles and perspectives, the drones were flown following various
straight-line and diagonal trajectories relative to the target position. Also, altitude changes
were also introduced to capture different viewing angles, with certain trajectories varying
from 1.5 m down to 0.5. After image gathering, the dataset was manually annotated, as
demonstrated by the example images in Figure 2. In general, this dataset serves as the
foundation for training and evaluating object detection models, with annotated images
integrated into the YOLO object detection pipeline.

Figure 2. Examples of different dataset images where the object to be detected has been manually anno-
tated. Images are captured from different angles and heights and with different background environments.

3.1.2. Selection and Training of Object Detection Models

For the selection of the model for this study, it was necessary to evaluate different ver-
sions of the YOLO architecture in terms of their performance and efficiency. YOLOv9 was
considered a potential candidate; however, YOLOv8 demonstrated superior optimization
for real-time performance and latency reduction. Moreover, YOLOv8 was elected as the
most stable version during the experimental advance of this research.
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To align with the objective of deploying models on devices with limited computational re-
sources further, this study specifically focused on the ‘small’ (YOLOv8s) and ‘nano’ (YOLOv8n)
versions of YOLOv8. These versions are designed for computationally constrained devices by
reducing the depth and number of parameters, making them suitable for various edge de-
ployment scenarios. YOLOv8n, the smallest and fastest version of the model in this family, is
optimized for devices with strict resource limitations. Its architecture prioritizes the inference
speed by using fewer convolutional layers and simplifying the feature extraction stages.

In contrast, YOLOv8s includes more convolutional layers and feature extraction steps,
improving the detection accuracy while maintaining computational efficiency. This model
provides a balanced approach, offering a slight increase in the computational demand for
better precision, making it suitable for scenarios requiring both fast response times and high
accuracy. Both models share features such as anchor-free detection and enhanced feature
pyramid networks, supporting their adaptability to diverse edge deployment requirements.

The models were trained using the AdamW optimizer, chosen for its ability to efficiently
manage weight updates while applying decoupled weight decay. A learning rate of 0.002 was
selected, ensuring fast convergence while avoiding divergence or overfitting, and a weight
decay of 0.0005 was applied to most weights, excluding biases. This regularization approach
encourages smaller weights, making the model more robust to noise, while excluding biases
avoids penalizing parameters critical to feature representation. The momentum was set to 0.9
as the standard value to smooth optimization trajectories and ensure stable weight updates
over training iterations. Training was conducted over 100 epochs with a batch size of 16, which
was limited by the GPU hardware constraints of the machines used for training, balancing the
computational cost and generalization performance. Early stopping with a patience of 10 epochs
prevented overfitting by halting the training when no significant validation improvements
were observed, saving computational resources. Data augmentation techniques, including
mosaic and random erasing, were employed to enhance the diversity of the training samples.
Mosaic augmentation combined multiple images into a single input, enabling the model to
learn from varying object positions and scales, which is particularly effective for detection tasks.
Random erasing increased the robustness by encouraging the model to focus on discriminative
features rather than memorizing specific regions. During validation, predictions were made
with a confidence threshold of 0.5, ensuring only reliable detections were considered. An IoU
threshold of 0.7 defined the overlap criterion for successful detections, achieving a balance
between precision and recall.

3.1.3. Optimization Techniques for Edge Deployment

To optimize the original models (small and nano) for edge devices, several techniques
were employed, including reducing the precision to FP16 and applying INT8 quantization.

FP16, or Half-Precision Floating Point, reduces the bit precision of floating-point
numbers from 32 bits (FP32) to 16 bits. This precision reduction, often implemented using
tools such as TensorRT during model export, enhances the performance by decreasing
the computational load and memory usage. Despite reducing the precision, FP16 offers
inference speed improvements without significantly impacting the accuracy.

INT8 quantization optimizes models by converting weights and activations from
floating-point precision into 8-bit integers. This process, often applied through post-training
quantization (PTQ), significantly reduces the computational demand and improves the
energy efficiency and inference speed, making it suitable for resource-constrained edge
devices. However, unlike FP16, which typically preserves the model accuracy, INT8
quantization can lead to more noticeable accuracy degradation, particularly in complex
tasks or when it is applied to models with high parameter sensitivity.
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In this work, TensorRT and NCNN were selected as the primary frameworks for op-
timizing and deploying the YOLOv8 models on the Jetson devices and the Raspberry Pi
5, respectively. TensorRT, deeply integrated with NVIDIA hardware, improves the model
performance through layer fusion and memory optimization, enabling efficient inference with
support for FP32, FP16, and INT8 quantization. ONNX (Open Neural Network Exchange)
served as an intermediary format, facilitating precision reduction and compatibility during the
model’s conversion to TensorRT. For ARM-based architectures like the Raspberry Pi, NCNN
was chosen due to its lightweight design and low-latency inference capabilities, which are
particularly effective on mobile and edge devices. While other frameworks, such as CoreML
and TorchScript, were considered, they were deemed less suitable for this project’s goals.
CoreML, tailored to iOS, was excluded due to the platform’s irrelevance, and TorchScript did
not align as closely with the optimization requirements as TensorRT and NCNN.

By tailoring the frameworks and quantization techniques to each deployment envi-
ronment, the optimization strategy leveraged hardware-specific strengths. For the Jetson
Orin Nano and NX, TensorRT was used to apply three quantization levels—FP32, FP16,
and INT8—to establish a comparison. On the Raspberry Pi 5, only the FP32 format, as the
original format for YOLO, was utilized via the NCNN framework.

3.2. The Evaluation Strategy and Metrics

As previously introduced, the experiments for measuring the performance of the YOLO
models were performed in two stages to measure the set of metrics described in this section,
shown on Table 3. Initially, in a controlled and isolated setting, we measured the latency,
throughput, and energy efficiency to balance the inference speed and accuracy against edge
device constraints. The experiments carried out, whose results are described in Section 4.1,
included the following:

• Inference Time Measurement : This experiment assessed the computational efficiency
of each model in isolation by measuring the time to perform inferences on 5000 images
at 640 × 640 resolution. The average inference time was recorded, and the MIS (FPS)
metric was derived to indicate the processing capacity.

• Continuous Inference Evaluation (Inferences Per Minute, IPM): In this experiment,
each device performed inferences continuously over 60 s, accounting for all of the latency
factors, including model loading, network overhead, and processing delays. The IPM
metric provided insight into the system’s throughput under real-world conditions.

• Energy Consumption Analysis: Real-time power usage was monitored using
tegrastats for Jetson devices and vcgencmd pmic_read_adc for the Raspberry Pi
5. Power data, averaged over the duration, were used to calculate the energy con-
sumption (W·s) and energy per inference (J/inference), indicating the energy efficiency
necessary for battery-powered deployments.

Secondly, trials were performed in real-world scenarios to assess the performance
under actual conditions. This systematic testing provides a comprehensive grasp of the
abilities of the model, from isolated evaluations to complete operational contexts. In the
latter case, the following test was performed for the results discussed in Section 5:

• Throughput and Latency Assessment: The throughput times were measured in both
edge and cloud environments using a timestamp-based approach involving a video
server, a processing agent, and a prediction client. Timestamps captured the communica-
tion times and processing delays, with the Round-Trip Time (RTT) and prediction time
for cloud processing allowing for precise comparisons of the bottlenecks across setups.
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Table 3 provides a concise overview of the key metrics used throughout the previous
experiments for evaluating the model efficiency, energy usage, and system responsiveness.
These metrics were selected to capture distinct aspects of the system performance for real-
time processing on edge devices. MIS and IPM measure the inference speed and hardware
throughput, respectively, while energy consumption and EPI focus on energy efficiency,
needed not only for the design of battery-powered operations but also for maximizing the
relative energy utilization based on the relative energy wasted per inference. Together, these
metrics provide a comprehensive framework for analyzing and comparing models across
different devices and configurations.

In addition to computational metrics, predictive accuracy was assessed using mAP50 and
mAP50-95, which evaluate the detection quality across quantization levels and settings.
These metrics ensure that the whole evaluation captures both efficiency and reliability.

Table 3. Summary of the performance metrics with their purpose and formulas.

Metric Purpose Formula

Model Inference Speed or MIS (FPS)

Measures the speed of model inference in
frames per second (FPS), reflecting the

real-time processing capability. This
measure will only measure the capability

of the algorithm in an isolated way,
without counting extra processing tasks

that produce latency.

MIS = 1
Mean Inference Time (s)

Inferences Per Minute or IPM

Calculates the total inferences in 60 s,
representing the overall device

throughput. IPM assesses the entire
process within the device, including I/O

operations, to evaluate the hardware
performance comprehensively. It

measures the efficiency of the program
within the isolated environment of

the device.

IPM = Total inferences in one minute

Energy Consumption or E (W·s)

Indicates the total energy used during
model inference, assessing the power

consumption. Measured using
device-specific tools (tegrastats for the
Jetson and vcgencmd pmic_read_adc for

the Raspberry Pi), allowing for energy
estimation through the average

power consumption.

E = P̄ · (t2 − t1)

Energy Per Inference or EPI
(J/inference)

Lower EPI values signify a more efficient
use of energy per prediction, providing
insight into how effectively the model

utilizes the available power for inference
tasks. As a relative metric, EPI advances
our understanding of energy efficiency

comparisons across different models
and systems.

EPI = Mean Power (W)×60 s
IPM

Round-Trip Time or RTT (ms)

Measures the end-to-end time for a
complete inference cycle, including the
network latency and processing time,

providing a comprehensive assessment of
the system’s whole architecture’s

real-time performance.

RTT = Client Reception time −
Request sent time
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Table 3. Cont.

Metric Purpose Formula

Throughput of the System
(Inferences/s)

Represents the system’s capacity for
continuous inferences, derived from the

inverse of the RTT. Indicates the efficiency
of the whole architecture in handling

continuous inference requests over time.

Throughput = 1
Average RTT (s)

This experimental setup offers a robust framework for evaluating YOLOv8 models on
edge devices. By systematically progressing from isolated testing to real-world deployment,
it combines deployment techniques with a detailed performance analysis. This approach
supports energy-efficient model optimization tailored to diverse hardware scenarios, en-
suring suitability for real-time, low-powered applications and aligning with the goal of
delivering practical evaluation strategies for edge-based implementations.

4. Performance Evaluation of Quantized YOLO over
Resource-Constrained Devices

This section provides a comprehensive evaluation of the performance of quantized
YOLOv8 models on different resource-constrained devices, emphasizing the effects of the
quantization techniques and hardware constraints on the model’s efficiency and accuracy.
Figure 3 depicts the structured workflow, from dataset creation to model training, followed
by quantization and deployment. It showcases the distinct quantization formats (FP32,
FP16, and INT8) applied to various devices like the Jetson Orin Nano, Jetson Orin NX, and
Raspberry Pi 5, along with their associated production deployment. In particular, FP32
represents the default training format used for this type of model, which is sometimes
also treated as the “original” model in the following sections. This visual workflow
supports comprehension of the process and identifies the specific models examined in
the experiments.

Figure 3. Quantization and deployment process of YOLOv8 models on the Jetson Orin Nano, Jetson
Orin NX, and Raspberry Pi 5.
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4.1. The Inference Performance

Figure 4 illustrates the Mean Inference Speed (MIS) for the YOLO models on
the Orin Nano, Orin NX, and Raspberry Pi devices, comparing the performance with
TensorRT (TRT) on the Orin devices and NCNN on the Raspberry Pi.

Figure 4. Figure showing the results on the mean iteration times of each model (YOLOv8s or
YOLOv8n) with different quantization versions (FP32, FP16, or INT8) within a device (the Orin NX,
Orin Nano, or Raspberry Pi 5).

On the Orin Nano, the YOLOv8n_INT8 model excelled with an average iteration time
of 23.16 ms, followed by YOLOv8n_FP16 at 26.70 ms and YOLOv8s_INT8 at 28.25 ms.
The YOLOv8s_FP32 model had the longest iteration time of 42.97 ms, illustrating the
advantages of INT8 quantization in terms of the time performance. The Orin NX showed
an even better performance, with YOLOv8n_INT8 achieving the shortest iteration time
of 15.16 ms, YOLOv8n_FP16 coming in at 17.44 ms, and YOLOv8s_INT8 at 17.70 ms. In
contrast, YOLOv8s_FP32 had the longest time at 27.79 ms, underperforming compared to
the leading three Orin Nano models. On the Raspberry Pi, the NCNN-exported models
had longer inference times; YOLOv8n_FP32 averaged at 118.00 ms, and YOLOv8s_FP32
reached 211.00 ms, highlighting the hardware constraints and differing efficiencies between
CPU and GPU model optimizations. In summary, the Orin Nano and Orin NX vastly out-
performed the Raspberry Pi, with the Orin NX being suitable for real-time object detection.

During our trials, we attempted to reduce the numerical precision of the YOLOv8
model on the Raspberry Pi 5 using the available libraries. However, neither FP16 nor INT8
configurations were feasible due to limitations in the precision support of the libraries,
particularly with the use of the NCNN framework. As a result, there was no improvement
in the performance and a notable loss in the prediction accuracy during these tests. Con-
sequently, only the primary FP32 model configuration was included in the comparative
analysis, as it was the only stable and functional setup on the Raspberry Pi 5.
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4.2. Degradation Analysis of Model Accuracy

This section compares the YOLOv8s and YOLOv8n models across various edge de-
vices to assess the impact of quantization on both their inference speed and accuracy.
Table 4 provides a summary of the mAP and FPS results for different devices and quantiza-
tions, while Figure 5 illustrates the mean iteration times for each model and configuration.

Figure 5. Figure showing the results of the FPS tests of each isolated model (YOLOv8s or YOLOv8n)
with different quantization versions (FP32, FP16, and INT8) within a device.

Table 4. Table synthesizing the inference frame rate, energy consumption, inferences per minute,
power, and energy per inference in joules.

Device Model Quantization mAP50-95 mAP50 MIS (FPS)
Energy

Consumption
(W·s)

Inferences
per Minute

Energy per
Inference

(J/inference)

Orin Nano

YOLOv8s FP32 0.8608 0.9771 27.00 8.790 1391 0.379
YOLOv8s FP16 0.8622 0.9771 37.90 7.836 1558 0.302
YOLOv8s INT8 0.7968 0.9189 41.20 7.257 1949 0.223
YOLOv8n FP32 0.8422 0.9619 37.00 8.345 2041 0.245
YOLOv8n FP16 0.8439 0.9619 40.00 7.422 2144 0.208
YOLOv8n INT8 0.7190 0.8272 44.90 7.483 2425 0.185

Orin NX

YOLOv8s FP32 0.8610 0.9781 35.65 14.155 2129 0.399
YOLOv8s FP16 0.8620 0.9780 48.24 12.815 2760 0.279
YOLOv8s INT8 0.7970 0.9195 56.32 11.002 2836 0.233
YOLOv8n FP32 0.8420 0.9621 52.19 12.480 3182 0.235
YOLOv8n FP16 0.8440 0.9622 58.82 10.853 3214 0.203
YOLOv8n INT8 0.7190 0.8276 65.83 10.305 3443 0.179

RPI5 YOLOv8s FP32 0.8620 0.9621 7.32 5.422 217 1.498
YOLOv8n FP32 0.8440 0.9612 8.47 5.441 442 0.738
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Table 4 presents a summary of the inference performance (in frames per second),
energy consumption, the number of inferences per minute, and the energy consumed per
inference in joules for the devices Jetson Orin NX, Jetson Orin Nano, and Raspberry Pi 5.
The results demonstrate the influence of the disparate quantization configurations (FP32,
FP16, INT8) on the energy efficiency and model performance. The energy consumption
analysis shows differences between the absolute energy consumption demands and energy
efficiency when comparing the Jetson Orin NX, Orin Nano, and Raspberry Pi 5 devices
across different quantization methods (FP32, FP16, and INT8). For the Jetson Orin Nano,
the energy consumption varies between 7.4 W and 8.7 W, while for the Jetson Orin NX, it
ranges from 10 W to 14 W, indicating a more substantial increase.

For the Jetson Orin Nano, the energy consumption ranges from 7.4 W (FP32) to
8.7 W (INT8), reflecting a modest increase of 1.3 W. The Orin NX shows greater variation,
ranging from 10 W to 14 W, which aligns with its higher processing capacity. Despite its
additional energy demands, the Orin NX delivers notable improvements in its inference
speed, particularly with INT8 quantization.

An interesting result is the performance of YOLOv8s on the Orin Nano with FP16 quan-
tization, achieving 37.90 FPS and a mAP50-95 of 0.8622. This configuration slightly exceeds
the performance of the Orin NX running YOLOv8s with FP32 (35.65 FPS, mAP50-95 of 0.8610),
demonstrating the potential of FP16 quantization to enhance the efficiency even on less advanced
hardware. For the YOLOv8n model, the Orin NX achieves 58.82 FPS with FP16, compared to
40.00 FPS on the Orin Nano, indicating its advantage in handling smaller, compact models.

The Raspberry Pi 5, using FP32 quantization via NCNN, achieves 7.32 FPS on
YOLOv8s (mAP50-95 of 0.8620). While functional, its performance is limited compared
to that of the Jetson devices, suggesting it is better suited to less demanding applications
where real-time processing is not critical.

4.3. Energy Consumption Analysis

The mean average energy consumption was measured over 5000 images, as depicted
in Figure 6.

Figure 6. Energy consumption by model and device.
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For instance, in the YOLOv8 FP32 setup, the Orin NX consumes 14.155 W, whereas the
Orin Nano requires only 8.790 W in the same configuration. Despite the Orin NX’s higher
power draw, it generally achieves a greater energy efficiency—measured as the energy per
inference (J/inference)—across the configurations due to its higher inference throughput.
With INT8 quantization, for example, the Orin NX achieves 0.179 J/inference for YOLOv8n,
compared to 0.185 J/inference on the Orin Nano, indicating more efficient use of energy for
each inference completed.

The variations in the power consumption between the quantization methods are also
noteworthy. For the Orin Nano, the energy consumption rises from 7.4 W in FP32 to 8.7 W
in INT8, reflecting a modest increase of 1.3 W. In contrast, the Orin NX exhibits a larger
increase, with the power consumption ranging from 10 W in YOLOv8n_INT8 to 14 W in
YOLOv8s_FP32, a difference of 4 W.

The Orin Nano demonstrates lower absolute energy consumption and achieves better
results in terms of the energy per inference under certain configurations. For instance,
in the YOLOv8s_FP16 setup, it consumes 7.836 W and processes 1558 inferences per
minute, resulting in an energy consumption of 0.302 J/inference. Additionally, in FP32
mode, the Orin Nano achieves a better energy efficiency than that of the Orin NX, with
0.379 J/inference compared to 0.399 J/inference.

The Raspberry Pi 5, by comparison, shows the lowest absolute energy consumption
but also the lowest energy efficiency due to the small number of predictions per time unit.
In the YOLOv8s FP32 configuration, for example, it consumes 5.422 W·s while achieving
217 inferences per minute, resulting in an energy cost of 1.498 J/inference. The Orin
Nano devices, while demonstrating higher absolute energy consumption, also achieves
commendable efficiency due to the much better performance in number of inferences per
unit of time.

5. Performance Evaluation Using a Realistic Testbed

This section aims to assess the performance of different hardware devices, specifi-
cally the Orin Nano, Orin NX, and Raspberry Pi 5, using an object detector in a realistic
deployment scenario that mirrors real-world drone operations. In this sense, this section
takes advantage of the platform presented by the authors in [26] which considers the
core elements (e.g., telemetry, video streaming, and data processing) of a real-time drone
system, where the interplay of computation and communications affects the latency and
system throughput. As depicted in Figure 7, the testbed platform allows live drone im-
ages to be processed both in an edge device and in a cloud environment. This enables
performance benchmarking of edge algorithms against a centralized cloud, providing a
detailed comparison.

Figure 7. General system deployment architecture.
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The deployment architecture consists of three main components: a drone ground
control station (GCS) that gathers video in real time from a drone and broadcasts it using
the WebSocket protocol, an edge computing device to perform object detection on video
streams using TensorRT optimization, and a cloud processing instance (accessible through
the internet) that also allows for the deployment of the object detection model. The
interaction between these entities is illustrated in Figure 8.

The workflow begins with the transmission of video from the drone to its associated
ground control station. Then, using WebSocket communication for low-latency and reliable
data transfer, the video frames can be forwarded either to an edge computing device, which
performs the inference locally (at the edge), or to a cloud instance that performs inference
remotely (in the cloud). AWS SageMaker is employed for cloud detection, allowing for a
systematic comparison of the latency and processing times between the edge and cloud setups.
In either case, the inferences and annotated images are sent back to the ground control station.

Within this framework, two tests were performed. In Section 5.1, different edge devices
are compared in the real, representative testbed. Then, in Section 5.2, a test is performed
between edge and cloud processing. The latter evaluation allows for an analysis of the
trade-offs between local and centralized processing in terms of the computational power
and communication delays. In both cases, by timing each phase (i.e., video transmission,
object detection, and prediction distribution), it is possible to identify latency issues and
potential bottlenecks.

Figure 8. Data flow for real-time video processing and predictions at the edge.

5.1. Edge Deployment

Table 5 provides a summary of the RTT times, RTT deviations, processing times, and
throughput (FPS) for the different models and quantization configurations.
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Table 5. Table synthesizing the RTT, RTT std, processing time, and throughput of the system (FPS)
for different quantization models.

Device Model Quantization
RTT (ms) Processing Time (ms) Throughput

(Inferences/s)Mean Std Mean Std

Orin Nano

YOLOv8n FP16 49.70 4.59 23.81 20.12 20.12
YOLOv8n FP32 60.52 12.24 28.77 16.52 16.52
YOLOv8n INT8 48.80 8.42 20.54 20.49 20.49
YOLOv8s FP16 49.44 6.46 28.90 20.23 20.23
YOLOv8s FP32 73.18 4.89 47.18 13.66 13.66
YOLOv8s INT8 44.27 8.27 20.62 22.59 22.59

Orin NX

YOLOv8n FP16 34.15 3.65 16.12 29.28 29.28
YOLOv8n FP32 35.76 2.28 18.25 27.97 27.96
YOLOv8n INT8 29.95 3.19 14.29 33.38 33.39
YOLOv8s FP16 35.09 4.35 18.50 28.50 28.5
YOLOv8s FP32 48.97 8.83 26.50 20.42 20.42
YOLOv8s INT8 33.60 3.31 15.96 29.76 29.76

Regarding the RTT (Round-Trip Time), the Jetson Orin Nano demonstrated its best
performance in terms of the RTT with the YOLOv8s INT8 model, achieving a minimum
RTT of 44.27 ms. The RTT increased to 73.18 ms when using the YOLOv8s FP32 model. For
the Jetson Orin NX, the minimum RTT was observed at 29.95 ms with the YOLOv8n INT8
model, while the maximum RTT occurred with the YOLOv8s FP32 model at 48.97 ms.

The RTT deviation results showed that the Orin Nano showed higher variability with
the YOLOv8n FP32 model, which had a deviation of 12.24 ms. The lowest deviation for
the Orin Nano was seen with the YOLOv8s FP32 model at 4.89 ms. For the Orin NX, the
RTT fluctuations were smaller overall, with the highest deviation being 8.83 ms for the
YOLOv8s FP32 model and the lowest at 2.28 ms for YOLOv8n FP32.

During the testing phase, we attempted to implement the architecture on the Raspberry
Pi 5. However, it was not possible to complete the tests in full due to the computational
limitations. This device exhibited significant latency in its predictions, and this led to
instability not only in drone control but also in the acquisition and dissemination of images
across the different components of the architecture. Consequently, the results obtained
from the Raspberry Pi 5 are sparse and incomplete and therefore not viable as a reliable
architecture for this application.

