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Abstract

Guanzhong traditional vernacular dwellings are an important component of traditional ar-
chitectural heritage. Their architectural decorative motifs are often attached to components
such as screen walls, gable end piers, doors and windows, door pillow stones, column bases,
tile ends, and roof ridges, making them important visual objects for image based documen-
tation, typological organization, and conservation management of architectural heritage.
Since the relevant images are mainly obtained through field photography, field images
often contain multiple sources of interference, including weathering, spalling, occlusion,
contamination, illumination variation, wall joints, brick joints, shadows, component edges,
and damaged textures. These factors lead to blurred motif boundaries, strong background
interference, and a high risk of misrecognition. Existing motif recognition methods mainly
focus on clear samples and pay insufficient attention to candidate region generation, invalid
texture filtering, and the exclusion of low confidence results in complex field scenarios.
To address these problems, this study proposes a recognition method for architectural
decorative motifs in complex scenarios. Based on field collected images of Guanzhong
traditional vernacular dwellings, the method takes architectural decorative motifs and
non-motif candidate regions as training objects. SAM is first used to generate potential
motif candidate regions. Spatial-prior filtering based on candidate size, aspect ratio, and
SAM stability is then introduced to reduce invalid region proposals, while semantic aggre-
gation is used to retain large candidate regions supported by high-confidence local motif
evidence. Swin Transformer is further adopted as the classification backbone to extract local
texture features and overall structural relationships from candidate regions. A maximum
confidence based rejection mechanism is also introduced to enhance the model’s ability to
exclude low confidence predictions and regions without motifs. Component-level test-set
evaluation and expert-verified complete-field-image evaluation show that the proposed
method can reduce the interference of complex backgrounds and invalid textures, and
improve the recognition stability of architectural decorative regions in field images. This
study provides technical support for image organization, digital documentation, typologi-
cal indexing, and conservation management of architectural decorative motifs in traditional
vernacular dwellings.

Keywords: image based documentation of architectural heritage; Guanzhong traditional
vernacular dwellings; architectural decorative motifs; complex field images; candidate
region segmentation; Swin Transformer; rejection mechanism
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1. Introduction

Architectural decorative motifs are visual objects with clear recognition value in the
image archives of traditional vernacular dwellings. Compared with general building
façades or spatial layouts, decorative motifs are usually embedded in specific architectural
components at a relatively small scale [1]. They reveal craft lines, material textures, and
compositional relationships, while also recording the component system and visual order
of traditional dwellings. Guanzhong traditional vernacular dwellings preserve relatively
complete local building experience. Their architectural decoration is commonly attached
to parts such as gatehouses, screen walls, gable end piers, doors and windows, door
pillow stones, column bases, tile ends, and roof ridges, forming a motif image system
characterized by spatial attachment [2]. These motifs are not isolated patterns. Together
with architectural components, courtyard entrances, wall boundaries, and roof nodes, they
constitute architectural surfaces that can be observed, recorded, and classified. Therefore,
image recognition of architectural decorative motifs in Guanzhong traditional vernacular
dwellings can improve the efficiency of organizing field image materials and provide basic
data support for the digital documentation, typological statistics, and image retrieval of
decorative motifs in traditional dwellings [3,4].

From an international perspective, digital documentation has become an important
technical basis for cultural heritage conservation and management. Remondino and
Rizzi emphasized that reality-based documentation can provide reliable visual and spatial
records for heritage sites, while Remondino further discussed the role of photogrammetry
and 3D scanning in heritage recording and modeling [5,6]. In the field of architectural
heritage management, H-BIM studies have also shown that structured digital information
is useful for documenting, organizing, and reusing heritage data [7]. These studies indi-
cate that image-based recognition is not only a classification task, but also a supporting
technique for heritage information organization and digital documentation.

During preliminary field investigations, the research team found that image acquisition
was often affected by shooting distance, lighting conditions, component height, and viewing
angle [8]. These factors resulted in cluttered backgrounds, inconsistent scales, and unclear
boundaries. At the same time, as the components of traditional dwellings have long been
exposed to the natural environment, weathering, spalling, occlusion, and contamination are
common, further weakening the lines, contours, and categorical features of the motifs [9].
These field conditions create difficulties in subsequent image organization and make
automated motif recognition necessary for improving efficiency and consistency.

In recent years, deep learning methods have been applied to cultural heritage image
analysis, historic architectural component recognition, and the detection of surface deterio-
ration in buildings [10]. Fiorucci et al. reviewed machine learning applications in cultural
heritage and pointed out that classification, retrieval, and visual analysis have become
important directions in computational heritage studies [11]. For architectural heritage
images, Llamas et al. applied deep learning techniques to classify architectural heritage
elements and demonstrated that CNN-based image classification can support the organi-
zation of architectural image archives [12]. More recently, Croce et al. explored the use of
artificial intelligence for architectural heritage classification in an H-BIM context, showing
that visual classification can assist semi-automatic heritage reconstruction and information
modeling [13]. Existing studies have generally followed two technical pathways. One relies
mainly on classification networks such as CNN [14], ViT [15], and Swin Transformer [16],
using whole image input or manually cropped images for category prediction. The other

https://doi.org/10.3390/buildings16153003
2



Buildings 2026, 16, 3003

uses semantic segmentation, instance segmentation, or visual foundation models to extract
possible target regions from complex images. These methods provide useful technical
references for architectural heritage image recognition. However, when whole field images
are directly fed into a classification network, the model is often affected by large wall sur-
faces, component edges, shadows, and damaged textures. This can lead to unstable feature
extraction, increased computational redundancy, and a higher rate of misrecognition. It is
therefore necessary to develop a recognition method for architectural decorative motifs in
complex scene images.

To address these issues, this study constructs a sequential recognition workflow
for architectural decorative motifs in Guanzhong traditional vernacular dwellings. The
workflow combines non-motif candidate training, SAM-based candidate generation, spatial-
prior filtering, semantic aggregation, Swin Transformer classification, and confidence-based
rejection to improve recognition stability in complex field images.

The main contributions of this study are as follows:

1. A dataset of architectural decorative motif images from Guanzhong traditional ver-
nacular dwellings is constructed. Non-motif regions such as wall joints, brick joints,
stains, shadows, and weathered wood textures are incorporated into the sample sys-
tem, in order to reflect the practical problem that motifs and background textures are
often mixed in field images of architectural heritage.

2. This study does