In terms of the processing time, the Orin Nano showed a minimum processing time of
20.54 ms with the YOLOv8n INT8, and the longest processing time was 47.18 ms for the
YOLOv8s FP32 model. The processing times on the Orin NX were generally shorter, with a
minimum of 14.29 ms for YOLOv8n INT8 and a maximum of 26.50 ms for YOLOv8s FP32.

5.2. Edge vs. Cloud Comparison

In order to assess the trade-offs between computational power and latency in edge
and cloud environments, we conducted a series of experiments comparing the two setups
using the YOLOv8s model in its FP16 configuration on the Orin Nano. The primary metrics
evaluated were the Round-Trip Time (RTT), model processing latency, and communication
latency, offering a comprehensive understanding of how both environments handle real-
time data processing and communication delays.

For our cloud-based deployment, we selected a cloud instance located in London (eu-
west-2) using the ml.g4dn.xlarge configuration, which is powered by an NVIDIA T4 GPU.
To handle the model inferences efficiently, we deployed the model on a Triton Inference
Server within the SageMaker environment. Triton, known for its high performance and
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flexibility in supporting multiple AI frameworks and backends, provided a robust platform
for managing the inference requests for our YOLOv8s model. The most decisive factor in
choosing the NVIDIA Triton Inference Server was its support for TensorRT optimization,
which allowed us to conduct a fair comparison under consistent conditions. Additionally,
by utilizing Triton, we could take advantage of advanced features such as dynamic batching,
model ensemble, and TensorRT acceleration, thereby maximizing the inference speed and
fully leveraging the computational power of the cloud instance.

The model was deployed and invoked directly through the SageMaker SDK API’s
invoke endpoint, which facilitated direct HTTP-based invocation. However, it is important
to note that the invoke endpoint does not support WebSocket communication, meaning
that all inference requests are handled over HTTP. This limitation may introduce additional
latency in scenarios where persistent, real-time communication channels are desired. The
London (eu-west-2) location helped us explore the impact of geographical data transmission
delays from Madrid, providing insights into latency management for future applications.

Table 6 presents a comparative investigation of the latency metrics between the edge
deployments on the Orin Nano and the cloud deployments using the YOLOv8s model in
FP16 format. The edge RTT latency shows a mean of 35.09 ms, which is within the feasible
limits for real-time applications. By contrast, the cloud deployment shows a much higher
mean RTT of 348.21 ms due to the increased communication distance to remote GPU servers.
This difference is reflected in the communication latency, where the edge setup averages at
2.50 ms, whereas the cloud averages at a considerably higher value of 341.41 ms.

Table 6. Latency results in the two different deployment scenarios, edge and cloud.

Processing Environment RTT Latency (ms)
Model Processing Latency

(ms)
Communication Latency (ms)

Edge Mean: 35.09 Mean: 32.59 Mean: 2.50
Std: 4.25 Std: 4.27 Std: 0.34

Cloud Mean: 348.21 Mean: 6.82 Mean: 341.41
Std: 69.88 Std: 0.05 Std: 69.89

The processing latency data highlight the computational edge of the cloud, with an
average latency of 6.82 ms, significantly outperforming the edge’s latency of 32.59 ms.
Nonetheless, the high communication latency of the cloud counteracts its processing
efficiency, resulting in performance constraints.

6. Discussion

An evaluation of various quantization techniques and their impact on inference la-
tency has confirmed INT8 as the fastest configuration, achieving notable reductions in the
processing times across all evaluated devices. For instance, on the Orin Nano, YOLOv8s
with INT8 achieves 41.20 FPS compared to 27.00 FPS with FP32, representing a significant
improvement in speed. However, this increase comes at the cost of reduced accuracy, with
the mAP50-95 dropping from 0.8608 in FP32 to 0.7968 in INT8—a reduction of approxi-
mately 6.4 percentage points. In contrast, FP16 emerges as a balanced alternative, offering
slight improvements in accuracy while reducing the latency. For example, YOLOv8s on the
Orin Nano achieves 37.90 FPS in FP16 with an accuracy of 0.8622 mAP50-95, providing an
optimal balance for scenarios requiring both speed and precision. This quantization ap-
proach also enables intermediate models, such as YOLOv8s, to outperform smaller versions
like YOLOv8n_FP32 on more advanced devices such as the Orin NX, where YOLOv8s_FP16
achieves 48.24 FPS with a mAP50-95 of 0.8620, compared to YOLOv8n_FP32’s 35.65 FPS
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and 0.8420 mAP50-95. Furthermore, the application of quantization techniques has been ob-
served to contribute to marginal enhancements in the model’s generalization, possibly due
to the reduced computational complexity, enabling more efficient image processing. This is
particularly relevant for tasks involving real-time object detection, where the computational
resources are constrained. Conversely, while the Raspberry Pi 5 demonstrates acceptable
accuracy metrics, such as a mAP50-95 of 0.8620 for YOLOv8s in FP32, its inference latency
limits its applicability. The device achieves only 7.32 FPS and 217 inferences per minute
in this configuration, significantly reducing the real-time capabilities. In addition to op-
timizing performance, quantization techniques have a significant impact on the energy
efficiency of employing devices. The results demonstrate that INT8 is the most efficient
configuration in terms of energy consumption, achieving a notable reduction without a
significant loss of accuracy. In this context, the Orin NX, despite its higher overall power
demand, demonstrates a better performance in the EPI metric (J/inference). This makes it
the preferred choice for real-time, inference-intensive applications, especially in the FP16
and INT8 configurations. The Raspberry Pi 5 has the lowest total power consumption;
however, its low performance in terms of Inferences Per Minute (IPM) restricts its appli-
cability in environments where a real-time response is required. This analysis highlights
the importance of selecting optimized hardware devices, such as the Orin models, for
edge architectures that demand both high performance and sustainable energy efficiency,
particularly in long-running applications where controlled power consumption is essential.

The evaluation of the stability and performance of the devices within architectures
that emulate real-world operating environments highlights the advantage of the Orin
models over general-purpose alternatives such as the Raspberry Pi 5. In practical sce-
narios, the models evaluated on the Orin Nano achieved acceptable results; however, a
detailed analysis suggests that improvements can still be made in frame capture and the
optimization of internal operations, which could reduce the processing overhead. This
overhead, identified by analyzing isolated model processing times during the full operation
of the architecture, suggests that better management of data capture and data flow could
significantly improve the efficiency.

The Orin NX exhibited low variability in its response times and strong stability, position-
ing it as optimal for tasks demanding a consistent performance throughout the architecture.
Conversely, the Raspberry Pi 5 encountered issues with instability, processing interruptions,
and control challenges during object detection, constraining its effectiveness in complex archi-
tectures. Thus, it is more appropriate for basic processing or simpler algorithms rather than
advanced applications requiring sustained high stability and low latency.

In this way, the results reveal complementary strengths in the tested devices: the
Jetson excels in its computational performance but consumes significant energy, while the
Raspberry Pi offers excellent energy efficiency but struggles with real-time object detection.
Hybrid architectures could combine these strengths to optimize the overall performance.
For example, the Raspberry Pi could manage lightweight tasks, such as environmental
monitoring or data preprocessing, while the Jetson handles critical operations like real-time
object detection or obstacle avoidance. This delegation of tasks reduces the energy footprint
of the individual components while maintaining the system’s responsiveness. Additionally,
selectively integrating cloud processing for non-critical tasks enhances the scalability and
reduces latency. Exploring this approach in future implementations could help address
challenges in energy-sensitive drone missions.

The cloud results underscore the advantage of deploying edge devices near data
sources. Despite the low model processing latency in the cloud, the high communica-
tion latency limits its real-time viability. Using a closer AWS region may improve the
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results, but communication bottlenecks remain a challenge for real-time drone applications.
GPU-equipped edge devices offer a practical solution, enabling rapid local processing with
some trade-offs in the computational power, showing the importance of the role of edge
devices in real-time drone systems.

Based on the results obtained and from the perspective of this study, focused on
drone applications, a guide has been developed to identify the most suitable hardware
configurations and quantization models according to the operational needs. This guide,
based on the lessons learned, provides recommendations for selecting devices and model
configurations based on the specific requirements, such as extended coverage, real-time
tracking, and high-precision detection.

Table 7 illustrates how particular configurations align with specific requirements in
drone applications. For extended coverage and long-duration missions, the Orin NX with
INT8 offers the optimal autonomy with minimal inference consumption, making it ideal for
continuous surveillance and environmental monitoring. In critical tracking scenarios, the same
device with YOLOv8n INT8 enables a high inference rate, which is valuable for real-time tasks
in defense and security. The Orin Nano and FP16 quantization enable high-quality detection,
which is a requirement in automated infrastructure inspection, while maintaining the optimal
power consumption. The INT8 configuration of the Orin Nano allows low-demand tasks
to be completed efficiently and cost-effectively, even when speed or accuracy is not critical.
These results demonstrate the value of aligning the configuration with specific operational
demands, ensuring that each device performs at its best in its designated application. These
insights serve as practical guidance for drone operators and practitioners, helping them select
the most appropriate hardware and quantization settings based on the specific operational
needs. Researchers should examine scalability in more UAV scenarios (e.g., evaluating the
outdoor performance variability or investigating energy-efficient inference to provide insights
and new extended guidelines for real-world deployment). Moreover, adapting the results
obtained in the indoor controlled edge environment to outdoor surroundings would assess the
stability of inferences under dynamic conditions, thereby verifying the practicality of energy-
efficient setups outside controlled contexts. Furthermore, as the industry advances in the
hardware–software co-design for FPGAs and low-power chips, research should incorporate
these technologies to align with emerging capabilities.

Table 7. Recommended configurations based on operational needs.

Operational Need Description Area of Interest
Recommended
Configuration

Key Supporting
Metrics

Extensive Coverage
and Long Duration

Extends energy
autonomy for

continuous monitoring
of large areas without
frequent recharging.

Surveillance,
Environmental

Monitoring

Jetson Orin Nano +
YOLOv8n INT8

High FPS (44.9), Low
Energy Consumption

(7.483 W·s), Good
Accuracy (mAP50:

0.8272)

Critical Tracking
(Real-Time)

High inference rate for
rapid response and

continuous tracking.
Defense, Security Jetson Orin NX +

YOLOv8n INT8

Very High FPS (65.83),
Moderate Energy

(10.305 W·s), Sufficient
Accuracy (mAP50:

0.7190)

High-Quality Detection

Ensures high precision
in detecting fine details,
ideal for infrastructure

inspection.

Infrastructure
Inspection

Jetson Orin Nano +
YOLOv8s FP16

High Accuracy
(mAP50: 0.8622),

Moderate FPS (37.9),
Low Energy

Consumption
(7.836 W·s)
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Table 7. Cont.

Operational Need Description Area of Interest
Recommended
Configuration

Key Supporting
Metrics

Balance of Speed and
Precision

Balances speed and
accuracy for emergency

and rescue tasks.

Rescue and Emergency
Response

Jetson Orin NX +
YOLOv8s

FP16/YOLOv8n INT8

High FPS (58.82/65.83),
Balanced Accuracy

(mAP50:
0.8620/0.7190),

Efficient Energy Usage
(10.853/10.305 W·s)

Low-Cost Processing

Optimizes costs and
energy for less

demanding tasks
without high precision
or speed requirements.

Low-Demand Tasks Jetson Orin Nano +
INT8

Moderate FPS (41.2),
Low Energy

Consumption
(7.257 W·s), Acceptable

Accuracy (mAP50:
0.7968)

7. Conclusions

This research provides practical tools and guidelines for integrating YOLOv8 mod-
els into autonomous systems while also evaluating their performance on computation-
ally constrained drone computational devices. The findings show that the YOLOv8n
(nano) and YOLOv8s (small) models can achieve efficient operation on devices such as the
Raspberry Pi 5, Orin NX, and Jetson Orin Nano. However, achieving the optimal perfor-
mance in real-time applications requires careful consideration of the trade-offs between
the detection precision and inference speed, especially when utilizing INT8 quantization,
which accelerates the processing but may slightly reduce the accuracy.

Thus, we provide a set of recommendations (Table 6) that streamlines complex rec-
ommendations into an easily accessible format for decision-makers to use to adjust their
configurations according to the specific operational demands. By linking the device con-
figurations and quantization methods with specific applications, this study explores the
practical application of guidelines that enhance the performance and energy efficiency. This
organized method clarifies the criteria for the optimal configuration selection while enabling
practitioners to efficiently implement these advances in diverse edge computing scenarios.

The test architecture in this study facilitates controlled and repeatable testing of real-
time object detection and tracking algorithms. It enables an accurate evaluation of edge
computing and onboard processing solutions within a comprehensive drone architecture
in an indoor flight environment. However, the indoor setting introduces certain limitations,
as it cannot fully replicate the complexities of outdoor operations, such as variable light-
ing conditions, environmental interferences, or multi-agent dynamics. To address these
challenges, more complex mock-ups are needed to emulate more complex environments.
Such improvements would enable testing under conditions closer to those in real-world
applications, improving the reliability of the proposed systems.

An interesting direction for upcoming research is the evaluation of YOLOv10 and
YOLOv11 as they become available, evaluating their improvements in accuracy, efficiency,
and real-time performance. Comparing them with YOLOv8 in drone-based applications
could provide insights into their suitability for edge computing and its integration viability
in autonomous drone navigation.

Moreover, studies should explore hybrid architectures that combine the complemen-
tary strengths of devices like the Jetson, the Raspberry Pi, and the cloud. As mentioned
in Section 6, Discussion, its complementary abilities may offer a study opportunity. Testing
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these configurations in real-world drone deployments would provide valuable insights
into their feasibility and effectiveness in energy-sensitive missions.

Further integration of edge architectures with 5G and tactical cloud technologies could
expand the potential of drone applications. This integration would enable the design and
control of complex swarm missions, as discussed in Section 2, The State of the Art. Through
network slicing, the processing tasks could be decentralized, increasing the autonomy of
individual drones within the swarm and reducing reliance on a central server. Moreover,
testing 5G communications in these configurations could provide insights into intelligent
drone architectures, particularly regarding real-time decision-making and minimizing the
latency in data transmission. These advancements would also necessitate the deployment
of larger drones capable of supporting the additional weight and power requirements
associated with outdoor operations in complex environments.
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Abstract: The long-standing practice of document-based engineering has resulted in the
accumulation of a large number of engineering documents across various industries. Engi-
neering documents, such as 2D drawings, continue to play a significant role in exchanging
information and sharing knowledge across multiple engineering processes. However, these
documents are often stored in non-digitized formats, such as paper and portable document
format (PDF) files, making automation difficult. As digital engineering transforms pro-
cesses in many industries, digitizing engineering documents presents a crucial challenge
that requires advanced methods. This research addresses the problem of automatically
extracting textual content from non-digitized legacy engineering documents. We intro-
duced an optical character recognition (OCR) system for text detection and recognition
that leverages transformer-based generative deep learning models and transfer learning
approaches to enhance text recognition accuracy in engineering documents. The proposed
system was evaluated on a dataset collected from ships’ engineering drawings provided
by a U.S. agency. Experimental results demonstrated that the proposed transformer-based
OCR model significantly outperformed pretrained off-the-shelf OCR models.

Keywords: digital engineering; text recognition; deep learning; transfer learning; transformers;
deep generative adversarial networks

1. Introduction

Systems engineering is shifting away from a traditional document-based approach
to a model-based approach. The adoption of model-based systems engineering (MBSE)
is increasing among industry and government practitioners as systems continue to grow
in complexity [1]. MBSE is a formalized methodology that supports the requirements,
design, analysis, verification, and validation associated with the development of complex
systems [2]. In contrast to the traditional document-based approach, MBSE uses system
models as the primary artifacts of the systems engineering process. Digital engineering
(DT) has empowered the paradigm shift to MBSE by providing the digital infrastructure to
design, develop, operate, and sustain complex systems. By leveraging models to connect
data across all lifecycle stages using computer-based methods, processes, and tools (MPTs)
and incorporating technological innovations such as artificial intelligence and advanced
analytics, DT addresses the challenges associated with the complexity, uncertainty, and
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rapidly changing requirements of modern systems [3]. Digitalization is a key defining
feature in digital engineering. In a digital engineering ecosystem, data availability in a
machine-readable (digital) format is necessary to gain the advantage of digital technologies,
enable data and model sharing, and enhance information traceability.

The long-standing tradition of using document-based engineering has led to the
accumulation of a substantial number of legacy engineering documents across several
industries. These documents are often available in scanned or paper-based formats and
contain valuable knowledge about legacy systems, including technical details, drawings,
and configuration data, among other information. Furthermore, engineering documents
play a significant role in many engineering processes, such as quality control [4]. In the
MSBE environment, it is still common practice to produce various engineering documents
that capture information, such as scanned PDFs, spreadsheets, and informal drawings,
throughout the system’s lifecycle, making it a document-rich environment. Since man-
ually digitizing or inspecting engineering documents is time-consuming and resource-
intensive, there is a growing need to develop automated tools for extracting information
from these documents.

Optical character recognition (OCR) is a key digitization technology. OCR refers to
converting printed and handwritten text into a digital format that is easy to extract, edit,
search, and analyze [5]. Researchers have proposed robust solutions across many application
domains and successfully automated many business tasks, such as automatic invoice reading
(e.g., [6,7]), plate recognition (e.g., [8–10]), scene text detection, and recognition (e.g., [11–
15]). However, extracting text from legacy engineering documents is challenging. In many
industries, such as shipbuilding, it is common for information to be stored in noisy, low-quality
images or outdated fonts in scanned PDFs. Extracting information with existing OCR systems
often results in remarkably low accuracy, causing significant information loss.

This research addresses the problem of extracting text from engineering documents
through a case study from the Military Sealift Command (MSC). The MSC has extensive
experience in operating and maintaining ships. Along the way, it has accumulated a large
number of engineering and maintenance documents, including technical updates about
its vessels, stored in various formats such as manuals, bulletins, drawings, and other
engineering document data. Soft and hard copies of these documents are stored in various
electronic formats and maintained in a central repository called the Virtual Technical Library
(VTL) [16]. As part of their DoD digital transformation efforts, the VTL is undergoing a
digitalization process. One of the challenges faced by MSC was the difficulty of extracting
textual content from these documents. MSC documents contain different types of text
(printed and handwritten text), font styles, and sizes (Figures 1–3). Some fonts used in these
documents are outdated and irregular, making the text hard to recognize. Furthermore,
the background noise present in some MSC engineering documents complicates the OCR
process. This paper builds on our previous research [17], where we explored various deep
learning and OCR models to extract textual content from MSC engineering documents. We
proposed an OCR framework comprising a fine-tuned OCR model for text recognition and
a generative deep learning model for data augmentation, and partial preliminary results
were presented as a conference paper [17]. Our main contributions are:

• We annotated a dataset from MSC engineering documents and fine-tuned two state-
of-the-art OCR systems, including a transformer-based OCR model, TrOCR [18], and
a CRNN-based OCR model, KerasOCR [19] for improved OCR performance on the
MSC documents.

• We employed a deep generative model to learn the outdated fonts and styles in MSC
data and utilized the trained model to augment the limited MSC data for fine-tuning
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the two off-the-shelf OCR models. We demonstrated that the augmented data can
effectively improve OCR performance.

Figure 1. An example of a high-quality MSC document with an easy-to-recognize font.

Figure 2. An example of an MSC document with a more challenging font to recognize.

Figure 3. An example of an MSC document with multiple fonts.

The rest of this paper is organized as follows. Section 2 discusses related work.
Section 3 describes our proposed approach. Section 4 presents the data and experimental
setup. Section 5 provides the experimental results. Section 6 discusses the main findings,
limitations, and implications of this research. Finally, Section 7 concludes the paper and
outlines future work.

2. Related Work

OCR is a well-established area of research in machine learning [20]. An OCR system
converts scanned documents or input text images into machine-editable and searchable
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formats. OCR has been successfully applied across various domains, including historical
document processing [21], scene text detection and recognition [14], license plate recog-
nition [22], and invoice and receipt processing [23], among others. The advent of deep
learning has paved the way for the development of numerous models for text detection
and recognition, such as EAST [24] and CRAFT [25] for text detection, and CRNN-CTC [26]
and sequence-to-sequence models [18] for text recognition. The main components of an
OCR system typically include preprocessing, text detection, text recognition, and postpro-
cessing. OCR systems can be categorized into two types: (1) printed text recognition and
(2) handwritten text recognition. Printed text recognition involves converting typed charac-
ters into digital text, while handwritten text recognition deals with converting handwritten
text into a digital format.

2.1. Text Detection

Text detection involves localizing text regions in documents or images and is crucial
for recognizing text in complex backgrounds. It can be performed at the line, word,
or character level, with models typically producing bounding boxes around words or
sentences. Earlier methods relied on handcrafted features, such as connected components
analysis (CCA) [14], sliding windows, and segmentation-based approaches [25]. Recently,
deep-learning-based algorithms have excelled in this task. CRAFT [25], widely used in
systems like KerasOCR [19] and EasyOCR [27], detects individual character regions using
a CNN (based on VGG-16) to generate region and affinity maps. These maps identify
characters and the distances between them to form words. Similarly, EAST [24] employs
CNNs for pixel-wise text instance prediction, while TextBoxes [28] uses a single-shot
multi-box detector (SSD) framework [29] for faster, real-time text detection.

2.2. Printed Text OCR

Many OCR systems focus on detecting and recognizing printed text, achieving high
accuracy in real-world applications. Examples include Google Tesseract [30], Cloud Vision
OCR [31], EasyOCR [27], KerasOCR [19], and docTR API [32]. Most of these models rely on
deep learning, with the CRNN architecture coupled with CTC being the preferred choice
for text recognition. EasyOCR and KerasOCR are Python-based pipelines designed for
scene text detection and recognition, utilizing CRAFT [25] for text detection and CRNN [26]
for recognition. Tesseract [30] is a modular framework where text recognition involves
preprocessing, layout analysis, segmentation, feature extraction, and recognition, using
a bidirectional LSTM in its latest version. OCRopy [33] recognizes text at the line level,
improving accuracy with a statistical language model and employing a single-layer bidi-
rectional LSTM with CTC loss. PaddleOCR [34] provides pretrained models for multiple
languages, following a similar architecture to EasyOCR and KerasOCR. It includes modules
for text detection, orientation classification, and character recognition.

2.3. Handdwritten Text OCR

Handwritten text recognition has received significant attention in the literature, with
researchers primarily using neural network architectures like CRNN. This task is more chal-
lenging than printed text recognition due to the variety of writing styles. Puigcerver [35]
proposed a CRNN-based model with a single convolutional layer followed by one-
dimensional recurrent layers, outperforming many traditional models. Flor de Sousa
Neto et al. [36] introduced a Gated-CNN model that, with fewer parameters, achieved
33% better performance on benchmark datasets. Kass et al. [37] proposed an attention-
based sequence-to-sequence model using a CRNN with ResNet for feature extraction
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and a bidirectional LSTM for sequence modeling, incorporating transfer learning from
scene text recognition to address data limitations. Ly et al. [38] introduced a self-attention
convolutional recurrent network (2D-SACRN) combining a self-attention-based feature
extractor with recurrent layers and a CTC decoder, achieving competitive results with
reduced training time.

2.4. Transformer-Based OCR Systems

Most OCR approaches for both handwritten and printed text recognition are based on
the CRNN architecture. However, with the recent success of transformer-based models, there
is a growing shift toward transformers for OCR. Microsoft’s TrOCR [18] is a transformer-
based model with two components: a visual transformer for feature extraction and a textual
transformer for text recognition. TrOCR was pre-trained on large datasets of both printed
and handwritten text. Transformer-based OCR models typically follow an encoder–decoder
architecture. Fujitake [39] introduced DTrOCR, a model that relies solely on a text decoder.
It demonstrated superior performance over previous models, including TrOCR, in various
OCR tasks. Kim et al. [40] proposed Donut, an OCR-free transformer model designed for
document understanding. Donut directly maps raw document inputs to text outputs without
the traditional OCR pipeline, showing competitive results across multiple datasets.

2.5. OCR for Engineering Documents

OCR has been widely applied in areas like scene text recognition and historical docu-
ment digitization. However, its use for digitizing legacy engineering documentation has
received less attention, especially in text recognition from engineering drawings, which
remain crucial in the manufacturing industry [4]. Several studies have tackled this issue.
Toro et al. [41] developed eDOCr, an OCR framework for extracting information from
mechanical engineering drawings to automate quality control. Their approach uses image
segmentation, CRAFT for text detection, and KerasOCR for recognition, which was trained
on an extended alphabet including special characters and symbols. Saba et al. [42] proposed
a two-stage pipeline for piping and instrumentation diagrams (P&IDs), employing EAST
for text detection and EasyOCR for recognition, showing strong performance on P&IDs. Lin
et al. [4] introduced a system using YOLO for feature extraction and Tesseract for recogniz-
ing text, symbols, and numbers, achieving a 70% character recognition rate. Ren et al. [43]
addressed text recognition in nuclear power equipment drawings using EAST and Pad-
dleOCR, with promising results. In our previous work, we fine-tuned a CRNN-based
KerasOCR model [44] on a dataset of 2D ship drawings and maintenance documents from
MSC, significantly improving recognition accuracy over Tesseract and EasyOCR.

3. Proposed Methods

The proposed OCR framework consists of four modules: (1) preprocessing, (2) text
detection, (3) data augmentation, and (4) text recognition, as shown in Figure 4. It processes
an engineering document and outputs the recognized text in a digital format (e.g., text or
JSON). The preprocessing step enhances document quality before applying detection and
recognition algorithms. Traditional techniques like binarization, noise removal, and image
scaling have been widely used, while deep learning models are increasingly employed for
tasks like noise removal. In this research, we used basic preprocessing techniques, leaving
more advanced methods for future work. The text detection module identifies textual
regions and outputs bounding boxes around words or sentences. The cropped text is then
passed to the recognition module, which produces the final output. We experimented with
various deep learning models at each stage, training the components separately.
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Figure 4. Framework of the proposed OCR pipeline. The MSC document first goes through a
preprocessing step to enhance its quality. Subsequently, text detection and text recognition are
performed on the enhanced document.

3.1. Text Detection

This stage focuses on localizing text within the input engineering documents. The
ships’ engineering documents used in this research contain various structures (e.g., tables,
drawings, etc.). Text detection identifies the areas where text is present and outputs a set of
word-level or sentence-level bounding boxes. We qualitatively evaluated two well-known
text detection models: EAST [24] and CRAFT [25]. Based on this evaluation, we selected
CRAFT as the text detector, as it provided superior text localization performance for our
task compared to the EAST model.

3.2. ScrabbleGAN for Data Augmentation

OCR systems typically require a substantial amount of labeled data for training to
achieve competitive performance. The text in our documents appears in various formats,
fonts, and styles. Off-the-shelf OCR systems, trained on public datasets, struggled to
generalize to the unseen fonts and styles in our data. To address this challenge, we utilize
the ScrabbleGAN model [45], as shown in Figure 5, to augment our training data by
mimicking the formats, fonts, and styles in our ground truth data. The key idea is to train
ScrabbleGAN to transfer fonts and styles learned from our ground truth to synthetic word
images. To achieve this goal, we first synthesize a set of words with standard formats, fonts,
and styles, and then train ScrabbleGAN on our ground truth MSC documents to learn the
specific characteristics. Finally, we use the trained model to transfer these learned styles to
the synthetic data, augmenting our training dataset.

ScrabbleGAN consists of three main components, as shown in Figure 5: (1) a generator G,
(2) a discriminator D, and (3) an OCR model R for text recognition, employing an adversarial
training process. The generator G creates synthetic text images from a noise vector, while
the discriminator D distinguishes between real text images (ground truth data) and those
generated by the generator (mimicked styles). Unlike previous generative models that
generate entire words or sentence-level images, ScrabbleGAN takes a different approach by
training a generator for each character. The trained character-level generators are stored in a
bank of learned filters, each corresponding to a specific element in the vocabulary. To generate
a word image, the filters for each character in the word are selected and concatenated to
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produce the final word image. The OCR model R ensures the quality of the synthetic images
by verifying the readability of the text. ScrabbleGAN uses the following loss function:

l = lD + λ × lR (1)

where lD and lR are the loss terms of the discriminator module D and OCR module R,
respectively.

Figure 5. ScrabbleGAN architecture [45]: The generator creates a text image of ‘DWG’ using trained
character generators. The discriminator (D) checks if the image looks realistic and if the font is
transferred accurately. The text recognition network (R) ensures readability.

3.3. Text Recognition

We consider two different architectures for text recognition: convolutional recurrent
neural network (CRNN) and transformer. We fine-tune both models on the augmented
data and compare their performance on the MSC dataset.

3.3.1. CRNN-Based Architecture

CRNN models [26,46] consist of three components, as illustrated in Figure 6: (1) convolutional
layers for visual feature extraction from input images, (2) recurrent layers for sequence model-
ing and character classification, and (3) a transcription layer that translates the output of the
sequence model into the final label sequence. KerasOCR [19] is a widely used end-to-end OCR
pipeline for scene text detection and recognition applications. The text recognition module
in this pipeline uses the CRNN-CTC architecture. The CRNN model in KerasOCR takes a
word-level bounding box produced by the text detection module as input. This image is
processed by CNN, which generates a sequence of feature maps over m timesteps. KerasOCR
then employs a bidirectional long short-term memory (Bi-LSTM) sequence model to process
these feature maps. The Bi-LSTM outputs a sequence of softmax probabilities over a given
vocabulary at each timestep. In the transcription layer, a CTC loss function [47] is applied to
decode the Bi-LSTM output and recognize the final text sequence within the bounding box.

3.3.2. Transformer-Based Architecture

Many OCR approaches use CNN models for image understanding and a sequence
model for character-level text recognition. Additionally, language models are typically
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employed as a post-processing step to enhance the overall accuracy of the OCR output. In
contrast, TrOCR [18], a transformer-based architecture proposed by Microsoft, leverages
visual transformers for image understanding and text transformers for text generation. It fol-
lows an encoder–decoder architecture that combines the following components (Figure 7):
(1) a pre-trained bidirectional encoder representation from image transformers (BEiT) [48]
model for the encoder, and (2) a pre-trained RoBERTa [49] model (an optimized BERT
language model) for the decoder. The model uses the attention mechanism of transformers
to focus on relevant parts of the image, improving OCR output accuracy.

Figure 6. Convolutional recurrent neural network for text recognition: it consists of convolutional
layers for visual feature extraction from input images, recurrent layers for sequence modeling and
character classification, and a transcription layer for converting the output of the sequence model
into the final label sequence.

Figure 7. TrOCR architecture [18]. The input image is divided into a sequence of patches, with each
being projected into a D-dimensional vector by BERT. The RoBERTa model then recognizes the input text.

An input image is decomposed into a sequence of patches, and each patch is projected
into a D-dimensional vector by BERT. Subsequently, the decoder uses a pre-trained RoBERTa
model to recognize the input text by generating a sequence of text pieces from the visual
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features produced by the encoder. TrOCR was pre-trained in two stages. In the first stage, the
model was trained on a large labeled dataset of 684 M printed text-line images cropped from
publicly available PDF files. In the second stage, it was trained on smaller synthetic datasets
for downstream tasks such as handwritten text recognition and receipt text recognition. The
first dataset consists of 17.9 M handwritten text-line images generated from 5427 handwritten
fonts, while the second dataset contains 1 M synthetic text-line images created using fonts
from a set of receipt images [18]. TrOCR released pre-trained models from the different stages.

3.3.3. Transfer Learning through Fine-Tuning

The performance of pre-trained OCR models is highly dependent on the quality of
input data. In our case, these models struggled with the diverse textual styles and fonts
in the engineering documents, which are not easily recognizable by models trained on
standard public datasets. Transfer learning [50] (TL) allows a model trained on one task (Ts)
to be adapted for another task (Tt), leveraging knowledge from a source domain (Ds) to
improve performance in a target domain (Dt), particularly when labeled data in the target
domain are limited. Fine-tuning is a common TL approach, where a pre-trained model is
further trained on a new dataset specific to the target task. In this study, we fine-tuned the
pre-trained KerasOCR (CRNN architecture) and TrOCR (transformer-based architecture)
models using an annotated dataset from our case study on ships’ engineering documents.

3.4. Competing Methods

We compared the proposed (fine-tuned) models with several pre-trained OCR models.

3.4.1. Pre-Trained Tesseract

Tesseract [30] is one of the most widely used OCR engines for various applications.
The latest versions of Tesseract (3.0 and beyond) have integrated a long short-term memory
(LSTM) neural network to improve text recognition accuracy. Tesseract performs text recog-
nition through several stages: (1) preprocessing, (2) segmentation, (3) feature extraction,
and (4) classification [51]. In the preprocessing step, Tesseract uses adaptive thresholding
(Otsu’s method) to convert the input document into a binary format. It then performs
page layout analysis to segment the input document (e.g., a book page) into text blocks,
followed by detecting text lines within these blocks. In the final stage, Tesseract employs a
deep learning framework (LSTM) to recognize text within the detected lines. The Tesseract
model was pre-trained on a dataset of 400 K text lines, encompassing 4500 different fonts.

3.4.2. Pre-Trained EasyOCR

EasyOCR [27] is a Python-based OCR pipeline primarily designed for scene text
detection and recognition applications. EasyOCR uses the CRAFT algorithm [25] to detect
text within input images and CRNN for text recognition. It leverages the PyTorch library
and OpenCV on the back end. The text recognition module in EasyOCR was pre-trained
on a hybrid dataset comprising 800 K natural scene images augmented by 9 M randomly
generated synthetic images.

3.4.3. Pre-Trained KerasOCR

KerasOCR is also a Python-based OCR package for scene text detection and recognition
applications. KerasOCR includes an end-to-end training pipeline to build OCR models. Like
EasyOCR, this model implements CRAFT [25] for text detection and CRNN for text recogni-
tion. The KerasOCR text recognition model was pre-trained on 90 K synthetic scene images.
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3.4.4. Pre-Trained TrOCR

We used TrOCR models, initially trained on a large collection of printed text line images
(first stage) and then on the SROIE (Scanned Receipts OCR and Information Extraction)
dataset [52] (second stage). We experimented with two pre-trained variants of TrOCR:

• Pre-trained TrOCR small (https://huggingface.co/microsoft/trocr-small-printed, ac-
cessed on 20 June 2024): This variant comprises 62 M parameters and employs the
DeiTsmall visual transformer [53] (12 layers with 384 hidden sizes and 6 attention
heads) for the encoder architecture. Furthermore, the MiniLM [54] transformer (a
lightweight language model released by Microsoft consisting of 6 layers, 256 hidden
sizes, and 8 attention heads) is used for the decoder architecture.

• Pretrained TrOCR large (https://huggingface.co/microsoft/trocr-large-printed, ac-
cessed on 20 June, 2024): This variant comprises 558 M parameters and employs
(BEiTlarge) the visual transformer [48] (24 layers, 1024 hidden sizes, and 16 attention
heads) for the encoder architecture. A large RoBERTa transformer [49] (12 layers,
1024 hidden sizes, and 16 attention heads) is used for the decoder architecture.

3.5. Evaluation Metrics

To evaluate the performance of each model, we used the following metrics: (1) training
time per epoch (timeepoch), (2) Character Error Rate (CER), (3) Word Error Rate (WER), and (4)
Levenshtein distance (Lev). The training time per epoch records the time taken to train each
OCR model for one epoch, defined as the ratio of the total training time to the number of epochs,

timeepoch =
time

nepochs
(2)

CER calculates the percentage of incorrectly identified characters relative to the total
number of characters,

CER =
nerrors

ncharacters
× 100 (3)

WER calculates the percentage of incorrectly identified words relative to the total number
of words,

WER =
nerrors

nwords
× 100 (4)

The Levenshtein distance between a pair of words measures the smallest number of edits
(insertions, deletions, or substitutions) needed to convert one word into another. We calculated
the average Levenshtein distance for all predicted and actual word pairs in the test dataset, as
shown in Equation (5).

AVR.Lev =
1

Ntest
×

Ntest

∑
i=1

Lev(wpred
i , wactual

i ) (5)

where Ntest is the size of the testing set and wpred
i and wactual

i represent the OCR prediction and
its corresponding ground truth word, respectively.

4. Experiment Setup

4.1. Dataset

We created two datasets from engineering documents from the shipyard and aviation
industries. The first dataset was manually annotated from nine ships’ maintenance docu-
ments provided by MSC. These documents include 2D ship drawings and textual content
that describes important information about the design and maintenance of the ships. Each
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document contains hundreds of lines representing the various textual styles and fonts
used in ships’ maintenance documentation. The dataset includes both low-quality and
high-quality documents. Figures 1–3 show three examples extracted from MSC engineering
documents. The text font in the example in Figure 1 is relatively easy to recognize, while
those in Figure 2 are more challenging. The example shown in Figure 3 contains multiple
distinct fonts. The second dataset was collected from aircraft design engineering draw-
ings available through AirCorps Library (https://app.aircorpslibrary.com/about, accessed
on 22 October 2024), which is an online repository that hosts engineering drawings and
technical manuals for WWII and legacy aircraft. An example of an AirCorps document is
illustrated in Figure 8. Although this dataset comes from a different industry, its textual
styles are similar to those found in the MSC documentation.

Figure 8. An example of an aircraft engineering drawing provided by AirCorps.

4.2. Data Annotation

These documents also include a variety of textual styles and, at times, unrecognized
fonts, which pose significant challenges for OCR systems to achieve high recognition
accuracy. We manually annotated two datasets of word-level images cropped from the MSC
engineering documents and AirCorps library documents. Figure 9 shows a few examples
of the annotated MSC dataset, while Figure 10 shows a few examples from AirCorps
documents. The MSC dataset consists of 4671 word images cropped from different sections
of the engineering documents, encompassing various fonts and styles commonly used
in ships’ maintenance documentation. We used this dataset to evaluate the performance
of our proposed OCR models in recognizing text with various fonts. The dataset was
randomly divided into a training set (80%) and a testing set (20%), with 3734 word images
used for training and 937 for testing. The AirCorps dataset consists of 1004 annotated word
images. This dataset was randomly split into a training set (80%) and a testing set (20%),
with 803 word images used for training and 201 for testing.
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Figure 9. Examples of annotated word images from MSC documents.

Figure 10. Examples of annotated word images from AirCorps documents.

4.3. Experiments

We conducted three experiments in this study. In the first experiment, we compared
the performance of fine-tuned TrOCR and KerasOCR models with a set of pre-trained OCR
models (pre-trained KerasOCR, TrOCR, EasyOCR, and Tesseract) on MSC and AirCorps
datasets. The goal was to evaluate the overall OCR performance of the transfer learning
approach applied to the MSC and AirCorps documents. In the second experiment, we
trained the ScabbleGAN model to augment our training dataset, and in the third experiment,
we assessed the impact of the data augmentation procedure on OCR performance. We
created two new datasets that included both the augmented word images and the manually
annotated samples to fine-tune the KerasOCR and TrOCR models. This experiment aimed
to evaluate the effect of the data augmentation technique introduced in this research on
OCR performance for MSC and AirCorps documents.

5. Experiment Results

5.1. Results by Pre-Trained Models on MSC Data

Table 1 reports the text recognition performance measured using WER, CER, and
Levenshtein distance metrics on MSC data. As expected, most of the pre-trained OCR
systems did not perform well on our data. The pre-trained Tesseract system had the highest
character and word error rates (13.14% and 32.34%, respectively), while the pre-trained
TrOCR system (large model) achieved the lowest character and word error rates (3.52%
and 12.47%, respectively) among the pre-trained models.
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Table 1. Results from the different models on the MSC testing dataset. ‘MSC’ refers to the fine-tuning
dataset collected from MSC documents, and ‘Aug’ denotes the augmented fine-tuning dataset.

OCR Model Strategy timeepoch CER (%) WER (%) AV R.Lev

Tesseract [30] pre-trained - 13.14 32.34 1.2166
EasyOCR [27] pre-trained - 10.43 30.09 0.6125
KerasOCR [19] pre-trained - 6.65 21.35 0.3724
TrOCR (small) [18] pre-trained - 5.54 20.89 0.3041
TrOCR (large) [18] pre-trained - 3.52 12.47 0.1931

KerasOCR w MSC [17] fine-tuned 8.42 3.17 11.21 0.1494
KerasOCR w Aug [17] fine-tuned 23.82 2.55 7.9 0.1419
TrOCR (small) w MSC fine-tuned 348.52 1.71 7.3 0.0939
TrOCR (small) w Aug fine-tuned 575.4 1.65 6.18 0.0907
TrOCR (large) w MSC fine-tuned 645.36 1.30 4.37 0.0715
TrOCR (large) w Aug fine-tuned 1311.2 0.09 3.94 0.005

5.2. Results of Data Augmentation Using MSC Documents

We trained ScrabbleGAN to generate synthetic word images for training, to replicate
the textual styles used in the provided engineering documents. All annotated data were
used to train ScrabbleGAN. Training images were resized to 32× 16n (with the height set to
32 pixels and the width varying according to the number of characters, n, in the word). We
trained the model using the default training parameters from the original model [45], except
for the batch size, which was set to 10, and the learning rate, set to 0.0002 for all networks
(R, G, and D). ScrabbleGAN was trained to produce uppercase English characters only. We
used the trained generator G in the inference step to create 3000 synthetic word images.
Figure 11 shows a few word-image samples from the synthetic data after 1000 epochs.

Figure 11. Synthetic samples generated by ScrabbleGAN [45].

5.3. Results by Fine-Tuned Models on MSC Data

For the evaluation of the different fine-tuned OCR models, we used 20% of the
annotated MSC data (937 word images from MSC documents) for testing. Then, we created
these fine-tuning datasets:

• MSC fine-tuning dataset (3734 word images): This dataset includes the remaining 80%
of the annotated set cropped from MSC data.

• Augmented MSC fine-tuning dataset (6734 word images): These data include these 3000
synthetic word images produced by ScrabbleGAN in addition to the MSC training dataset.
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KerasOCR was fine-tuned using a batch size of 32, the Adam optimizer with a learn-
ing rate of 0.001, and trained for 50 epochs (with early stopping after 20 epochs). The
same parameters were used to fine-tune KerasOCR on the augmented training set. The
small TrOCR model was fine-tuned using the AdamW optimizer (https://pytorch.org/
docs/stable/generated/torch.optim.AdamW.html, accessed on 20 December 2024) with
a learning rate of 0.00005, a batch size of 32, and 20 epochs. The large TrOCR model was
fine-tuned using the AdamW optimizer with a learning rate of 0.00005, a batch size of 16,
and 10 epochs. All the models were trained using an Nvidia A100 high-memory GPU
provided by Old Dominion University (https://wiki.hpc.odu.edu/en/open-ondemand,
accessed on 19 December 2024).

Results in Table 1 show that fine-tuning the KerasOCR model significantly improved
its performance. The word error rate (WER) was reduced from 21.35% to 11.21% and the
character error rate (CER) from 6.65% to 3.17% after fine-tuning with the MSC training
dataset, and these further dropped to 7.9% and 2.55%, respectively, after fine-tuning with
the augmented dataset. Fine-tuning the TrOCR (small) model with the MSC dataset
improved the WER from 20.89% to 7.3% and the CER from 5.54% to 1.71%. After fine-
tuning with the augmented dataset, the TrOCR (small) model continued to improve its
WER (6.18%) and CER (1.65%). In contrast, fine-tuning the TrOCR (large) model with
the MSC dataset improved WER and CER from 12.47% and 3.52% to 4.37% and 1.30%,
respectively. However, fine-tuning the model with the augmented dataset also improved
its performance, though not as much as the MSC dataset. The large TrOCR model has
significantly more parameters, and we hypothesize that it will require higher-quality data
to achieve better results. Overall, the transformer-based TrOCR (large), fine-tuned with
the augmented MSC dataset, achieved the best results with a WER of 3.94% and a CER of
0.09%. Transformer-based models require more time for fine-tuning; since fine-tuning is a
one-time task, it does not present a significant burden in practice.

5.4. Results by Fine-Tuned Models on AirCorps Data

We used 20% of the annotated AirCorps data (201 word images from AirCorps library
documents) for testing and created these fine-tuning datasets:

• AirCorps fine-tuning dataset (803 word images): This dataset includes the remaining
80% of the annotated set cropped from AirCorps library documents.

• Augmented AirCorps fine-tuning dataset (1802 word images): This dataset includes
1000 synthetic word images generated by the ScrabbleGAN model trained with the
MSC dataset in addition to the AirCorps fine-tuning dataset.

Note that we attempted to use the AirCorps fine-tuning dataset to train the Scrabble-
GAN model for augmentation. However, the synthetic images were of very low quality,
partially because the AirCorps fine-tuning dataset contains only 802 images, which is
insufficient to effectively train the ScrabbleGAN model. As an alternative, we randomly
selected 1000 synthetic images generated by the ScrabbleGAN model trained on the MSC
fine-tuning dataset to fine-tune the OCR models for recognizing the AirCorps dataset. We
did not use all 3000 synthetic images because doing so did not result in better outcomes.

The fine-tuning results for each OCR model on the AirCorps dataset are reported in
Table 2. The table shows that fine-tuning the large variant of TrOCR with the augmented
dataset improved performance by 4% in terms of word error rate. The synthetic training
samples generated by the ScrabbleGAN model, trained on MSC data, enhanced OCR
performance on the AirCorps dataset. This enhanced performance can be attributed to
the domain similarity, as both datasets consist of historical engineering drawings from
different industries. However, it should be noted that the smaller size of the AirCorps
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dataset resulted in higher word and character error rates compared to the MSC dataset.
While the augmentation procedure has demonstrated its effectiveness in improving OCR
performance with limited data availability, the findings suggest that larger annotated
datasets remain essential for achieving optimal OCR results across different domains.

Table 2. Results from the different models on the AirCorps testing dataset. ‘AirCorps’ refers to the
fine-tuning dataset collected from AirCorps repository documents, and ‘Aug’ denotes the augmented
fine-tuning dataset. We only report the ’fine-tuned’ models’ results.

OCR Model timeepoch CER (%) WER (%) AV R.Lev

KerasOCR w AirCorps [17] 4.36 8.2 27.63 0.4477
KerasOCR w Aug [17] 7.80 7.9 28.85 0.4328
TrOCR (small) w AirCorps 37.24 8.24 24.87 0.4477
TrOCR (small) w Aug 63.81 8.24 25.37 0.4477
TrOCR (large) w AirCorps 155.85 4.57 15.42 0.2478
TrOCR (large) w Aug 370.7 3.20 11.49 0.1741

5.5. Case Study for OCR on MSC Documents

Figures 12–14 show one high-quality example and two challenging examples of text
detection and recognition tasks by different models. For the high-quality example in
Figure 13, all models performed very well, with no missed words by any of the models,
and the fine-tuned KerasOCR models even achieved a 100% WER. The font used in this
example was easy to recognize, with a clean background and no curved or irregular text,
resulting in a low recognition error rate.

Figure 12 illustrates an example selected from a noisy MSC document. Overall, the
fine-tuned TrOCR models provided better performance than the KerasOCR models. In
some instances where the bounding box included more than one word (e.g., the word
‘PAINTING/COATING’), the fine-tuned TrOCR models failed to capture the complete
text, unlike the pre-trained TrOCR model. This is due to the training strategy used in this
research, which involved labeled word images, whereas the pre-trained TrOCR model was
trained on text-line images. Moreover, the large TrOCR model was more robust to the noisy
background than both the KerasOCR and small TrOCR models. For instance, the large
TrOCR model accurately recognized the words ‘ALL’ and ’NOTED,’ which were missed by
other models. Future research will explore generative deep learning approaches for image
enhancement. We expect that image enhancement and denoising techniques will further
improve OCR performance on noisy documents.

Figure 14 presents another challenging example featuring an irregular and hard-to-
recognize font. Both the fine-tuned and pre-trained KerasOCR models had low accuracy
rates in this case. However, the fine-tuned TrOCR models were able to recognize several
words, such as ‘BLEEDER’, ‘STEEL’, and ‘PLUG’. The large TrOCR model performed
slightly better than the small model. Similar to the first example, the fine-tuned TrOCR
models struggled with numerals. Although the large TrOCR model successfully identi-
fied some numerals, such as ‘101-001’, it failed to accurately recognize others, such as
‘9/16”’ and ‘1/2.” The proposed models also failed to recognize degraded words, such
as ‘BLEEDER’ (top left). Degraded text is a common issue in many low-quality MSC
documents. The current OCR solutions are inadequate for detecting such text, highlighting
the need for further research in this area.
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(a) (b)

(c) (d)

(e) (f)

Figure 12. Results by OCR models on a selected challenging document. (a) Pre-trained KerasOCR: 19
� vs. 9 ×. (b) Pre-trained TrOCR (large): 22 � vs. 6 ×. (c) Fine-tuned KerasOCR with MSC: 3 � vs.
25 ×. (d) Fine-tuned KerasOCR with Aug: 10 � vs. 18 ×. (e) Fine-tuned TrOCR (small) with MSC: 19
� vs. 9 ×. (f) Fine-tuned TrOCR (large) with MSC: 24 � vs. 4 ×.

(a) (b)

(c) (d)

Figure 13. Cont.
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(e) (f)

Figure 13. Results by OCR models on a selected high-quality MSC document. (a) Pre-trained
KerasOCR: 14 � vs. 3 ×. (b) Pre-trained TrOCR (large): 16 � vs. 1 ×. (c) Fine-tuned KerasOCR with
MSC: 16 � vs. 1 ×. (d) Fine-tuned KerasOCR with Aug: 16 � vs. 1 ×. (e) Fine-tuned TrOCR (small)
with MSC: 16 � vs. 1 ×. (f) Fine-tuned TrOCR (large) with MSC: 16 � vs. 1 ×.

(a) (b)

(c) (d)

Figure 14. Cont.
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(e) (f)

Figure 14. Results by OCR models on a selected challenging document featuring an irregular and
hard-to-recognize font. (a) Pre-trained KerasOCR: 11 � vs. 11 ×. (b) Pre-trained TrOCR (large): 17 �
vs. 5 ×. (c) Fine-tuned KerasOCR with MSC: 4 � vs. 18 ×. (d) Fine-tuned KerasOCR with Aug: 3 �
vs. 19 ×. (e) Fine-tuned TrOCR (small) with MSC: 16 � vs. 6 ×. (f) Fine-tuned TrOCR (large) with
MSC: 17 � vs. 5 ×.

6. Discussion

In this study, we fine-tuned several pre-trained OCR models using an annotated
dataset derived from MSC ships’ engineering documents. These documents are unique in
that they contain text written in various styles (both handwritten and printed) and different
fonts. The pre-trained OCR models evaluated in this study did not perform well in our
application, primarily because they were generally trained on public benchmark datasets
and are sensitive to the specific datasets used for training. Fine-tuning both KerasOCR and
TrOCR improved OCR performance. We reduced the word error rate from 12.47% with
the pre-trained large TrOCR model (trained on the SOIRE [52] dataset) to 4.37% with the
fine-tuned large TrOCR model and 3.94% with the fine-tuned large TrOCR model with
the augmented dataset. This improvement was even more significant with KerasOCR,
reducing the word error rate by 10% and the character error rate by 3% compared to its
pre-trained variant. Overall, we found that the transformer-based model (TrOCR) provides
better OCR output compared to the CRNN-based model (KerasOCR). The pre-trained large
version of TrOCR notably achieved better results than the other pre-trained models. This
performance may be attributed to the pre-training dataset used for TrOCR, which was
derived from the SROIE (Scanned Receipts OCR and Information Extraction) task. The
proposed augmentation procedure was effective in improving the OCR performance of
KerasOCR and TrOCR models on MSC data.

By analyzing several instances from MSC documents, we observed that OCR models
using the CRNN architecture, such as KerasOCR, are more sensitive to the quality of
input documents, while TrOCR demonstrated greater robustness to noise, unfamiliar fonts,
and irregular text styles, even with fewer training epochs. However, TrOCR’s improved
performance came with significant drawbacks. The training process for TrOCR, particularly
the large model, was much more time-consuming and required specialized computing
resources like high-memory GPUs, with KerasOCR being approximately 71 times faster.
Despite TrOCR’s strong performance in detecting a wide range of fonts and handling noisy
backgrounds, it still had limitations. The fine-tuned large TrOCR model struggled with
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identifying special characters, numerals, and degraded text, highlighting the need for fur-
ther improvements in these areas. To address this challenge, data augmentation techniques
can be employed to generate synthetic training samples, including a variety of numerals
and special characters with diverse fonts, orientations, and noise levels. Additionally, it can
be addressed by employing multi-task learning, where the OCR model is trained to jointly
optimize OCR performance with secondary tasks, such as numeral or symbol classification.

Pre-trained models, such as TrOCR, provide a strong starting point for OCR tasks.
However, their effectiveness is limited in domain-specific environments, such as those
with unique font styles, as they are primarily pre-trained on generalized OCR tasks. Train-
ing an OCR model from scratch is a resource-intensive process that requires substantial
amounts of annotated data. To address these challenges, several alternative approaches
can be employed. For example, integrating active learning strategies, where the model is
iteratively fine-tuned on high-uncertainty samples identified during inference, can improve
its adaptability to unseen domains. Another promising approach is meta-learning (learning
to learn), where the model learns from multiple tasks (e.g., engineering documents from
various industries) and generalizes knowledge across domains. Meta-learning involves
training at a higher level, enabling the model to adapt quickly to new tasks (domains).

Practical deployment of the proposed OCR systems presents significant challenges.
As shown in our results, the transformer-based OCR model (TrOCR) incurs a higher
computational cost compared to the traditional CRNN-based model (KerasOCR), primarily
due to its larger number of parameters. While CRNN models are faster to retrain and
simpler to deploy, they exhibit a higher error rate. To address the computational demands
of TrOCR in real-world settings, several strategies can be employed. One effective approach
is knowledge distillation, which transfers knowledge from a large, pre-trained “teacher”
model to a smaller, more efficient “student” model [1]. This technique enables the student
model to achieve accuracy comparable to the original TrOCR model while significantly
reducing computational costs. Another strategy is partial fine-tuning, where only a subset
of the TrOCR model’s layers—particularly the final layers—are fine-tuned, rather than
retraining the entire model. This targeted fine-tuning minimizes resource requirements
while effectively adapting the model to specific deployment contexts.

Finally, the limited availability of engineering documents poses a significant challenge
for training the OCR models. Capturing the diversity of fonts and textual styles in our
application requires more data, but collecting and annotating such data is time-consuming
and resource-intensive, making it impractical for similar digitization efforts. To address this
issue of data scarcity, we implemented a generative deep learning model, ScrabbleGAN,
for data augmentation. This model was trained to generate synthetic images by replicating
the fonts used in the original documents, providing a partial solution to the limited dataset
problem. While this approach significantly improved the performance of the KerasOCR
model, it had much less effect on the fine-tuned TrOCR model, partially because the
transformer-based model already has very good results. We hypothesize that the large
transformer model, with its significantly higher number of parameters, requires more high-
quality data for effective fine-tuning. We will continue to explore new methods to increase
the availability of data for fine-tuning. The variability of documents across industries (e.g.,
shipbuilding vs. automobile) underscores the necessity of adapting pre-trained models to
unseen data, highlighting the importance of continued research to enhance OCR models.

7. Conclusions

In this study, we proposed a deep learning OCR pipeline that integrates transformers
and generative models for text recognition, data augmentation, and image enhancement.
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Using a dataset of annotated engineering documents provided by MSC, we fine-tuned
the text recognition module within our pipeline. The fine-tuning process significantly im-
proved the OCR performance of both the pre-trained CRNN and transformer-based models,
with the fine-tuned transformer model outperforming all competitors and demonstrating
substantial gains. As our future work, we plan to explore cutting-edge deep generative
models, such as diffusion models, to enhance document cleaning and reduce background
noise. Although the augmentation procedure slightly improved the performance of the
fine-tuned KerasOCR model, it had minimal impact on the transformer-based model. Fu-
ture research will focus on refining our data augmentation techniques to generate more
realistic and effective training images.
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Abstract: Leveraging its high accuracy and stability, deep-learning-based coronary artery detection
technology has been extensively utilized in diagnosing coronary artery diseases. However, traditional
algorithms for localizing coronary stenosis often fall short when detecting stenosis in branch vessels,
which can pose significant health risks due to factors like imaging angles and uneven contrast agent
distribution. To tackle these challenges, we propose a preprocessing method that integrates Hessian-
based vascular enhancement and image fusion as prerequisites for deep learning. This approach
enhances fuzzy features in coronary angiography images, thereby increasing the neural network’s
sensitivity to stenosis characteristics. We assessed the effectiveness of this method using the latest
deep learning networks, such as YOLOv10, YOLOv9, and RT-DETR, across various evaluation metrics.
Our results show that our method improves AP50 accuracy by 4.84% and 5.07% on RT-DETR R101
and YOLOv10-X, respectively, compared to images without special pre-processing. Furthermore,
our analysis of different imaging angles on stenosis localization detection indicates that the left
coronary artery zero is the most suitable for detecting stenosis with a AP50(%) value of 90.5. The
experimental results have revealed that the proposed method is effective as a preprocessing technique
for deep-learning-based coronary angiography image processing and enhances the model’s ability to
identify stenosis in small blood vessels.

Keywords: coronary artery angiography; image fusion; deep learning; stenosis localization;
vascular enhancement

1. Introduction

Coronary artery disease (CAD) is a cardiovascular condition characterized by the
narrowing and hardening of arteries, which impedes blood flow to the heart [1]. CAD is a
prevalent global health concern, with its incidence rising at an alarming rate. This disease
not only increases mortality and morbidity but also significantly diminishes patients’ qual-
ity of life and imposes a substantial burden on healthcare systems worldwide [2]. Coronary
angiography has traditionally been regarded as the ‘gold standard’ for diagnosing coronary
artery disease (CAD). Invasive coronary angiography (ICA) plays a vital role in identifying
arterial stenosis and is extensively employed in clinical settings. The procedure involves the
injection of a radiopaque contrast agent into the coronary arteries, followed by visualization
using a sequence of X-ray images [3]. Clinically, the severity of CAD is often assessed by
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measuring the percentage of stenosis, a process largely dependent on the physician’s visual
evaluation. Typically, a stenosis of 50% is the threshold for contemplating coronary revascu-
larization, whereas a stenosis of 70% indicates significant clinical lesions [4]. However, this
technique has limitations. The diagnosis relies on the personal experience and judgment
of radiologists, and this subjectivity may lead to low reproducibility of diagnostic results.
Differences in fatigue and experience levels among physicians can also result in incorrect
diagnoses. Additionally, the quality of traditional angiographic images may be affected by
factors such as radiation dose limitations, poor imaging angles, and uneven distribution of
contrast agents, leading to low contrast and image blurring. These issues make accurate
manual assessment of coronary artery stenosis more complex [5]. Moreover, the anatomical
structure of coronary arteries varies significantly among individuals. This anatomical vari-
ability, combined with the complex three-dimensional structure of the coronary network,
makes accurate interpretation of angiographic images challenging. The dynamic nature
of blood flow and its interaction with the coronary artery walls add further complexity.
Variations in blood flow velocity and pressure during the cardiac cycle can cause changes
in the appearance of stenosis in angiographic images. This temporal variation requires
real-time assessment and advanced imaging techniques to capture the true extent of arterial
stenosis. Given these limitations, there is a critical need for advanced diagnostic methods
that can overcome these challenges.

The persistent challenges in diagnosing CAD have been significantly addressed
through the remarkable advancements in deep learning for image processing. Recently,
deep learning techniques, especially convolutional neural networks (CNNs), have facil-
itated more precise, stable, and reliable detection and quantification of stenosis. In the
existing literature, scholars have extensively researched various aspects of this complex
field. Some have focused on the extraction of blood vessels [6,7], while others have utilized
deep learning to precisely locate stenotic lesions [8,9]. Moreover, some have developed
deep learning models for the non-invasive estimation of fractional flow reserve (FFR)
from angiographic images [10]. Additionally, novel mathematical approaches have been
proposed to calculate stenosis rates [11], while groundbreaking research often emphasizes
stenotic areas within the aorta, it tends to overlook the crucial implications of stenosis in
the branch vessels. This gap in research is primarily due to difficulties such as overlapping
vessels, inconsistent distribution of contrast agents, and less-than-ideal imaging angles,
which collectively impede the clear visualization of branch vessels. Other algorithms that
focus on segmentation are challenging to apply in real-time clinical detection. Additionally,
researchers often concentrate on analyzing images from the zero angle while neglecting
the reference value of other imaging angles for comprehensive clinical diagnosis. Conse-
quently, the detection of stenosis in comprehensive coronary angiography remains a highly
promising but complex field of study. Addressing this critical issue could substantially
enhance our capacity to diagnose and treat stenotic conditions within the intricate network
of coronary arteries.

To effectively address the intricate challenges posed by the coronary arterial network,
characterized by numerous branches and complex geometries, one promising approach
is the application of Hessian-matrix-based filtering to enhance the visualization of blood
vessels [12]. This method utilizes the natural relationships between the eigenvalues of the
Hessian matrix to identify and extract the tubular structures of blood vessels in medical
imaging. The Hessian-based Frangi vesselness (HFV) filter has notably become a key
tool for vascular enhancement and quantification, as evidenced by its extensive applica-
tion across numerous research studies [13–15]. Moreover, in our previous research [16],
processing coronary angiography images with the HFV filter improved their appearance
and helped deep learning networks better learn stenotic features. Additionally, advanced
hybrid enhancement techniques have been developed, integrating approaches like region
growth with the HFV filter. These methods aim to improve image background clarity and
reduce noise levels more effectively [17,18]. However, most of the articles on HFV have
emphasized its contributions to image enhancement, and few researchers have considered
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whether the enhanced images can help deep learning networks better learn difficult-to-
recognize features. Alternatively, it might be that, due to the limitations in deep learning
network development at the time of those studies, convincing results could not be achieved.

In the field of CNN-based approaches, substantial progress has been made in different
facets of stenosis identification and detection. For instance, a fundamental CNN structure,
slightly adjusted in its layers, was utilized for identifying stenotic regions in angiographic
images in 2018. The experimental findings revealed that networks initially trained on
synthetic data and subsequently fine-tuned with clinical datasets achieved a remarkable
accuracy of around 90%, surpassing the performance of conventional feedforward neural
networks [19]. Research into transfer learning has involved fine-tuning pretrained convolu-
tional neural networks (CNNs) with synthetic datasets. Findings indicated that leveraging
the top three layers of a pretrained CNN as feature extractors yielded significant results in
the detection of stenosis [20]. Based on these advancements, researchers have developed
an entirely automated method called CathAI to analyze coronary artery stenosis in conven-
tional coronary angiography. This method significantly improves the standardization and
reproducibility of angiographic coronary artery stenosis assessment [21].

Recent advancements in the field of blood vessel segmentation have led to the develop-
ment of numerous models and tracking-based techniques. The methodologies encompass
various techniques like multiscale Gabor filtering [22], Hessian filtering coupled with
flux flow measurement [23], and segmentation methods based on active contours [24]. In
addition, the adoption of deep learning strategies, notably employing long short-term
memory recurrent neural networks [25], has markedly enhanced performance and driven
progress in this domain. As transformer technology continues to mature, its application in
processing and segmenting medical images has become a leading trend, with numerous
outstanding methods emerging in recent years [26–28]. These varied approaches together
form a comprehensive suite of techniques designed to advance our knowledge and improve
our abilities in medical image analysis, with a particular focus on the detection of coronary
artery stenosis and the segmentation of blood vessels.

Our approach differs from our previous work [16] in the following aspects:

1. Application of advanced deep learning networks: We have employed the most cutting-
edge deep learning networks to analyze coronary artery detection image datasets.
This includes both an overall analysis of the dataset and specific analyses of the
different imaging angles, which was not explored in the previous study.

2. Enhanced data annotation: We significantly increased the labeling of stenosis in branch
vessels. In [16], due to detection accuracy limitations, the possibility of detecting
stenosis in branch vessels was nearly abandoned, despite the fact that stenosis in
these vessels poses significant clinical health risks. This change improves the clinical
application potential of our method.

3. Incorporation of additional data: We have acquired additional data, including cases
from older patients. Many of these images contain artifacts, such as stents from
previous surgeries, which introduce noise. The inclusion of this data has increased the
diversity of our dataset and further enhanced the practical applicability of our method.

4. Latency testing: We measured the latency of our method compared to processing
raw images directly. Latency is a crucial factor for real-time clinical detection, and by
measuring this, we can assess whether our method is suitable for further development
and application in real-time detection.

In this research, we adopted the preprocessing technique proposed in [16] aimed at
improving coronary artery imagery by integrating Hessian matrix multiscale filtering with
image feature fusion. Our method leverages image fusion to preserve a maximum number
of features, facilitating the identification of small or distal vessels. Initially, we applied
HFV filtering to enhance the visibility of blood vessels in angiographic images, followed
by image fusion to emphasize these vessels. Subsequently, we trained and compared the
performance of various deep learning networks under the same conditions, evaluating the
influence of preprocessing on their effectiveness. We also examined how different imaging
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angles affect the localization of stenosis. The experimental results demonstrated that our
approach yielded satisfactory detection results.

2. Materials and Methods

Regarding the methodology, we utilized two datasets: the raw data as the original
dataset and a preprocessed dataset. For the latter, we applied our preprocessing method,
which involves first using the HFV filter followed by image fusion techniques to further
enhance the images. We then used these two datasets to test various deep learning net-
works and evaluate their performance on each dataset. Section 2 is organized into four
categories: materials are described in Section 2.1, followed by the preliminaries, including
the preprocessing method in Section 2.2. The model explanation is provided in Section 2.3,
and the evaluation indicators are listed in Section 2.4.

2.1. Materials

This study employed a dataset consisting of information from 40 patients who under-
went coronary angiography at Hokkaido University Hospital. Experienced radiologists
carefully diagnosed all angiographic images and video recordings, ensuring the precision
and reliability of the clinical data. For image analysis purposes, the continuous video
streams for each patient were segmented into individual frames at a uniform rate of
15 frames per second. In our experiment, we manually classified a total of 400 contrast
images into two categories: right coronary artery (RCA) and left coronary artery (LCA).
Each category encompassed three distinct imaging angles: left anterior oblique (LAO),
right anterior oblique (RAO), and the ZERO angle.

2.2. Preprocessing Approaches
2.2.1. HFV Filter

Enhancement filters are essential for improving the clarity and detail of images from
various modalities like X-ray, MRI, CT, and ultrasound. These improvements are crucial
for medical professionals in diagnosing and monitoring a range of diseases. Techniques
that use differential information, such as the second derivative or the Hessian matrix, are
commonly employed to highlight vessel structures within the images. Through differential
analysis, these methods greatly enhance the visibility of blood vessels, making them vital
tools for medical image segmentation and analysis.

This method utilizes eigenvalue analysis of the Hessian matrix (H(x, y)) to detect
vessel-like structures in an image. We denote the source image as I(x, y). To achieve a
continuous Hessian matrix, it is convolved with a two-dimensional (2D) Gaussian filter.
The convolution of the Gaussian filter with the Hessian of the image I(x, y) is represented
in Equation (1).

H(x, y) ≈ G ∗

⎡
⎣ ∂2 I

∂x2
∂2 I

∂x∂y
∂2 I

∂y∂x
∂2 I
∂y2

⎤
⎦ =

⎡
⎣ ∂2G

∂x2
∂2G
∂x∂y

∂2G
∂y∂x

∂2G
∂y2

⎤
⎦ ∗ I(x, y) (1)

Analyzing the sign and magnitude of Hessian eigenvalues can greatly improve the
detection of local image structures. Consequently, the eigenvalues and eigenvectors of
H(x, y) are calculated to obtain contrast and orientation information at every point in
the image. This decomposition provides two eigenvalues, labeled (λ1, λ2), along with
their corresponding eigenvectors (ū1, ū2). These components are examined to identify
structures such as blobs, tubes, or plates within the image. Given our focus on blood-vessel-
like structures, these can be characterized by the conditions |λ1| ≈ 0, |λ1| � |λ2|, with
ū1 indicating the vessel’s direction. Additionally, λ2 tends to be negative when vessels
appear as bright tubes against darker backgrounds. This information is crucial for ensuring
consistency and excluding non-vessel structures from the analysis. The Frangi vesselness
function is defined accordingly:
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The parameter RB measures the eccentricity of objects within a 2D image, while S
evaluates “structureness”, distinguishing background areas. Since the background lacks
distinct structures, its contrast is minimal, resulting in low S values. Conversely, areas with
structures exhibit high S values. The sensitivity of the line filter to the parameters RB and S
is regulated by the thresholds β and c. Typically, β is set to 0.5, and c is adjusted based on
the vessels’ gray-level intensity. Applying this filter to an image yields response values,
with higher values indicating vessel pixels and lower values indicating background pixels.

2.2.2. Image Fusion

Medical image fusion is a crucial technique that combines multiple images from one
or various imaging modalities within the medical domain. The main objective of this
process is to enhance image quality while maintaining and emphasizing features important
for clinical purposes. This enhancement boosts the clinical usefulness of these fused im-
ages for diagnosis and evaluation. The scope of medical image fusion includes numerous
scientific fields such as image processing, computer vision, pattern recognition, machine
learning, and artificial intelligence. Its wide range of applications across different clinical
situations allows physicians to obtain a detailed understanding of pathological lesions by
integrating images from diverse modalities. This innovative approach equips healthcare
professionals with more comprehensive and informative visual representations of medi-
cal data, facilitating more faithful diagnoses and better-informed treatment suggestions
and decisions.

Within medical image fusion techniques that utilize the intensity–hue–saturation
(IHS) model, the pivotal step is the IHS transform. This process begins with the input
medical image, typically encoded in red–green–blue (RGB) color channels, undergoing
conversion via the RGB-IHS transform. This conversion translates the image into the IHS
color space, which includes intensity, hue, and saturation components, resulting in a matrix
representation of the image within this alternative color space. To reconstruct the fused
medical image, the inverse IHS transform is applied. In this methodology, two medical
images from different imaging modalities are first converted to the IHS color space through
the RGB-IHS transform. The final fused image is created by reversing this transformation
utilizing the IHS-RGB transform:

I =
R + B + G

3
(4)

⎧⎪⎨
⎪⎩

H = G−B
3I−3B , S = I−B

I if B < R, G,
H = B−R

3I−3R , S = I−R
I if R < B, G,

H = R−G
3I−3G , S = I−G

I if G < R, B

(5)
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⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

R = I(1 + 2S − 3S × H),
G = I(1 − S + 3S × H),
B = I(1 − S) if B < R, G,
R = I(1 − S),
G = I(1 + 5S − 3S × H),
B = I(1 − 4S + 3S × H) if R < B, G,
R = I(1 − 7S + 3S × H),
G = I(1 − S),
B = I(1 + 8S − 3S × H) if G < R, B

(6)

This innovative approach harnesses the benefits of the IHS color space, enabling
the merging of various imaging modalities into a cohesive representation that preserves
essential characteristics. This enhances clinical interpretation and analysis significantly.

2.3. Model Descriptions
2.3.1. Region-Based Fully Convolutional Networks

Region-Based Fully Convolutional Networks (R-FCN) are advanced deep learning
models designed for detecting targeted objects in scenarios. By merging the advantages
of Region-based Convolutional Neural Networks (R-CNN) and Fully Convolutional Net-
works (FCN), R-FCN ensures both efficient and precise object detection. According to [29],
the R-FCN architecture consists of four essential components: the Region Proposal Net-
work (RPN), the Residual Network (ResNet), the classification module, and the regression
module. Each of these elements plays a vital role in the network’s overall performance.

In a manner similar to Faster R-CNN, the main role of the Region Proposal Network
(RPN) in R-FCN is to generate region proposals, identifying potential Regions of Interest
(RoIs) within the input image. These region proposals allow subsequent convolutional
operations to be applied across the entire image, aiding in the computation of weight
layers. The process in R-FCN starts with resizing input images to maintain a consistent
short-side dimension. These resized images are then processed for feature extraction using
ResNet-101, which comprises five convolutional blocks. Specifically, the output from the
fourth convolutional layer of ResNet-101 serves as the input to the RPN.

Given the high dimensionality present in the output of the fifth convolutional layer
of ResNet-101, it is essential to reduce the number of channels by integrating additional
convolutional layers. This adjustment generates a 1024-dimensional feature map. After this
feature extraction stage, the network introduces two parallel convolutional layers dedicated
to classification and regression tasks. Position-sensitive score maps, sized k2(C + 1) for
classification and 4k2 for regression, are produced to incorporate positional information.
In the network’s final stages, these position-sensitive score maps are pooled with the
Regions of Interest (RoIs) extracted earlier by the RPN. This pooling process yields the
classification and regression outcomes, showcasing the network’s proficiency in identifying
and localizing objects within the input images.

2.3.2. YOLO Series
Core Concept

The fundamental concept of the YOLO (You Only Look Once) series is to convert
object detection into a regression task. This methodology involves using the whole image
as input to the neural network, which subsequently forecasts the locations of the bounding
boxes along with their associated classes.

1. Image Division: YOLO divides the input image into a fixed-size grid.
2. Predicting Bounding Boxes and Classes: In each grid cell, YOLO estimates a set

number of bounding boxes (usually 5 or 3). Every bounding box is defined by five key
attributes: the center coordinates, width, height, and the confidence score indicating
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the likelihood of an object being present. Furthermore, each bounding box also
predicts the class of the detected object.

3. Single Forward Pass: YOLO uses a single forward pass through a CNN to predict all
bounding box positions and classes simultaneously. This approach provides faster
speed compared to other object detection algorithms, such as those based on sliding
windows or region proposals, because it only requires one forward pass to complete
the prediction.

4. Loss Function: YOLO utilizes a composite loss function to optimize its network
training, which comprises location loss, confidence loss, and class loss. The location
loss quantifies the discrepancy between the predicted bounding boxes and the actual
ground truth bounding boxes. The confidence loss assesses the correctness of the ob-
ject predictions and penalizes incorrect predictions for background areas. Finally, the
class loss evaluates the accuracy of the object class predictions made by the network.

5. Non-Maximum Suppression (NMS): Among the predicted bounding boxes, multiple
overlapping boxes may represent the same object. To eliminate redundant boxes,
YOLO uses the non-maximum suppression algorithm, which selects the best bounding
box based on confidence and overlap.

Structure

The architecture of object detectors in the YOLO series is generally divided into
three segments: Backbone, Neck, and Head. The Backbone, which is often a pre-trained
convolutional neural network, is responsible for extracting hierarchical features from the
input image, identifying low-level features such as edges and textures in the initial layers
and high-level features like object parts and semantic content in the deeper layers. The
Neck serves as a bridge between the Backbone and the Head, refining the features extracted
by the Backbone and enhancing both spatial and semantic information through additional
convolutional layers, Feature Pyramid Networks (FPN), or other similar mechanisms. The
Head is the final part, making predictions based on the refined features from the Backbone
and Neck. It handles tasks like classification, localization, and instance segmentation,
with Non-Maximum Suppression (NMS) used in post-processing to eliminate overlapping
predictions and retain only the most confident detections [30].

YOLOv8

YOLOv8 [31] builds upon the previous successful YOLO versions by introducing in-
novative features and enhancements aimed at improving both performance and flexibility.
This version is crafted to be swift, precise, and easy to use, making it an outstanding option
for tasks such as object detection, image segmentation, and image classification. Among
its key advancements are a redesigned backbone network, an Anchor-Free detection head,
and a novel loss function that combines two types of loss: classification loss (Varifocal Loss,
VFL) and regression loss (Complete-IoU, CIOU + Deep Feature Loss, DFL). Furthermore,
YOLOv8 maintains compatibility with earlier YOLO versions, allowing for effortless tran-
sitions between versions and facilitating performance evaluations. In addition to object
detection, YOLOv8 is versatile enough to handle various tasks, including instance seg-
mentation and keypoint detection, supported by a strong community and ecosystem that
ensure ongoing development and assistance.

YOLOv9

The YOLOv9 model [32] presents a novel approach called Programmable Gradient
Information (PGI), which enhances deep networks’ adaptability to achieve multiple goals.
PGI enables the provision of extensive input data for specific tasks to compute objective
functions, ensuring accurate gradient information for network weight updates. Addition-
ally, a new lightweight architecture, the General Efficient Layer Aggregation Network
(GELAN), designed using gradient path planning, has been introduced. GELAN’s architec-
ture showcases the effectiveness of PGI in lightweight models.
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The main contributions of YOLOv9 include the following: First, a theoretical analysis
of existing deep neural network architectures from the standpoint of reversible functions,
which clarifies previously complex phenomena. This analysis led to the development of
PGI and auxiliary reversible branches, which achieved remarkable results. Second, PGI
overcomes the limitation of applying deep supervision exclusively to very deep neural
networks, making it feasible to use new lightweight architectures in everyday applications.
Third, GELAN, using only traditional convolutions, achieves superior parameter utilization
compared to state-of-the-art deep convolutional designs, while being lightweight, fast,
and accurate.

YOLOv10

YOLOv10 [33], developed by researchers using the Ultralytics Python package, in-
troduces several advancements over previous versions. Typically, the YOLO family of
methods employs Task Alignment Learning (TAL) during training to assign multiple
positive samples to each instance. This one-to-many assignment generates rich supervi-
sory signals, promotes optimization, and achieves excellent performance. However, this
approach necessitates reliance on NMS post-processing, which can result in suboptimal
inference efficiency when deployed. Although earlier studies have investigated one-to-one
matching to reduce redundant predictions, these approaches frequently result in increased
inference overhead or yield less than ideal performance.

In [33], the authors propose a YOLO training strategy that eliminates the need for
NMS by adopting dual label assignment and consistent matching metrics to achieve high
efficiency and competitive performance. Unlike one-to-many assignment, one-to-one
matching assigns only one prediction to each ground truth, avoiding the necessity of NMS
post-processing but leading to weaker supervision, which can result in suboptimal accuracy
and convergence speed. This issue can be mitigated by one-to-many assignment. To address
this, the authors introduce dual label assignment for YOLO, combining the advantages of
both strategies. The various components of YOLO are comprehensively optimized from the
perspective of efficiency and accuracy, significantly reducing computational overhead while
enhancing capabilities. Extensive experiments demonstrate its excellent accuracy–latency
trade-off across multiple model sizes.

2.3.3. Real-Time Detection Transformer

The Real-Time Detection Transformer (RT-DETR) [34] is an advanced object detec-
tion model designed for real-time applications. This model synergizes two noticeable
methodologies in object detection: Transformer and Detection Transformer (DETR). The
Transformer, initially developed for natural language processing tasks, has demonstrated
remarkable success in sequence modeling within the domain of computer vision. DETR
revolutionizes object detection by framing it as an object query problem, which is then
addressed using the Transformer architecture. RT-DETR builds upon the foundational
structure of DETR, incorporating a series of enhancements that enable efficient real-time
object detection.

DETR [35], proposed by the Facebook AI research team, employs Transformer for
encoding and decoding in an end-to-end object detection model. In contrast to conventional
object detection techniques, DETR redefines the object detection task as an object query
problem. This approach interprets each pixel position in the image as a query vector, which
is transformed into a collection of feature vectors via a Transformer encoder. Subsequently,
the model employs a decoder to predict the category, bounding box coordinates, and object
feature vector for each detected object by interacting with the query vectors.

RT-DETR maintains the same encoder and decoder structure as DETR but introduces
several optimizations. Firstly, RT-DETR minimizes computational expenses by utilizing
smaller feature maps. Secondly, it reduces the model parameters by using a fewer number
of attention heads. Moreover, RT-DETR incorporates an innovative grouped attention
mechanism to improve performance.
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Specifically, the encoder of RT-DETR uses a ResNet50 network but retains only its first
four residual blocks to reduce the feature map size. The decoder includes a Transformer
decoder and an object embedding network. Unlike DETR, RT-DETR’s Transformer decoder
has only two attention heads instead of eight. Moreover, RT-DETR employs a new grouped
attention mechanism, dividing attention calculations into multiple groups to improve
computational efficiency. The object embedding network is used to integrate the feature
vector of each object into the model for subsequent tasks.

2.4. Evaluation Indicators
2.4.1. AP50(%)

AP50(%) represents a distinct form of the Average Precision (AP) metric, defined by
setting the Intersection over Union (IoU) threshold to 0.50. This metric encapsulates various
sub-metrics to provide a comprehensive evaluation:

• Intersection over Union: This metric evaluates the extent of overlap between the
predicted bounding boxes and the actual bounding boxes. This metric offers a measure
of the model’s accuracy in localization. IoU is computed by dividing the area of
intersection between the predicted and ground truth boxes by the area of their union.

• IoU Threshold: In order for a prediction to be classified as a True Positive (TP), the
Intersection over Union between the predicted bounding box and the actual ground
truth box must surpass a predefined threshold. For the AP50(%) metric, this threshold
is established at 0.50.

• Precision: This metric indicates the precision of the model’s positive predictions. It is
determined by dividing the number of true positive outcomes by the total number of
true positive and false positive outcomes.

Precision =
TP

TP + FP
(7)

• Recall: This metric evaluates the model’s effectiveness in recognizing all pertinent
instances. It is calculated by dividing the number of true positives by the combined
total of true positives and false negatives.

Recall =
TP

TP + FN
(8)

• Average Precision: The Average Precision metric encapsulates the precision–recall
relationship by calculating the area under the precision–recall curve. This metric
signifies the model’s overall precision when considering all levels of recall.

AP =
∫ 1

0
Precision(Recall) d(Recall) (9)

2.4.2. APval(%)

The metric APval(%) offers a more thorough assessment of a model’s performance by
evaluating both precision and recall across various IoU thresholds, rather than focusing
on just one. This measure generally represents the Average Precision computed over a
range of IoU thresholds, typically from 0.50 to 0.95, in increments (e.g., every 0.05). In some
benchmarks, this is referred to as mAP (mean Average Precision).

APval(%) =
1
n

k=1

∑
k=n

APk (10)

Here, n denotes the quantity of IoU thresholds evaluated, while APk signifies the mean
precision for class k.
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3. Experiments and Results

3.1. Experiments
3.1.1. Data Acquisition

Given the fluctuations in contrast agent distribution across different angiography
stages, which impact the clarity of vascular images, we meticulously selected 400 represen-
tative images from our dataset to develop the model. These images were primarily taken
during the mid-phase of coronary angiography, ensuring uniform contrast agent presence
within the vessels. For the annotation of stenotic regions, we used MATLAB R2022a and
adopted a structured method. Radiologists from Hokkaido University Hospital, with con-
siderable expertise, diagnosed the patients, and we used these diagnoses to annotate the
images. Our focus was on areas with stenosis rates greater than 50%, given their higher risk
and enhanced visibility. We then categorized the dataset based on the imaging angles used
in the coronary angiography. There are a total of 280 images for the LCA and 120 images
for the RCA. We have further classified these images based on zero LAO and RAO angles.
The detailed data distribution is presented in Table 1.

Table 1. Data distribution.

Imaging Angles Numbers Training Validation Testing

LCA zero 109 76 16 17
LCA LAO 96 67 14 15
LCA RAO 75 53 11 11
RCA zero 30 21 5 4
RCA LAO 51 36 8 7
RCA RAO 39 27 6 6

SUM 400 280 60 60

3.2. Data Preparation

Firstly, we applied our proposed preprocessing technique to the dataset, which aimed
to enhance the image quality of the inputs. We then randomly divided the enhanced images
into three sets: 70% for training, 15% for validation, and 15% for testing. To tackle the
challenge of limited data and to strengthen our model’s robustness, we employed several
augmentation methods. Specifically, we rotated the images in 5-degree steps within a range
of −45° to 45°. Additionally, we utilized several other augmentation techniques, including
horizontal and vertical flips, to further diversify our dataset. These augmentations helped
replicate various clinical conditions, thereby improving our model’s ability to generalize to
new, unseen data. This approach expanded our training dataset to 7320 images, significantly
increasing its diversity and generalizability. Moreover, each image was resized to a uniform
dimension, ensuring standardized input for the model during training.These steps are
completed using Matlab2022a.

3.3. Model Training and Evaluation

We implemented multiple deep learning frameworks to develop models using this
enhanced dataset, assessing their capability to identify the stenosis features in vascular
structures. The frameworks utilized in our study comprised R-FCN, YOLOv8, YOLOv9,
YOLOv10, and RT-DETR. Importantly, to guarantee that the results were solely due to
training on our particular dataset, all models were trained from the ground up without
any pre-trained weights. We adjusted the data structure according to the corresponding
repositories and each model’s performance was assessed under consistent conditions,
emphasizing their efficiency on both preprocessed and unprocessed images.

To thoroughly analyze coronary angiography images, we carried out a quantitative
performance evaluation, focusing on the models’ proficiency in accurately detecting and
outlining stenotic regions. For the evaluation, we used the metrics APval(%) and AP50(%)
to define the models’ capability in recognizing and portraying stenotic areas. Additionally,
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we tested the latency of each model using original coronary stenosis detection videos to
assess their real-time performance.

To further ensure a thorough and unbiased evaluation, we implemented a rigorous
validation approach. Each model was trained multiple times with different random ini-
tializations to account for variability in training outcomes. The performance metrics were
averaged over these multiple runs to obtain reliable and consistent results.

3.4. Results

We conducted a comparative analysis to assess the effectiveness of applying HFV
filter preprocessing and image fusion versus using raw images on the performance of deep
learning models for detecting stenosis. Additionally, we compared the performance of the
optimal model on images taken from different imaging angles. To conduct this comparison,
we implemented the HFV filter to preprocess the images, enhancing the visibility of fine
vascular structures by emphasizing high-frequency components. We then fused these
filtered images with the raw images to create a composite input that combines the benefits
of both preprocessing techniques. The objective was to determine whether this fusion
approach could improve the model’s ability to detect stenotic regions compared to using
source images alone.

Upon completing the image preprocessing, we proceeded with the essential task of
marking the locations of stenosis within the main and branch vessels, especially where
the stenosis rate exceeded 50%, based on the diagnostic information provided by medical
experts. For clarity and ease of reference, we include here Figure 1, with each part of the
figure highlighting different characteristics of our investigation. Figure 1(a1–f1) display the
original, unprocessed image, which serves as the baseline for our observations. In contrast,
Figure 1(a2–f2) show the image after preprocessing with the HFV filter, demonstrating
the enhancements achieved through this technique. Finally, Figure 1(a3–f3) showcase
the results of the image fusion process, highlighting the combination of the preprocessed
image with the original. These visual portrayals clearly exhibit the success of our image
processing techniques.

The application of the HFV filter significantly improves the visibility of vascular
features, particularly the primary vessels, while also reducing background noise. For
example, Figure 1(a2) demonstrates a clearer portrayal of tubular structures. Nevertheless,
the filter also introduces some pseudo-vessels that mimic branch vessel shapes throughout
the image. These artificial structures appear convincing but are located in regions of the
original image that either lack vessels or contain blurred vessels. Similarly, Figure 1(b2)
illustrates this effect, where the HFV filter enhances noticeable features but diminishes
small vessels in areas with low contrast.

To maximize the enhancement of vascular features in the image while maintain-
ing the intricate details of fine vessels, we explored image fusion as a viable approach.
Figure 1(a3–f3) clearly display the outcomes of applying this image fusion method to
processed images from six distinct imaging angles. This technique allowed us to preserve
the key features of the original images effectively. At the same time, it significantly reduced
noise and random morphological features that could potentially appear as vessel-like
structures due to the application of the HFV filter. By doing so, we ensured that our deep
learning models received high-quality input images, thereby improving their ability to
accurately detect and delineate stenotic regions, leading to more reliable and efficient
coronary artery analysis. Additionally, based on our testing, the execution time for the
preprocessing module alone was measured to be 37.1 ms on average. This additional
time should be taken into account when evaluating the overall system performance in
real-time scenarios.
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(a1) (a2) (a3) (b1) (b2) (b3)

(c1) (c2) (c3) (d1) (d2) (d3)

(e1) (e2) (e3) (f1) (f2) (f3)

Figure 1. The performance of the proposed preprocessing method applied to six imaging angles.
Specifically, (a1–f1) portray the original images from the dataset for the conditions of Left Coronary
Artery (LCA) zero, LCA Left Anterior Oblique (LAO), LCA Right Anterior Oblique (RAO), Right
Coronary Artery (RCA) zero, RCA LAO, and RCA RAO, respectively. The images (a2–f2) show the
results after applying the HFV filter to these original images. Finally, (a3–f3) illustrate the output
images following the application of the proposed preprocessing method. Moreover, (a1–f1) belong to
the initial image dataset, while (a3–f3) will be classified as the preprocessed image dataset for training.

To set a benchmark for our future experiments, we began by assessing the performance
of different neural network architectures using raw images. This extensive evaluation
included a variety of advanced models, namely, R-FCN-InceptionResNetV2, YOLOv8-X,
YOLOv9-E, YOLOv10-L, YOLOv10-X, RT-DETR R50, and RT-DETR R101. Our aim was
to measure the effectiveness of each model by determining the Average Precision at an
Intersection over Union threshold of 0.50. To maintain fairness, we trained and tested each
model under uniform conditions.

The experimental results indicated that R-FCN-InceptionResNetV2 achieved an AP50(%)
of only 47.6 on our raw dataset. This was the best-performing network in our previous
work [16]. In contrast, the more recently developed models, namely YOLOv8-X, YOLOv9-
E, YOLOv10-L, YOLOv10-X, RT-DETR R50, and RT-DETR R101, demonstrated AP50(%)
values of 77.3, 82.1, 78.2, 82.9, 74.6, and 82.7, respectively, on the same raw dataset. The
results are summarized in Table 2. This baseline performance evaluation provides a
critical reference for our subsequent experiments involving image preprocessing and
augmentation techniques. The findings suggest that while older architectures like R-FCN-
InceptionResNetV2 may struggle with complicated data, the latest models exhibit robust
performance, which could potentially be further enhanced with appropriate preprocessing
methods. This improvement also demonstrates the effectiveness of our approach in utilizing
more advanced models.
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Table 2. Performance Comparison of Different Models on Raw Dataset.

Model APval(%) AP50(%)

R-FCN-InceptionResNetV2 29.3 47.6
RT-DETR R50 45.7 74.6

YOLOv8-X 46.2 77.3
YOLOv10-L 47.3 78.2
YOLOv9-E 50.3 82.1

RT-DETR R101 50.5 82.7
YOLOv10-X 51.6 82.9

After completing experiments on the raw dataset, we reintroduced the neural networks
applied to the original images on the dataset processed by our preprocessing methods, and
examined their detection performance under the same conditions (We excluded the poorly
performing R-FCN-InceptionResNetV2 network). Additionally, we conducted latency tests
on these networks when applied to the preprocessed videos. We also recorded data from
the training processes of these networks. The results are summarized in Table 3.

Table 3. Performance Comparison of Different Models on Preprocessed Dataset.

Model Parameters (M) FLOPs(G) APval (%) AP50(%) Latency (ms)

RT-DETR R50 13.8 40.0 45.9 79.2 3.02
Yolov10-L 10.6 50.3 49.4 82.4 3.16
Yolov8-X 28.1 112.4 50.5 84.2 5.54
Yolov9-E 23.6 89.4 52.5 86.0 5.11

RT-DETR R101 25.1 98.6 53.8 86.7 4.51
Yolov10-X 12.2 65.3 53.9 87.1 4.43

Similar to the previous results, RT-DETR R50 remains the least accurate among the
six networks, although its accuracy has improved. At an IoU threshold of 0.50, the AP is
0.792. The YOLOv10-X network continues to be the best model, with an AP of 0.871 at an
IoU of 0.50, and an APval(%) of 53.9 when averaging the AP values across different IoU
thresholds. Comparing these networks horizontally, we can see that the detection results
become more precise with each update of YOLO. The RT-DETR-R101, which employs
Transformer technology, achieves detection accuracy comparable to YOLOv10-X. In terms
of latency, YOLOv10-X has a latency of 4.43 ms, which is lower than RT-DETR-R101’s
4.51 ms. These results highlight the improvements in detection performance after applying
our preprocessing methods. The YOLOv10-X model continues to lead in accuracy and
efficiency, emphasizing its suitability for real-time applications in detecting coronary artery
stenosis. The slight edge in latency performance of YOLOv10-X over RT-DETR-R101 further
reinforces its advantage in scenarios where processing speed is critical.

In Figure 2, we present a comparative image for the LCA zero angle. The image on the
left illustrates the detection outcomes when YOLOv10-X is applied to the original image,
whereas the image on the right displays the detection outcomes after applying YOLOv10-X
to the preprocessed image. Additionally, we have enlarged the detection boxes for a more
intuitive observation of the detection effects. By comparing the two images, it is evident
that the preprocessed image yields more accurate and clearer detection of stenotic regions.
The enlarged detection boxes highlight the enhanced ability of YOLOv10-X to identify
stenotic areas when the image preprocessing is applied.

To more intuitively demonstrate the advantages of our preprocessing approach in
terms of processing performance, including speed and accuracy, we have summarized the
latency and accuracy for both preprocessed and raw images in Table 4, and calculated the
improvement margins.
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Figure 2. Comparison of YOLOv10-X detection results on original image and preprocessed image.

Table 4. Comparison of Latency and Accuracy with and without Preprocessing.

Model

AP50(%) Latency (ms)

Original Preprocessed
Improvement

Margin(%)
Original Preprocessed

Improvement
Margin(%)

RT-DETR R50 74.6 79.2 6.17 2.73 3.02 −9.60
YOLOv8-X 77.3 84.2 8.95 5.05 5.54 −8.84
YOLOv10-L 78.2 82.4 5.37 2.77 3.16 −12.21
YOLOv9-E 82.1 86.0 4.79 4.58 5.11 −10.33

RT-DETR R101 82.7 86.7 4.84 4.04 4.51 −10.47
YOLOv10-X 82.9 87.1 5.07 3.90 4.43 −11.91

The above results indicate that while our preprocessing method improved the accuracy
of detecting stenotic regions, it also increased the processing time. In terms of accuracy,
our method had the greatest improvement on the YOLOv8-X model, achieving an 8.95%
increase, while the improvement on the YOLOv9-E model was the least, at 4.79%. Regard-
ing latency, our method had the most negative impact on the YOLOv10 models, with both
YOLOv10-L and YOLOv10-X experiencing approximately a 12% slowdown in processing
speed. These findings indicate that, although our preprocessing method enhances the
detection accuracy of deep learning models, it comes at the cost of processing speed. The
transformation of original images into preprocessed ones introduces a time delay, primarily
due to the repeated computation of Hessian eigenvalues required by the HFV filter across
different parameter settings and an execute time during image fusion. Moreover, the
increased latency observed when processing preprocessed images, as compared to raw
images, is primarily attributable to the increased computational load. Specifically, after the
HFV filtering and image fusion steps, the complexity of the regions in the resulting images,
derived from the fusion of the original and enhanced images, increases. This additional
complexity requires extra processing time by the deep learning network, ultimately con-
tributing to the increased prediction latency. Despite these delays, the method’s capacity to
markedly improve detection accuracy suggests its potential to effectively address the trade-
off between real-time processing speed and diagnostic precision, a well-known challenge in
clinical applications. Applying this preprocessing technique to optimized networks, such as
RT-DETR R101 and YOLOv10-X, which have already undergone substantial computational
reductions, holds potential for real-time diagnostic applications. These findings provide
confidence that, with further optimization, our method could be feasibly integrated into
clinical workflows, aiding in the accurate and timely diagnosis of coronary artery disease.
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Additionally, to thoroughly assess our the efficacy of our approach from various
imaging perspectives and to determine the optimal angle for analyzing coronary artery
stenosis, we performed an in-depth analysis for each angle within the test dataset. This
comprehensive review included segmenting the dataset and evaluating the performance
of the top-performing YOLOv10-X model. Specifically, we measured three performance
metrics: AP50(%) for the raw images, and both AP50(%) and APval(%) for the preprocessed
images. The detailed results of these assessments are presented in Table 5:

Table 5. Performance of YOLOv10-X Model on Different Imaging Angles.

Imaging Angle
APval (%) AP50(%)

Preprocessed Original Preprocessed

LCA zero 55.8 85.0 90.5
LCA LAO 55.8 83.3 87.8
LCA RAO 54.0 83.9 88.3
RCA zero 51.3 81.1 85.2
RCA LAO 49.2 78.8 80.1
RCA RAO 51.7 80.7 84.6

These results indicate that the YOLOv10-X model consistently outperformed on pre-
processed images compared to raw images across all imaging angles. Notably, the Imaging
Angle LCA zero achieved the highest AP50(%) on preprocessed data at 90.5 and the highest
APval(%) at 55.8, suggesting that this angle may be the most suitable for coronary artery
stenosis analysis.

4. Discussion

In this study, we investigated the advantages of employing a general HFV filter for
enhancing vascular contrast and integrating image fusion to boost the precision of deep-
learning-based stenosis detection in coronary angiography images. We also examined
whether preprocessing the images would affect the latency of image processing. Further-
more, we assessed the impact of imaging angles on the efficiency of detecting coronary
artery stenosis. The study involved training and evaluating seven deep learning models
on both preprocessed and raw images. Compared to our previous work [16], our method
demonstrates higher accuracy and a more comprehensive analysis of imaging angles,
while [16] analyzed the effect of the preprocessing method by testing earlier versions of
YOLO and R-FCN, we achieved better detection performance by using more advanced
models such as YOLOv10 and RT-DETR. The increased annotations and more complex
images have improved the robustness of our method. Furthermore, we tested real-time
detection rather than limiting the analysis to image evaluation. In addition, our detailed
analysis of different imaging angles provides valuable insights for clinical applications,
which was not addressed in [16]. Our findings suggest that preprocessing methods incor-
porating HFV filtering and image fusion can boost the precision of deep learning models
when analyzing intricate coronary angiography images, all while maintaining manageable
training complexity. Nonetheless, it is crucial to acknowledge that HFV-filtered images
might generate pseudo-vascular structures or inadequately enhance true vessels, which
could result in misclassifications and false positives during both the training and detection
phases. These results emphasize the importance of thoroughly assessing the scenarios in
which the HFV filter can be optimally utilized for preprocessing. Therefore, it is crucial
to ascertain whether the enhancement in visual quality compromises the accuracy of the
images. This assessment lays the groundwork for further research in image processing.

The performance of the training model is highly influenced by the number of relevant
features present in the images. To enhance the model’s ability to identify stenosis features
in coronary angiography images, we utilized image fusion with HFV filtering to better
highlight vascular features, especially those related to stenosis in smaller vessels. This
technique specifically tackled the challenge of feature loss after vascular enhancement
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and mitigated the issue of edge enhancement for small features induced by the filter.
Our experimental results show that this approach significantly improves the detection
efficiency of branch vessel stenosis in complex coronary angiography images. By enhancing
vascular features through image fusion, we not only preserve the essential characteristics
of the vessels but also reduce the noise and artifacts introduced by HFV filtering. Our
research also sought to explore the potential effects of the proposed technique on feature
learning. We meticulously and thoroughly assessed the enhancement in AP50(%) achieved
by our method, while also addressing dataset-related concerns such as class imbalance and
the influence of dataset size on our findings. The outcomes reveal that neural networks
exhibited superior performance when applied to preprocessed images as opposed to
raw images.

Moreover, our study conducted a detailed examination of the impact of various imag-
ing angles on the precision of detecting coronary artery stenosis. The findings from our
experiments highlighted a significant observation: the accuracy of stenosis detection is
markedly influenced by the imaging angle employed. Specifically, our study indicated
that the detection outcomes for the three imaging angles associated with the Left Coronary
Artery exhibited higher accuracy compared to those for the Right Coronary Artery. Re-
markably, the AP50(%) value peaked at the LCA zero angle. This notable discrepancy in
detection accuracy between the two arterial segments points to an intriguing avenue for
further scholarly exploration. This implies that future research aimed at improving the
efficiency of coronary artery stenosis detection should consider the potential benefits of
certain imaging angles. The enhanced accuracy observed at specific angles, especially for
the LCA, highlights the crucial role of imaging angle in improving diagnostic accuracy.

Our study has several limitations that are worth discussing. These limitations involve
various aspects of our research methods and dataset, each contributing to a more com-
prehensive understanding of the inherent constraints in our analysis. First, our dataset
primarily includes typical angles used in coronary angiography. This selection is designed
to imitate real-world clinical data collection scenarios but introduces specific challenges.
Notably, coronary angiography images often feature intricate backgrounds and stenosis
that is difficult to identify, which constrain the accuracy of deep learning models. The in-
clusion of these challenging images emphasizes the clinical and real-world variations faced
in practice, indicating a need for additional research to enhance the model’s robustness
in such conditions. Second, despite the necessity of extracting key frames from coronary
angiography video streams in our method, this process has inherent constraints. These
challenges are especially pronounced when addressing branch vessels. The patient demo-
graphic for coronary angiography predominantly consists of elderly individuals, many
of whom have surgical artifacts that often obscure the vessels. Furthermore, the dynamic
movement of coronary blood flow makes it exceedingly difficult to acquire key frames that
comprehensively portray the aorta and its branches. Consequently, this factor contributes
to the relatively limited number of images available in our dataset. Third, although we have
meticulously accounted for branch vessel stenosis, numerous instances still go unnoticed
and unmarked. This oversight limits the model’s proficiency in accurately detecting these
branch vessel stenoses and including them in the output. This emphasizes an important
area for future research, which could concentrate on improving the model’s ability to
precisely identify branch vessel stenosis in coronary angiography. Fourth, our experiment
faces an issue with the uneven distribution of the dataset. This is primarily due to the
presence of overlapping blood vessels in the three imaging angles of the RCA, making it
challenging to find suitable images for marking and observing the stenosis locations. In
the future, we aim to address the dataset imbalance issue in this experiment by increasing
the dataset size and supplementing as many RCA images as possible. Fifth, during the
preprocessing stage, we did not deliberately account for variations in image attributes
such as brightness. This might have had some impact on the experimental results. We will
consider these issues in our future experiments.

232



Electronics 2024, 13, 3676

These challenges highlight the urgent need for ongoing research to overcome these
barriers and enhance our methodology. By focusing on resolving these issues, we can
progress toward establishing a more reliable and clinically viable system for detecting coro-
nary artery stenosis. Additionally, the challenges associated with obtaining comprehensive
and representative key frames, as well as the complexities of annotating branch vessel
stenosis, point to the need for more advanced techniques and larger, more diverse datasets.
Future research could benefit from incorporating advanced image processing techniques,
such as more sophisticated filtering and segmentation methods, as well as leveraging larger
datasets with a wider range of clinical scenarios.

5. Conclusions

Overall, the implementation of the HFV filter in coronary angiography has notably
enhanced the clarity of images, emphasizing vascular details while minimizing noise in
complicated imaging contexts. The image fusion technique has compensated for the feature
loss encountered during the vascular enhancement phase. Experimental outcomes revealed
that compared with the unprocessed images, training deep learning models on fusion
images can generate an accuracy improvement of about 5% under the premise of less speed
loss. Looking forward, it is crucial to increase both the volume and diversity of the dataset,
particularly addressing any potential imbalances. Additionally, further development and
refinement of existing networks are necessary to improve their ability to recognize stenotic
features in complex coronary angiography images.
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Abbreviations

The following abbreviations are used in this manuscript:

CAD Coronary artery disease
ICA Invasive coronary angiography
CNNs Convolutional neural networks
FFR Fractional flow reserve
HFV Hessian-based frangi vesselness
RCA Right coronary artery
LCA Left coronary artery
LAO Left anterior oblique
RAO Right coronary artery
IHS Intensity–hue–saturation
RGB Red–green–blue
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R-FCN Region-based fully convolutional networks
R-CNN Region-based convolutional neural networks
FCN Fully convolutional networks
RPN Region proposal network
ResNet Residual network
RoIs Regions of interest
YOLO You Only Look Once
NMS Non-maximum suppression
VFL Varifocal Loss
CIOU Complete-IoU
DFL Deep feature loss
PGI Programmable gradient information
GELAN General efficient layer aggregation network
TAL Task alignment learning
RT-DETR Real-Time Detection Transformer
DETR Detection Transformer
AP Average precision
TP True positive
mAP Mean average precision
IoU Intersection over union
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Abstract: Shipbuilding drawings, crafted manually before the digital era, are vital for historical
reference and technical insight. However, their digital versions, stored as scanned PDFs, often contain
significant noise, making them unsuitable for use in modern CAD software like AutoCAD. Traditional
denoising techniques struggle with the diverse and intense noise found in these documents, which
also does not adhere to standard noise models. In this paper, we propose an innovative generative
approach tailored for document enhancement, particularly focusing on shipbuilding drawings. For
a small, unpaired dataset of clean and noisy shipbuilding drawing documents, we first learn to
generate the noise in the dataset based on a CycleGAN model. We then generate multiple paired
clean–noisy image pairs using the clean images in the dataset. Finally, we train a Pix2Pix GAN model
with these generated image pairs to enhance shipbuilding drawings. Through empirical evaluation
on a small Military Sealift Command (MSC) dataset, we demonstrated the superiority of our method
in mitigating noise and preserving essential details, offering an effective solution for the restoration
and utilization of historical shipbuilding drawings in contemporary digital environments.

Keywords: document enhancement; generative adversarial network; denoising; OCR; noise modeling

1. Introduction

Shipbuilding, one of the oldest industries known to humanity, traditionally relied
on detailed drawings to guide construction processes before the advent of digital technol-
ogy. Historically, these drawings were created by hand, making them not only invaluable
for their technical accuracy but also as pieces of maritime heritage. However, with the
rise of digital technologies, the shift from manual drafting to digital documents has be-
come necessary, introducing several challenges, especially in the preservation and use of
old drawings.

Scanned PDF documents, which serve as digital representations of these historical
drawings, often suffer from inherent imperfections such as noise and artifacts introduced
during the scanning process. These imperfections, compounded by the heavy and hetero-
geneous nature of the noise, render the documents unsuitable for seamless integration into
modern computer-aided design (CAD) platforms like AutoCAD [1]. Traditional denoising
methods, designed to mitigate noise in images adhering to well-defined noise models,
prove ineffective when confronted with the complex noise structures present in scanned
shipbuilding drawings [2–4].

The analysis of the noisy document images reveals that the noise is distinctly different
from standard types like Gaussian and salt-and-pepper noise. In Figure 1, noisy image
samples from the document show that the noise exhibits characteristics such as streaks,
lines, or concentrated imperfections, unlike the random variations typical of Gaussian
and salt-and-pepper noise. This suggests that the noise in Military Sealift Command
(MSC) documents may stem from scanner artifacts, printer defects, or issues with the
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original document. Histogram analysis (Figure 1) further supports this distinction: the
original noisy image’s histogram is skewed towards higher intensity values, unlike the
more spread-out Gaussian noise or the distinct spikes of salt-and-pepper noise. These
visual and statistical differences confirm that the noise in our document images is unique
and does not follow common noise models.

    

(a) Clean image (b) Noisy image (c) Gaussian noises added 
into clean version 

(d) Salt-and-pepper noise 
added 

  

Histogram of (e) Histogram of (f) Histogram of (g) Histogram of (h) 

Figure 1. Comparison of different noises. The clean version of the MSC document image shown in
(a) was obtained by manually removing the noise in (b). We created the noisy images (c,d) from the
clean image using gaussian noise and salt-and-pepper noise. We excluded the histogram for pixels of
value “255” for better visualization in (e–h).

To address these challenges, we developed a specialized document enhancement
strategy designed specifically for shipbuilding drawings stored as scanned PDF files.
Initially, for a small dataset of clean and noisy shipbuilding drawings that were not paired,
we trained a CycleGAN model [5] to simulate the noise patterns found in these documents.
Subsequently, we created pairs of clean and noisy images from the clean samples in the
dataset using the trained CycleGAN model. We then proceeded to train a Pix2Pix GAN
model [6] using these image pairs to improve the quality of the shipbuilding drawings.
Our method’s effectiveness was validated on a dataset from MSC, where it proved superior
in reducing noise and retaining crucial details as compared to state-of-the-art methods.

2. Related Work

In this paper, we focus on document noise removal with the goal of preserving critical
elements such as text, labels, and architectural details and eliminating scanning noise
that cannot be modelled as common noise models such as Gaussian or salt-and-pepper
noise. Regular image denoising is outside the scope of this paper. Our objective was to
improve the readability and clarity of these documents without losing essential information.
Document noise removal methods can be categorized into three groups: (1) traditional
techniques that rely on basic image processing algorithms, (2) discriminative methods that
employ machine learning models to classify and filter noise, and (3) generative approaches
that use generative artificial intelligence (GAI) models to reconstruct clean images from
noisy ones. Each of these methodologies offers unique advantages and challenges, which
we summarize to highlight their contributions to the field of document image enhancement.

Traditional document denoising methods. Earlier work for document enhancement
included global binarization, aiming to find a single threshold value for the entire document
to eliminate those noise pixels, and local binarization, utilizing a dynamic threshold value
for each pixel to classify image pixels into foreground (black) or background (white) [7,8].
Although thresholding methods continue to evolve, such as the global threshold selection
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method based on fuzzy expert systems (FESs) that enhance image contrast and use a pixel-
counting algorithm for threshold adjustment [9], they are sensitive to document condition
and often fail to clean highly degraded images [10]. To address this challenge, energy-based
methods were introduced, such as maximizing ink presence with an energy function while
minimizing the degraded background [11] and using mathematical morphology to estimate
background from the degraded image [12]. However, these handcrafted image processing
algorithms often yielded unsatisfactory results.

Discriminative methods. Recently, discriminative deep learning has been introduced
for document denoising. In [13], a 2D long short-term memory (LSTM) network was used
to determine whether something belonged to text or background noise based on a se-
quence of its neighboring pixels. A vision-transformer-based encoder–decoder architecture
was proposed in [14] to perform document enhancement through similar discriminative
analysis for each pixel. However, a significant drawback of discriminative approaches
is their dependency on paired datasets comprising noisy and clean images for effective
training. Acquiring such paired datasets can be challenging, particularly for historical or
rare documents, which limits the scalability and applicability of discriminative techniques
for document denoising. This dependency often necessitates extensive manual annota-
tion, which is both time-consuming and resource-intensive, constraining the practical
implementation of discriminative models for real-world scenarios.

Generative methods. The realm of image denoising continues to evolve with the
introduction of generative models like generative adversarial networks (GANs) [15] and
diffusion models [16], and these can be grouped as those requiring paired noisy–clean
data for training [17–19], not requiring [20–22], or hybrid [23]. Those generative methods
requiring paired datasets for training typically employ the conditional GAN (cGAN)
network [24] to learn a transformation function from noisy image domain to clean image
domain, and the denoising task is converted as domain conversion. Recently, a diffusion-
based framework [25] was proposed for document enhancement and it can be categorized in
this group. The main drawback of these methods is that they require large, paired datasets
to achieve competitive performance, which are not always possible in practice. For those
approaches not requiring paired datasets for training, they typically employ the CycleGAN
model to convert noisy image as clean image and vice versa under unsupervised learning
with the guidance of the cycle-consistent GAN loss [5]. Therefore, they only require non-
paired clean and noisy images for training. However, the performance of these approaches
is degraded and not always satisfactory. The representative hybrid method [23] combines
the unpaired learning capabilities of CycleGAN [5] with the paired learning advantages
of Pix2Pix GAN [6] to enhance document images. This model still needs a paired image
dataset for training, and it does not perform well when the available paired dataset is small
like our situation.

In this paper, to address the challenges of the hybrid model for document enhancement,
we propose novel loss functions to improve the training efficiency of the CycleGAN model.
Additionally, we utilized multiple versions of the trained CycleGAN model to generate
paired clean and noisy images for supervised training of a Pix2Pix GAN model to remove
scanning noise from MSC documents.

3. Proposed Method

The overall architecture of the proposed model is shown in Figure 2. It builds upon
CycleGAN and Pix2Pix GAN architectures and includes three stages of learning for docu-
ment image denoising. In the first stage, we train a modified CycleGAN model to learn the
noise model using unpaired clean and noisy images. CycleGAN consists of two generators,
G and F, and two discriminators, D1 and D2. Generator G converts clean images to noisy
ones, while F does the opposite, and D1 and D2 perform adversarial learning in noisy and
clean domains, respectively. During training, different versions of generator G are saved.
In the second stage, we use the saved versions of G to generate different noisy images for
each clean image in the dataset for data augmentation. These augmented data are paired
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clean–noisy images. Finally, we train a Pix2Pix GAN model with the paired augmented
dataset for effective denoising. Additionally, we propose novel loss functions to modify
the CycleGAN training, including gradient loss and noise loss. After training, the trained
Pix2Pix GAN model is used for denoising.

 

Figure 2. Overview of the proposed method. Blue boundary area shows our modified CycleGAN
consisting of two generators, G and F, and two discriminators, D1 and D2. G generates noisy images
from clean inputs while F reconstructs clean images from noisy ones. The model is trained using
a combination of L1 loss, gradient loss, noise loss, and GAN loss. Discriminators D1 and D2 are
employed to differentiate between real and generated noisy images, as well as real and generated
clean images, respectively. The lower part is the data augmentation process using G from the modified
CycleGAN and the training of the Pix2Pix GAN model.

3.1. Modified CycleGAN for Noise Model Learning

We begin by training a modified CycleGAN (upper part in Figure 2) with a collection
of unpaired clean and noisy document images. This CycleGAN architecture consists of
two generators (G and F) and two discriminators (D1 and D2). Generator G transforms
clean images into noisy versions, mimicking the observed noise patterns in our dataset.
Conversely, generator F aims to recover clean images from noisy inputs. We used the
ResNet [26] architecture with nine residual blocks for the generators proposed in CycleGAN,
implementing patch-based architecture for our discriminators as proposed in [27].

The training process employs a combination of L1 loss to ensure pixel-level similarity
between input and recovered clean images, and a gradient loss to encourage realistic noise
patterns generated by G. During training, D1 differentiates between real noisy images
and those generated by G, while D2 distinguishes real clean images from F’s outputs. We
trained this part following the implementation of the CycleGAN with the GAN loss [6,15],

LGAN = LGAN_G(G, D1, X, Y) + LGAN_F(F, D2, Y, X)
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where X, Y are the domains of the clean and noisy images respectively. We also used the
L1 loss between original unpaired clean and noisy images (x, y) and reconstructed images
(F(G(x), G(F(y)) as proposed in [5],

LL1Loss = |F(G(x))− x|1 + |G(F(y))− y|1

We found that there is a positive correlation between noise level and gradient magni-
tude. For example, a noisy image has a larger gradient magnitude than its clean version,
as shown in Figure 3. We proposed a novel gradient loss to encourage the generators to
focus on the noise during training since our goal is to learn the noise model for paired data
augmentation. The gradient loss is calculated using the Sobel filter to extract gradient mag-
nitudes from images. While this approach uses gradient magnitude like the existing image
processing methods [28–32], we calculated the gradient loss focusing on the noises. Our
focus was on its integration with other loss functions to enhance the overall performance
during training the modified CycleGAN. The key difference lies in how we combine the
gradient loss with other loss functions to optimize both perceptual quality and structural
preservation, rather than relying on a single aspect of image quality. The combination of
gradient loss with other losses in our framework contributes to the improved performance
demonstrated in our results.

LGradient_Loss = |Grad(F(G(x)))− Grad(x)|1 + |Grad(G(F(y)))− Grad(y)|1

 Noisy Clean 
Image 

  

Gradient along x and y direction 
using Sobel operator 

  

Gradient Magnitude 19.56 9.28 

Figure 3. Positive correlation between gradient magnitude and noise level.

Here,

Grad(.) =
1
N ∑

N
Gradmap(p, q)

Gradmap(p, q) =
√

Gx−axis(p, q) + Gy−axis(p, q)

(p,q) is the location of a pixel in the gradient maps Gx−axis and Gy−axis generated by the
Sobel filter from an image along the x-axis and y-axis, respectively. Gradmap(p, q) represents
gradient magnitude at (p,q) pixel location. N represents the number of pixels with gradient
magnitude below the threshold. We considered only the gradient magnitudes below a
certain threshold. This threshold is chosen to distinguish between noise and edges (where
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high gradients typically represent edges). During our experiments, we set 200 as the
threshold value. So, Grad(.) is the average of these low gradient magnitudes of an image.

As generator G is responsible for generating a noised version of a clean image, we
impose a noise loss on the output of G. We calculated noise loss as the gradient magnitude
of the output image,

LNoiseloss = −Grad(G(x))

and the overall loss function for the modified CycleGAN model is

LmCycleGAN = LGAN + α1 ∗ LL1Loss + α2 ∗ LGradientLoss + α3 ∗ LNoiseloss

where α1, α2, α3 are hyperparameters combining the difference loss functions.

3.2. Paired Clean–Noisy Image Generation for Data Augmentation

To capture the variability of document noise, we checkpoint the model G at multiple
stages during training, resulting in a collection of models G_ensemble = {G1, G2, ..., G20}.
Each G within the ensemble captures the noise characteristics at a specific point in training.
After the training of the CycleGAN model, we utilize the G_ensemble to generate a diverse
set of noisy variations for each clean image x in X as X_noise = {G1(x), G2(x), ..., GN(x)},
which are then used in the subsequent Pix2Pix GAN training.

3.3. Training of Pix2Pix GAN for Denoising

The final stage employs a Pix2Pix GAN architecture as a denoiser trained on the
newly created paired dataset of clean and noisy images generated in stage 2. This Pix2Pix
GAN utilizes a single generator denoiser that maps noisy document images to their clean
counterparts. A discriminator (D3) guides the training process by distinguishing between
real clean images and those produced by the denoiser. The architecture of the denoiser is
similar to the architecture of G and F. Also, all the discriminators in our model have the
same architecture of ResNet.

The GAN loss used for training D3 is

LcGAN(Denoiser, D3) = Ex,y[logD3(x)] +Ex[log(1 − D3(Denoiser(x_noise))]

We also used L1 loss between target and output from the denoiser:

LL1_loss_denoiser = Ex,G(x)[|x − Denoiser(xnoise)|1]

and the overall loss for training the Pix2Pix GAN is

Lsecondstep = LcGAN(Denoiser, D3) + β ∗ LL1lossdenoiser

where β is a hyperparameter combing the two loss functions.

3.4. Evaluation Metrics

Natural image quality evaluator (NIQE): NIQE [33] is a no-reference image quality
assessment metric that measures the statistical naturalness of an image. It does so by
comparing the visual characteristics of the denoised image to a model of natural images.
Unlike traditional metrics that require a reference image for comparison, NIQE operates
independently, making it ideal for evaluating referenceless denoised images. It provides a
quantitative score that reflects the degree of distortion or unnaturalness in an image, helping
to ensure that the denoising process maintains the intrinsic properties of natural scenes.

Ma score: The Ma score [34] is designed for evaluating the quality of super-resolved
images without requiring reference images. To calculate the Ma score for an image, we need
to extract three groups of statistical features: local frequency features, global frequency
features, and spatial features. These features encompass the distribution of discrete cosine
transform coefficients, wavelet coefficients, and the spatial discontinuity properties of pixel
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intensity. Ma score utilizes three regression forests to independently model each group
of features. The outputs from these forests are then combined linearly to estimate the
final perceptual quality score. Ma score demonstrates a strong correlation with subjective
evaluations of visual quality in super-resolved images, providing an effective metric for
assessing image enhancement results [35].

Perceptual Index (PI): PI [36] is a comprehensive metric used to evaluate the quality of
denoised images without ground truth. It combines the NIQE and the Ma scores, offering a
unified measure of perceived image quality. By integrating both objective and subjective
assessments, PI provides a robust indicator of how natural and visually pleasing an image
appears. This makes it particularly useful in scenarios where human visual perception is a
critical factor in judging image quality, ensuring that denoised images meet the expected
standards of visual appeal,

PI =
1
2
((10 − Ma) + NIQE)

Character error rate (CER): CER is an evaluation metric commonly used in optical
character recognition (OCR) tasks, which can also be applied to denoised images. It mea-
sures the percentage of characters in the denoised image that are incorrectly recognized by
an OCR system. This metric is crucial for assessing the functional quality of denoised im-
ages, especially in applications where text readability is important. A lower CER indicates
better preservation of text information, signifying that the denoising process has effectively
maintained the legibility of characters within the image.

CER =
Total number of substitutions + Total number of insertions + Total number of deletions

Total number o f characters in ground truth

Word error rate (WER): WER is another OCR-based metric used to evaluate the
quality of denoised images by measuring the accuracy of word recognition. It calculates
the percentage of words that are incorrectly transcribed by an OCR system. Similar to CER,
WER is essential for determining how well the denoising process preserves the readability
of text in images. A lower WER means that more words are correctly recognized, indicating
higher functional fidelity of the denoised image. This metric is particularly valuable in
contexts where the accuracy of text extraction is critical, such as document scanning and
archival applications.

WER =
Total number of substitutions + Total number of insertions + Total number of deletions

Total number o f words in ground truth

4. Experiment Setup

4.1. Dataset

The main challenge in training our models was the limited data availability. We had
seven documents from MSC with just one document containing noise in specific areas. Six
documents had 12 pages in total and the remaining document had 9 pages with noises at
some specific locations. We created a dataset of 16 noisy and 117 clean images cropped
from these documents for training and testing. Since we had only one document with
noises in some locations, we cropped 16 noisy images from it. For training, we utilized
10 noisy and 67 clean images. Figure 4 shows examples of clean and noisy samples from
the training set. Using this unpaired dataset, we trained the modified CycleGAN. We then
employed the modified CycleGAN to generate 80 noisy images for each of the remaining
50 clean images of the dataset, resulting in a total of 4000 noisy–clean pairs. We used these
pairs to train the Pix2Pix GAN model-based denoiser for denoising. Finally, the remaining
6 noisy images were used to test the denoiser.
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(a) 

(b) 

Figure 4. Image samples from training dataset. (a) Clean samples from training dataset; (b) noisy
samples from training dataset.

4.2. Competing Methods

In our study, we compared our proposed method with three other prominent ap-
proaches for document noise removal: the CycleGAN model [5], the Otsu method [7],
Sauvola’s method [8], and a hybrid method [23] combining CycleGAN and Pix2Pix GAN.

CycleGAN [5] is an unsupervised learning approach that aims to learn mappings
between two domains without paired examples. In the context of document noise removal,
CycleGAN is used to transform noisy document images into clean ones and verse versa. In
our proposed method, the basic CycleGAN model is also utilized in the first step to convert
noisy images to clean ones.

The Otsu method [7] is a traditional image processing technique used for global bi-
narization. It works by calculating a single global threshold value that minimizes the
intra-class variance between the foreground and background pixels. This method is com-
putationally efficient and straightforward to implement. However, its main drawback lies
in its sensitivity to document conditions. For highly degraded or unevenly illuminated
documents, the Otsu method often fails to accurately distinguish between text and noise,
leading to significant loss of information and poor denoising performance. Its reliance on
a single global threshold makes it unsuitable for complex noise patterns that vary across
the document.

Sauvola’s method [8] is an effective local thresholding technique for images with non-
uniform backgrounds, particularly in text recognition applications. Rather than computing
a single global threshold for the entire image, this approach calculates multiple thresholds
for each pixel. These thresholds are determined using specific formulas that consider the
mean and standard deviation within a local neighborhood, defined by a window centered
on the pixel.

The hybrid method, mentioned in [23], combines CycleGAN and Pix2Pix GAN. In
this approach, CycleGAN is first used to generate synthetic paired datasets from unpaired
noisy and clean images. Each clean image just generates one clean–noisy image pair. Our
proposed method builds on the hybrid approach, including CycleGAN and Pix2Pix GAN,
by introducing novel loss functions and the generation of multiple clean–noisy image pairs
for denoising.
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4.3. Implementation Details

We trained our model in two stages. We first trained the generators G and F for 800
epochs using a constant learning rate of 0.008 and the Adam optimizer. We trained the
modified CycleGAN following the training steps mentioned in the original CycleGAN
paper [16]. After this training phase, we obtained multiple versions of G, which were
subsequently used to generate multiple noisy versions of clean images. In the second stage,
we trained the Pix2Pix GAN model with those generated image pairs for 500 epochs with a
learning rate of 0.0002. During each training iteration, we used randomly cropped patches
of size 256 × 256. We implemented our proposed model using the PyTorch framework [37]
and performed the experiments on an Nvidia V100 GPU.

5. Results

5.1. Results of Noisy Data Generation

The trained generator G successfully created 80 distinct synthetic noisy images for
each of the 50 clean images collected from the MSC document. Figure 5 shows seven
noisy images generated for one clean image, where each noisy image has different noise
characteristics.

    

(a) (b) (c) (d) 

    

(e) (f) (g) (h) 

Figure 5. Synthetic noisy images. (a) Clean image. (b–h) Generated noisy images.

5.2. Visual Inspection of Denoised Images

Figure 6 shows four denoised images by the proposed method. It is evident that the
denoised images exhibit remarkable improvements in visual clarity and text legibility. The
enhanced documents demonstrate a notable reduction in noise levels, resulting in sharper
text and clearer visual elements compared to their noisy counterparts. These qualitative
observations highlight the efficacy of the proposed approach in achieving high-quality
denoising results.
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Figure 6. Denoised images by the proposed method. (a). Input noisy images. (b) Denoised images.

5.3. Results of Optical Character Recognition

We conducted OCR on two document images before and after denoising with our
proposed method and Table 1 lists the CER and WER performance. It is evident that
denoising significantly enhances the readability and interpretability of the text within
documents. The noisy images exhibit high levels of noise, which introduce distortions
and make character recognition challenging. However, after denoising, the clarity of text
is noticeably improved, with characters becoming more distinguishable and coherent.
Quantitatively, the denoised images consistently demonstrate lower CER and WER values
compared to their noisy counterparts, indicating improved accuracy in character and word
recognition tasks. Overall, these findings emphasize the significant benefits of denoising in
improving the performance of OCR systems.
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Table 1. Effects of denoising on CER and WER. Our proposed method can remove the noise, keeping
the text-related information intact.

Noisy Clean

 

Ground Truth:
STOPS ADDED IN LONG’LS AT FR 77
Prediction:
STOPS ADDED IN LONG’S AT FR.
CER: 12.9%
WER: 42.9%

Ground Truth:
STOPS ADDED IN LONG’LS AT FR 77
Prediction:
STOPS ADDED IN LONG’LS AT FR IT
CER: 9.7%
WER: 28.6%

 

Ground Truth:
LIFTING EYE DESIGNATED ‘TEMPORARY”
Prediction:
LIFTING EYE DESIGNATED TEMPORARY”
CER: 5.6%
WER: 25.00%

Ground Truth:
LIFTING EYE DESIGNATED ‘TEMPORARY”
Prediction:
LIFTING EYE DESIGNATED ‘TEMPORARY”
CER: 0.0%
WER: 0.0%

5.4. Results of Comparative Study

We applied the proposed method and other competing models to enhance docu-
ment images and Figure 7 shows two example denoised images. Visual inspection of
the different denoised images reveals that our proposed approach consistently produced
denoised documents with sharper text and clearer visual elements compared to other
models. In contrast, documents processed by methods such as CycleGAN, CycleGAN +
Pix2Pix, Otsu, and Sauvola’s method show varying degrees of residual noise, blurriness,
and distortion, leading to reduced readability and visual clarity. Table 2 lists the four
performance metrics of the four competing methods on the testing dataset. Our model
consistently outperformed all the competing methods. With the lowest PI score, our model
ensures superior perceptual image quality, maintaining fidelity and natural appearance in
denoised documents. Additionally, its lower NIQE score indicates enhanced image quality
compared to alternative approaches. Furthermore, it achieved the lowest CER and WER
values, signifying superior accuracy in character and word recognition tasks.

Noisy Image 

 

 

Our Method 

  

Figure 7. Cont.
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CycleGAN 

  

CycleGAN + Pix2Pix GAN  

  

Otsu’s method 

  

Sauvola’s method 

  

Figure 7. Denoising outputs from different methods. Our proposed method removed most of the
noise without removing original structures and texts.

Table 2. Quantitative comparison.

PI Score NIQE Ma Score CER WER

EnsembleDoc 6.92 10.77 6.93 0.1176 0.4327

CycleGAN 10.33 18.02 7.36 0.3492 0.7851

CycleGAN + Pix2Pix 7.49 11.64 6.66 0.1405 0.5506

Otsu’s method 13.40 23.48 6.68 0.1673 0.5205

Sauvola’s method 13.35 23.36 6.65 0.205 0.672

Noisy 8.10 13.01 6.81 0.1287 0.4789

5.5. Results of Ablation Study

Our proposed approach consists of several components including CycleGAN, two
novel loss functions, Pix2Pix GAN, and ensemble data augmentation. In this ablation study,
we investigated the contribution of each component in the ablation study and the results
are listed in Table 3. The results showed that the ensemble augmentation is an important
component and significantly improved the performance of the proposed model. Figure 8
shows some intermediate results obtained in the ablation study, and the ensemble data
augmentation component improved the denoising results significantly.
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Table 3. Performance of ablation study.

CycleGAN Loss Functions Pix2Pix GAN
Ensemble

Augmentation
PI NIQE

CER
(%)

WER
(%)

� 10.33 18.02 34.92 78.51

� � 7.49 11.64 14.05 55.06

� � 8.44 13.85 27.66 57.41

� � � 8.10 12.88 11.44 44.94

� � � � 6.92 10.77 11.76 43.27

Noisy Images Our Method Without Ensemble Learning Without Ensemble Learning 
and Denoiser 

 
  

 

  
 

 

 

 

 
 

   

 

    

Figure 8. Results of ablation study of the proposed approach.

6. Discussion

The proposed approach combines the unpaired learning capabilities of CycleGAN
with the paired learning strengths of Pix2Pix GAN using ensemble data augmentation. We
compared the proposed model with a traditional document denoising algorithm, Otsu, a
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generative approach, CycleGAN, and a hybrid method, CycleGAN + Pix2Pix GAN, for
document noise removal. CycleGAN relies solely on small unpaired data and performed
poorly, with a PI Score of 10.33, NIQE of 18.02, Ma Score of 7.36, CER of 0.3492, and WER
of 0.7851. The hybrid method showed improvements in denoising performance with a
PI Score of 7.49, NIQE of 11.64, Ma Score of 6.66, CER of 0.1405, and WER of 0.5506. It
was still worse than the proposed method due to the limited pairs of images generated for
denoising. Otsu failed to remove the scanning noise in our document images, resulting in a
PI Score of 13.40, NIQE of 23.48, Ma Score of 6.68, CER of 0.1673, and WER of 0.5205. Our
proposed method achieved the best performance except for the Ma score.

The ensemble data augmentation strategy in the proposed model harnessed the collec-
tive knowledge of multiple noise models, leading to more robust and reliable denoising
outcomes. For example, the PI score reduced from 7.49 to 6.92, NIQE reduced from
11.64 to 10.77, CER reduced from 0.1405 to 0.1176, and WER reduced from 0.5506 to 0.4327,
as shown in Table 2. In practice, obtaining paired clean and noisy images is typically
challenging, especially in our application, where historical or rare documents are involved.
The proposed ensemble data augmentation technique is an innovative way to generate
large-sized paired datasets for learning.

The proposed loss function also improved the denoising performance over the Cycle-
GAN model alone as shown in the ablation study results shown in Table 2. For example, PI
improved from 10.33 to 8.44, NIQE from 18.02 to 13.85, CER from 34.92% to 27.66%, and
WER from 78.51% to 57.41%, with the new loss function being added for training. Visual
inspection also demonstrated crisper text and improved overall visual clarity with the
loss function.

Our study has limitations. First, the proposed model still requires unpaired image data
for training, which may not always be available in sufficient quantities. Additionally, while
our novel loss functions and data generation strategies improve training efficiency, there
is still room for enhancing the model’s adaptability to extremely diverse noise patterns
and document conditions. Future work will focus on further refining the model, exploring
more sophisticated generative architectures, and developing techniques to minimize the
dependency on unpaired datasets, aiming for more robust and generalizable document
noise removal solutions.

7. Conclusions

We proposed a generative AI model to remove scanning noise in engineering docu-
ments. The proposed model consists of two steps. In the first step, the CycleGAN model
was utilized to train a set of models to convert clean images to different versions of noisy
images using a set of unpaired clean and noisy images for training. In the second step, the
generated image pairs were used to train a Pix2Pix GAN for noise removal. Additionally, a
new loss function was developed to increase the performance of the model. Experimental
results on engineering documents collected by MSC demonstrated remarkable performance
in effectively suppressing noise while preserving crucial document details. These find-
ings highlighted the potential of our proposed method to significantly improve document
processing tasks, making it a valuable tool for various applications requiring high-quality
document images.
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Abstract: The automatic transformation of short background videos from real scenarios into other
forms with a visually pleasing style, like those used in cartoons, holds application in various domains.
These include animated films, video games, advertisements, and many other areas that involve visual
content creation. A method or tool that can perform this task would inspire, facilitate, and streamline
the work of artists and people who produce this type of content. This work proposes a method that
integrates multiple components to translate short background videos into other forms that contain
a particular style. We apply a fine-tuned latent diffusion model with an image-to-image setting,
conditioned with the image edges (computed with holistically nested edge detection) and CLIP-
generated prompts to translate the keyframes from a source video, ensuring content preservation. To
maintain temporal coherence, the keyframes are translated into grids and the style is interpolated with
an example-based style propagation algorithm. We quantitatively assess the content preservation
and temporal coherence using CLIP-based metrics over a new dataset of 20 videos translated into
three distinct styles.

Keywords: diffusion probabilistic models; deep learning; animation; generative models; video
stylization; video cartoonization; video translation; computer graphics

1. Introduction

There is a constant demand for the creation of new and visually captivating content
in terms of images and videos. Cartoon-based videos have been an effective means of
communication and entertainment, not only for children but also for people of all ages.
However, the creative process has traditionally relied on the skill and creativity of artists,
requiring a great deal of manual work. One common task where artists have to invest a
significant amount of time is in the creation of assets such as animated backgrounds, which
are usually inspired by real scenarios to provide a sense of realism and infuse cultural and
geographical context. Their application extends beyond animated films; they could also be
used in other areas, such as video games, advertisements, and even educational content.

Recent advances in Artificial Intelligence (AI) have revealed the possibility of automat-
ing this process to some extent. The latest progress in conditional generative models offers
a promising approach to addressing this issue. Generative models such as GANs have
produced impressive results in different tasks, such as style transfer [1], image-to-image
translation [2,3], and even in video-to-video translation [4,5]. However, GANs are difficult
to train and struggle to capture the full data distribution [6]. More recently, diffusion
models [7] have gained popularity and can also be used in many tasks similar to GANs.

Motivated by the demand for tools in visual content creation and the great capabilities
demonstrated by diffusion models in image generation, in this work, we extend the use of
text-to-image diffusion models for video cartoonization. Concretely, we apply a fine-tuned
Stable Diffusion [8] model with an image-to-image setting, conditioned with the image
edges (computed with holistically nested edge detection [9]) and CLIP-generated [10]
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prompts to translate the keyframes from a source video, ensuring content preservation.
To maintain temporal coherence, the keyframes are translated into grids and the style is
interpolated with the example-based style propagation algorithm from [11] (see Figure 1
for an example). The experiments on a new video dataset demonstrate the effectiveness of
the method and the capability of producing temporally coherent videos while maintaining
the semantic information. Our contributions include the following:

• A zero-shot method capable of translating short videos into clips with a specified style.
• A new video dataset of backgrounds without people with different camera movements

and various landscapes for reproducibility and benchmarking purposes. It is avail-
able in the project repository (https://github.com/gustavorayo/video-to-cartoon
(accessed on 26 July 2024)).

• A fine-tuned model with the style of Ryo Takemasa, a Japanese illustrator, that can
be used to generate images in his style or integrated with other methods that use
text-to-image diffusion models. The model is accessible at Huggingface: https://
huggingface.co/gustavorayo/ryo-takemasa-v1 (accessed on 26 July 2024).

Figure 1. Frames from source videos and translated videos using the proposed method, featuring the
three selected styles: Ryo Takemasa, Studio Ghibli, and Van Gogh. The original frames are shown on
the left and top of each style, while the corresponding translated frames are displayed on the right
and bottom.

2. Related Work

The general objective of video stylization is to apply a (typically artistic) style to
a (typically live action) video while preserving its underlying structure and semantics.
There are different variants of this problem, leading to different research lines. The style
can be derived from a single independent image (style transfer), propagated from some
hand-stylized frames (style propagation), specified through text prompts, or learned from
a corpus of images. Here, we focus on the latter approach, which intersects with broader
research topics like image-to-image translation, video-to-video translation (also known
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as translation-based video synthesis), and video editing. The recent success of generative
models in image synthesis has established them as the foundational technique for the
majority of the methods in the field. The first generative methods to achieve satisfactory
results in transforming photos of real-world scenes into cartoon-style images were based
on conditional generative adversarial networks, such as CartoonGAN [3], AnimeGAN [12],
and the work presented in [13]. Recently, these methods have been outperformed by those
based on diffusion models. Pure image-to-image translation methods using diffusion
models, like SR3 [14] and Palette [15], operate in a supervised setup, which requires ground
truth pairs of images (original and target), making them suitable for tasks like super-
resolution or colorization but not for artistic stylization. Therefore, text-to-image diffusion
models (e.g., Stable Diffusion [8,16]) are adapted for image-to-image translation using
techniques such as SDEdit [17] or ControlNet [18].

2.1. Text-to-Video with Diffusion Models

Most of the video generation methods that use diffusion models are conditioned on
text (text-to-video), where a description is provided and the model generates the video
based on it. Due to the complexity of training a model to generate videos, many approaches
used previously pre-trained text-to-image models with some modifications to enforce
temporal consistency.

AnimateDiff [19] and Text2Video-Zero [20] are two recent methods capable of gen-
erating videos in some style based on a text description. AnimateDiff [19] extends the
personalized text-to-image (T2I) diffusion models based on Stable Diffusion (SD) [8] and
converts them into an animation generator. It uses a motion modeling module that is
inserted between the pre-trained image layers of a base T2I model and is trained with
video clips. During training, the weights of the base T2I models are frozen and only the
weights of the module are updated. During inference, the trained module can be used
with T2I models fine-tuned with techniques such as DreamBooth or LoRA. This flexibility
enables generating animated images with a specific style based on just a text description.
Text2Video-Zero [20] exploits the synthesis power of Stable Diffusion (SD) to generate
videos. Text2Video-Zero requires as an input a text description and an integer m represent-
ing the number of frames. To keep the global scene consistent, the method enriches the
latent codes of the generated frames with motion dynamics and implements a cross-frame
attention mechanism to preserve the appearance and identity of the foreground object.

While diffusion models have become the de facto approach for generating high-
resolution images and videos from natural language inputs, their significant computational
costs and long sampling times have driven research into more efficient training methods
and faster sampling techniques. One promising path includes Rectified Flow Models [21],
a recent generative model formulation. These models create a transport map between two
distributions using an ordinary differential equation (ODE), which can be faster to simulate
compared to the probability flow ODE in diffusion models. Rectified Flow Models have
recently been successfully applied to high-resolution text-to-image synthesis in [16].

Although text-to-video approaches can produce videos with a specific style, they
cannot be used in situations requiring specific content and controlled movements. In such
cases, it becomes necessary to use a reference video that can be transformed into another
video with a new style.

2.2. Video Editing with Diffusion Models

An alternative way to transform a video into a cartoon is by using approaches for video
editions. While these models are typically used for making local changes like modifying
the attributes of an object, some of them, such as Pix2Video [22], Tune-A-Video [23], and
Vid2vid-zero [24], enable global editions including style changes. Consequently, this
facilitates the transformation of a video into a cartoon.

Pix2Video [22] takes a sequence of frames of a video clip and generates a new set of
images that reflect an edit denoted by a target text. It is built on a Stable Diffusion model
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conditioned on depth. Pix2Video injects the features obtained from the first frame (anchor
frame) and the previous frame by manipulating the self-attention module of the U-Net [25]
network. The previous frame preserves the appearance changes and the anchor frame
avoids the forgetting behavior on longer sequences. Additionally, to improve the temporal
stability, during the first 25 denoising steps, they use noise correction so that the previous
and current frames are as similar as possible.

Tune-A-Video [23] extends and fine-tunes Stable Diffusion with a single video to
learn the motions of the video. Then, at inference, it can generate novel videos that
represent the edits in text prompts, including changes in the style. The modifications
involve changing the 2D convolution layers in the U-Net [25] for pseudo-3D convolution
layers and extending the spatial self-attention mechanism to the spatial temporal domain.
It uses a sparse version of a causal attention mechanism, where the attention matrix is
computed using the latent features of the current frame, previous frame, and first frame.
This method has the disadvantage of requiring tuning the model for every video.

Vid2vid-zero [24] requires a sequence of frames and two texts, one with the description
of the video and the other with the description of the desired video. Vid2vid-zero first
inverses each frame in the input video to obtain the latent noise and null-text embedding
and then generates the edited video under cross-attention guidance. For temporal modeling,
the pre-trained self-attention in the original U-Net [25] blocks is replaced with cross-frame
attention that shares the same weights. Aside from the specific changes in the video, this
method can also translate a video into a new style by specifying it in the target prompt.

2.3. Video-to-Video Translation

Alternatives for the direct translation of videos into another style are also available. A
recent method is Rerender a video [26], a zero-shot text-guided video-to-video translation
that divides the translation process into two parts. In the first part, an adapted diffusion
model is used to translate the keyframes into a new style, and then, in the second part, the
keyframes are propagated to the rest of the frames.

For keyframe translation, Rerender a video replaces the self-attention layers of the U-Net [25]
with cross-frame attention layers. The Key K and Value V of the attention are generated
using the first and previous frames. Additionally, to constrain the cross-frame to the local
shape and texture consistency, optical flow is used to warp and fuse the latent features in the
initial steps. In the middle steps, the previous frames are warped and encoded back to the
latent space for fusion. Finally, in the late steps, adaptative instance normalization (AdaIN)
is applied to keep the color style coherent throughout all the keyframes. In the second
part, a patch-based frame interpolation algorithm is employed that uses color, positional,
edge, and temporal guidance for dense correspondence prediction. This model yields good
results but comes with a high computational cost, requiring over 24 GB of vRAM.

Another alternative for transforming a video into a cartoon is by using tools such
as TemporalKit [27]. TemporalKit serves as an extension for the Stable Diffusion web
UI, a browser interface that enables image generation or translation through base Stable
Diffusion (SD) or personalized models. This extension adds a new tab to the UI, where
users can upload a video and specify the parameters to form a grid image with keyframes.
By using the capabilities of Stable Diffusion web UI, users can translate the grid image. The
resulting image along with the frames of the video are used by TemporalKit to prepare a
folder structure ready to be used by EbSynth Beta, a tool that uses example-based video
stylization to propagate the style to the rest of the frames. The disadvantage of TemporalKit
is that the process is mostly manual and the translation of the keyframes depends on the
knowledge of the user.

3. Methods

Our approach involves a two-stage process. Initially, we select specific keyframes
from the source video and translate them into a distinct style during the first stage. The
subsequent stage involves propagating the style to the rest of frames using the algorithm
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from [11]. The method pipeline is illustrated in Figure 2 and described in more detail in the
following subsections.

Figure 2. Method pipeline. The process is divided into two main stages: keyframe translation and
style propagation executed sequentially as a pipeline. They are represented in dashed boxes as well
as their respective subprocesses. In the first stage, four keyframes are selected from the video and
combined into a single grid image, which is used for edge extraction. One of the keyframes is used
to extract a description using CLIP Interrogator [28]. The resulting description is used to form the
final prompt by combining it with the keywords that identify the style in the fine-tuned model (the
“+” symbol represents the text concatenation). This prompt, along with the edge map and the grid
image, are passed to a subprocess to generate a translated grid image. This subprocess integrates the
fine-tuned version of Stable Diffusion (SD) with ControlNet, which conditions the image generation
as indicated by the dashed arrows. The resulting translated image is then separated to form the
stylized keyframes, which are used in the second stage. In the style propagation stage, the stylized
keyframes serve as a reference to propagate the style to the original video frames using EbSynth [11].
The resulting stylized frames are used to create the final cartoonized video. In this figure, solid arrows
represent the main flow of data through the process. The dotted arrow indicates that the fine-tuned
SD results from the fine-tuning subprocess.

3.1. Keyframe Translation

The keyframe translation requires a fine-tuned Stable Diffusion model with the desired
style. The model must be fine-tuned with Dreambooth [29], a fine-tuning approach that
implants the style and an identifier into a base Stable Diffusion model. Dreambooth is a
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common approach, and we can find fine-tuned models with different styles on platforms
like HuggingFace or Civitai.

Once we have a fine-tuned Stable Diffusion model with the desired style, we can
proceed with the frame translation. Stable Diffusion enables image generation guided by
text (text-to-image) or based on an image (image-to-image). In our case, we want to keep
the structure of the frames and change only the style, so we condition the generation on
the source frame using image-to-image translation.

The method begins by extracting the frames from the video and translating keyframes
into frames with the intended style. A naive approach could be to translate every keyframe
using only the identifier of the style in the fine-tuned model. However, this would lead
to significant differences in the translated frames. To mitigate this problem and make the
process automatic, we employ a more advanced approach. First, we extract the description
of one of the keyframes using CLIP Interrogator, a prompt engineering tool that combines
CLIP and BLIP [30] to optimize text prompts that match a given image. The identifier
and description are then concatenated and used as a prompt in the fine-tuned version of
Stable Diffusion.

Translating the frames independently produces noticeable differences between the
frames because the model is not aware of the information in the previous and future
frames. To mitigate this problem, other methods such as Pix2Video [22] manipulate the
self-attention module of the U-Net network to use features from an anchor frame (first)
and previous frame. In our case, we follow a different approach. We select four keyframes
within an interval and combine those frames in a grid (2 × 2) to form a single image in the
same way as TemporalKit [27]. The interval is calculated by dividing the total number of
frames by three and rounding down to the nearest integer. More frames can be used to form
the grid, which may be necessary in videos with large motion to achieve better results, but
it requires more computing resources. Using a grid will ensure that the resulting frames are
consistent and contain the general features present in the video. The grid size dictates how
many frames need to be generated by the generative model versus the style propagation
algorithm. Due to the constraints of style propagation, the grid size also sets the maximum
video length that can be processed. A larger grid enables the processing of longer videos or
videos with rapid structural changes that surpass the abilities of style propagation.

For better preservation of the structure, we add additional conditions using ControlNet [18].
ControlNet allows different conditions for controlling the generation or translation of
images (e.g., human pose, segmentation maps, and edges). In our case, the videos consist of
landscapes without people, so we use conditions based on edges, which effectively captures
the shapes and boundaries. Conditions based on human pose would be more appropriate
in clips featuring people. Two common alternatives are Canny edges and HED edges.
While either alternative could be used, we selected HED edges for our implementation.
The edges are extracted from the grid image.

The grid image, the edges, and the prompt are provided to the fine-tuned model,
which produces a stylized image with the same dimensions as the original image. The
resulting image is then separated to obtain stylized keyframes. These keyframes are then
used to propagate the style to the rest of the frames in the next stage.

3.2. Style Propagation

To make the process faster and improve the temporal coherence, our method uses
EbSynth [11], an example-based method for video stylization with a focus on preserving
the visual quality of the style, reflecting structural changes and maintaining temporal
coherence. It does not rely on neural networks. Instead, it uses an implementation of a
non-parametric texture synthesis algorithm.

EbSynth could be used to propagate the style to multiple frames using only a single
reference keyframe (basic stylization), but it also enables a more advanced stylization
requiring some guidance channels (edge, temporal, and positions) for better style propaga-
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tion. These guidance channels must be generated separately and provided as arguments.
For this reason, we compute the guidance channels following the approach of [26].

The advanced stylization is performed in sequences using a forward pass and a
backward pass. A sequence corresponds to the frames between two stylized keyframes. In
the forward pass, three guiding channels (Gtemp, Gedge, and Gpos) are generated as described
in [11] and the style is propagated to the frames in the sequence using the starting keyframe.
In the backward pass, different guiding channels are generated and the style is propagated
using the keyframe from the end of the sequence. This process produces two separate
stylized sequences. Then, each corresponding frame from these sequences is blended to
produce the final stylized frames. With 4 keyframes, the process has to be performed three
times. The final step is to transform the stylized frames into the new video.

4. Datasets and Style Models

We use two datasets: one composed of images for fine-tuning Stable Diffusion with a
custom style and a second dataset consisting of videos to evaluate the results of the method.
For fine-tuning Stable Diffusion, we use 100 squared images of 512 pixels containing
the Ryo Takemasa style. The video dataset consists of 20 videos extracted from Pexels
(https://www.pexels.com/ (accessed on 26 July 2024)). The original dimensions of the
videos are 950 × 540 pixels and vary in duration, ranging from 7 s for the shortest to 60 s
for the longest. The video dataset is publicly available in the project repository. The videos
encompass various camera movements and contain a variety of landscapes, including
forests, mountains, roads, buildings, and more. For the experiments, we use only 90 frames
center cropped to 512 pixels.

In relation to the style models, we use three distinct ones, each incorporating a different
style. We fine-tune one based on the style of Ryo Takemasa, an illustrator based in Nagano,
Japan. This model requires the token “ryo takemasa style” in the prompt to generate or
translate images in this style. The other two models incorporate the styles of Ghibli Studio
and Van Gogh. Both were available at HuggingFace. Ghibli Studio is a Japanese animation
studio based in Koganei, Tokio. The model was trained on images from modern anime
feature films and needs the token “ghibli style” in the prompts. The model with Van Gogh
style was trained with screenshots from the movie Loving Vincent. It requires the token
“lvngvncnt” in the prompt.

5. Experimental Setup

For the experiments, we use two environments: one for fine-tuning a Stable Diffusion
model with the Ryo Takemasa style and the other for video cartoonization. The first
consists of a server equipped with an NVIDIA T4 GPU with 15 GB of vRAM. We employ
the Diffusers [31] library to fine-tune stable-diffusion-v1-5 using the DreamBooth technique.
We fine-tune the U-Net [25] using 10,000 training steps and a learning rate of 2 × 10−6. The
text encoder is trained for 450 steps with the same learning rate of 2 × 10−6.

The second environment consists of a a server equipped with an NVIDIA V100 GPU
with 16 GB of vRAM. Our code implementation is based on PyTorch [32], and the primary
library used is Diffusers [31]. This library contains state-of-the-art diffusion pipelines for
generating images, audio, and even 3D structures of molecules. In particular, we use three
pipelines: StableDiffusionImg2ImgPipeline for text-guided image-to-image generation,
StableDiffusionControlNetPipeline for text-to-image generation using Stable Diffusion with
ControlNet guidance, and StableDiffusionControlNetImg2ImgPipeline for image-to-image
generation using Stable Diffusion with ControlNet guidance. The final results are generated
using StableDiffusionControlNetImg2ImgPipeline (Amazon, Seattle, WA, USA) and the
other two for additional experiments.

For automatically extracting the description of a frame, we use CLIP Interrogator [28].
The clip model used was “ViT-L-14/openai” and the blip “blip-large”. Huggingface served
as the main repository for storing the fine-tuned models. Models with Ghibli and Van
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Gogh styles were already available on that platform, and we upload the new model with
the Ryo Takemasa style.

6. Metrics

Evaluating a method quantitatively for video cartoonization is a challenging task.
A good evaluation should include metrics for style fidelity, content preservation, and
temporal coherence. However, there is a lack of metrics to evaluate all these characteristics.
Image generative models have been evaluated using Fréchet Inception Distance (FID), a
metric that measures the quality and diversity of the generated images. It compares the
distribution of generated images with the distribution of real images. This metric has been
extended to evaluate diffusion models for videos with Fréchet Video Distance (FVD), which
additionally measures the temporal coherence. These metrics have the inconvenience that
they do not measure style and content preservation. Furthermore, they require a large
sample size, usually greater than 50k [33], making them unfeasible for this work.

The lack of robust metrics has led other works to base the evaluation on user studies [34,35].
For example, Rerender a Video [26], one of the most similar works to our approach, uses
a user study with 23 participants to compare the results with other methods. Relying on
users has the drawback of leading to subjective human evaluation and might incorporate
user biases.

Other approaches [22,23,36,37] incorporate CLIP-based metrics to evaluate some
aspects of the models. Following their approach, we use CLIP to assess the temporal coher-
ence and content preservation. The temporal coherence metric consists of computing the
cosine similarity between the CLIP embedding of consecutive frames and then computing
the average to obtain the final result. The content preservation metric is similar; we use the
CLIP embedding of the frames from the source and stylized video and compute the cosine
similarity between the embedding of each pair of frames, and then we average the result.

Regarding style fidelity, we encountered challenges in finding feasible metrics. Conse-
quently, we opted to perform a visual analysis and leave this aspect for future work.

7. Results

The method is applied to the 20 videos in the dataset using the three selected styles:
Ghibli, Ryo Takemasa, and Van Gogh. The resulting videos are available at https://drive.
google.com/file/d/1ErpojLlR_ipJCUxY02rLnpYi1cqSx4ET/view?usp=drive_link (accessed
on 26 July 2024). The file contains two folders: one named “1_final_results” with the final
results. The second folder, “2_extra”, contains two subfolders with additional experiments.
One named “naive” employs basic image-to-image translation and basic style propagation.
The other is an improvement that uses ControlNet conditions and basic style propagation.

7.1. Style Fidelity and Content Preservation Results

In Figure 3, we can appreciate some frames of two translated videos in each style. As
we can see from that figure, the style in the resulting frames is noticeable, and the high
perceptual quality is evident. Additionally, the elements are simplified with clearer object
boundaries and consistent across the subsequent frames. Another important characteristic
is the coherence of the elements across the different frames. In some cases, the shapes are
transformed to match the style, as we can see with the trees in the first row (Ryo Takemasa
style), but still recognizable for a human. Despite the simplification, subtle elements such
as object shadows or light reflection in the water are preserved, as observed in the second
row (Ryo Takemasa style).
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Figure 3. Qualitative results. In the first column, we show the first frame from four videos. The other
four frames were extracted from the corresponding translated videos.

The simplification can be also observed in the videos using the Ghibli style. For
example, in the frames of the third row, the shape of the smoke has been transformed into
a shape similar to a drawing. The texture of the ground from the frames in the third and
fourth rows is constant, only changing between the element boundaries. The results for
the Van Gogh style (last two rows) also show good style fidelity and that the content of the
video is preserved and recognizable even in cases where the elements are transformed to
match the style, as in the forest of the fifth row. It is worth noting that the method produces
good results even in cases where certain elements are not present in all the frames. For
example, in the last row, the train is initially absent in the first frames but then appears in
the following frames, as in the original video.

In addition to the visual results, we measure the content preservation using CLIP-
based metrics, following related works [22,23,36]. We use the CLIP embedding of the
frames from the source and stylized video and compute the cosine similarity between the
embedding of each pair of frames, and then we average the result.
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The quantitative results for the content preservation are summarized in Table 1. The
results show varying values between the videos. In the Ryo Takamasa style, for example,
the video with the highest value has a 0.94 average CLIP cosine similarity between the
original frames and the translated frames, while the lowest value is 0.69. Figure 4 shows
the frames for these two cases. In the worst case, we can see that the shape of the trees is
simplified and the color is changed to match the style. However, the general content is
still recognizable. The difference in content preservation is present in the other two styles
as well.

Table 1. Content preservation results. Average CLIP cosine similarity between original frames and
translated frames. The bold numbers are the highest values, and the underlined numbers are the
lowest values for each column. In the last column, we show the total average for each style next to
the overall minimum value.

Video Identifier Ryo Takemasa Ghibli Van Gogh

01 0.8586 0.8993 0.9401
02 0.6905 0.8118 0.7492
03 0.8852 0.9510 0.9221
04 0.7673 0.8334 0.7602
05 0.7434 0.8233 0.8754
06 0.8839 0.8494 0.8884
07 0.8063 0.8639 0.8090
08 0.7845 0.8815 0.9083
09 0.7806 0.7731 0.7688
10 0.8508 0.8440 0.8667
11 0.8112 0.8262 0.8408
12 0.8467 0.8976 0.7792
13 0.7314 0.8182 0.7511
14 0.9118 0.9200 0.8990
15 0.7733 0.8441 0.8553
16 0.9367 0.9288 0.8986
17 0.8027 0.8016 0.8994
18 0.8835 0.9215 0.7072
19 0.8235 0.8568 0.8022
20 0.8573 0.9366 0.9416

Avg. 0.8215 0.8641 0.8431

Figure 4. Content preservation. Best and worst cases for Ryo Takemasa style.

7.2. Temporal Coherence Results

Temporal coherence is a fundamental property in videos, and we aim to produce
videos that have this property. The temporal coherence metric consists of computing the
cosine similarity between the CLIP embedding of consecutive frames and then computing
the average to obtain the final result. The results are reported for all the videos in Table 2.
The results reveal excellent temporal coherence in the resulting videos. The overall average
CLIP cosine similarity for all the styles is 0.99. As a reference, [22] reported 0.976 average
temporal coherence using the same metric. The high level of coherence is consistent
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across every video of the dataset in all the styles, with minimum average values no lower
than 0.98.

Table 2. Temporal coherence. Average CLIP cosine similarity between embedding of consecutive
frames for 20 videos in the three styles. The underlined numbers are the lowest values for each
column.

Video Identifier Ryo Takemasa Ghibli Van Gogh

01 0.9949 0.9963 0.9982
02 0.9928 0.9947 0.9957
03 0.9912 0.9904 0.9885
04 0.9930 0.9947 0.9952
05 0.9919 0.9943 0.9956
06 0.9876 0.9872 0.9868
07 0.9862 0.9841 0.9859
08 0.9922 0.9954 0.9962
09 0.9925 0.9930 0.9979
10 0.9949 0.9918 0.9917
11 0.9968 0.9973 0.9984
12 0.9953 0.9954 0.9957
13 0.9940 0.9942 0.9935
14 0.9923 0.9945 0.9948
15 0.9950 0.9905 0.9968
16 0.9975 0.9972 0.9982
17 0.9979 0.9947 0.9963
18 0.9960 0.9961 0.9956
19 0.9976 0.9971 0.9945
20 0.9929 0.9952 0.9965

Avg. 0.9936 0.9937 0.9946

7.3. Ablation Study

When conducting image-to-image translation with Stable Diffusion, one of the most
important parameters is the denoising strength. It controls how much Gaussian noise is
added to the reference image before proceeding with the synthesis process. It is important
to find the right amount of noise that enables stylization without destroying the image
(Appendix A includes examples of image-to-image translation with different denoising
strength). The denoising strength can be increased as more conditions are added. However,
the fidelity of the style can be affected by the conditions. In Figure 5, we can see the effects
and how using a description and ControlNet improves the preservation of the content of
the original image (Appendices B–F include examples of image-to-image translation with
different conditions and parameterizations).

These conditions also have a great impact on temporal coherence. In Figure 6, we
show how these conditions increase the similarity in consecutive frames. For simplicity and
better representation, in this graph, we use a basic stylization, propagating the style using
only the reference keyframe and without additional guiding channels. In Figure 7, we show
the temporal coherence results using a basic stylization versus the advanced stylization,
where the style is propagated in sequences based on two keyframes and using additional
guiding channels. In the advanced stylization, we can notice a great improvement in
the temporal coherence, removing the differences between the frames based on different
keyframes, even though there is a small reduction in the similarity between the frames
based on the same keyframes.

Generating frames independently has the drawback that the model is not aware of
the content of previous and future frames, generating different details in each frame and
losing consistency. To address this issue, a more effective approach involves merging
all the source keyframes into a single image, translating the combined image, and then
splitting it back into individual keyframes. Figure 8 shows the CLIP cosine similarity
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between consecutive frames using this method compared to the similarity achieved when
generating the frames independently.

Figure 5. Ablation study: We present variations in translated images under different conditions with
progressively increasing denoising strengths. The initial row illustrates outcomes achieved through
image-to-image translation using only the style identifier. The second row shows the results when
including a description extracted automatically, while the third row showcases outcomes with the
additional inclusion of edge conditions using ControlNet.

Figure 6. Temporal coherence for a video translated with different conditions. The temporal coherence
improves as more conditions are added, especially when translating the frames using grid images.
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Figure 7. Temporal coherence for basic and advanced stylization. The basic stylization produces
clear differences in the stylized frames based on different keyframes, while the advanced stylization
improves the temporal coherence.

Figure 8. Temporal coherence difference between generating frames independently (red line) vs.
generating them using grid images (blue line).

8. Conclusions

This research aimed to develop and apply diffusion models, alongside supplementary
tools and techniques, to transform short videos of backgrounds or landscapes into tem-
porally coherent cartoons. This goal was achieved through the creation of an innovative
method integrating multiple algorithms, primarily [8,11], enabling the automatic stylization
of the short videos or video segments.

A new video dataset has been created and made public for reproducibility and bench-
marking purposes. The quantitative and qualitative evaluation demonstrated great ca-
pabilities for translating short videos using only the reference video and the specified
style, resulting in outstanding temporal coherence. The ablation study underscored the
importance of employing multiple conditions and the use of the image grid to enhance the
coherence and content preservation. However, it is worth noting that the inclusion of more
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conditions comes at the expense of reducing the fidelity of the style. It should be noted that
all the videos underwent translation using a uniform configuration, implying that supe-
rior results could be achieved through customized configurations for individual videos.
Furthermore, the introduction of a new dataset and a new fine-tuned model with the
Ryo Takemasa style enabled us to evaluate the viability and effectiveness of the proposed
method with a custom artistic style that differs from those used during the training of the
base generative model. Despite the visual abstraction of the style and the limited dataset of
only 100 images, the method demonstrates solid style fidelity, structure preservation, and
temporal consistency, highlighting its promising potential for applying custom styles.
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Abbreviations

The following abbreviations are used in this manuscript:

BLIP Bootstrapping Language–Image Pre-training
CLIP Contrastive Language–Image Pre-Training
GAN Generative Adversarial Networks
HED Holistically Nested Edge Detection
SD Stable Diffusion
T2I Text-to-Image

Appendix A. Image-to-Image Translation

Examples of image-to-image translation to three styles with increasing denoising
strength. Parameters: prompt= style keywords, denoising strength= from 0.2 to 0.7, infer-
ence steps = 25, and guidance scale = 7.
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Appendix B. Image-to-Image Translation with Content Description

Examples of image-to-image translation to three styles with increasing denoising
strength and a description of the image content. Parameters: prompt = style keywords +
description extracted using CLIP Interrogator, denoising strength = from 0.2 to 0.7, inference
steps = 25, and guidance scale = 7.
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Appendix C. Text-to-Image with ControlNet Conditions

Examples of image generation guided by text and ControlNet conditions using the
following parameters: prompt = style keywords or keywords plus description extracted
using CLIP Interrogator, inference steps = 25, and guidance scale = 7.5.
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Appendix D. Image-to-Image Translation with ControlNet Conditions

Examples of image-to-image translation with various conditioning parameters for
three different styles. Parameters: prompt = style keywords or keywords plus descrip-
tion extracted using CLIP Interrogator, denoising strength = from 0.2 to 0.7, ControlNet
conditions = HED or Canny edges, inference steps = 25, and guidance scale = 7.5.
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Appendix D.1. Ryo Takemasa Style
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Appendix D.2. Ghibli Style
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Appendix D.3. Van Gogh Style
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Appendix E. Image-to-Image Translation with Conditions on Weight

Parameters: prompt = style keywords or keywords plus description extracted using
CLIP Interrogator, denoising strength = 0.6, ControlNet conditions = HED or Canny edges,
inference steps = 25, guidance scale = 7, and condition weight = from 0.3 to 0.9.
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Appendix F. Image-to-Image Translation with Conditions on Limited Steps

Examples of image-to-image translation with ControlNet conditions applied on in-
creasing percentages of denoising steps. Parameters: prompt = style keywords plus descrip-
tion extracted using CLIP Interrogator, denoising strength = 0.6, ControlNet conditions = HED
or Canny edges, inference steps = 25, guidance scale = 7, condition weight = 0.7, and condi-
tion guidance end = from 0.3 to 0.8.
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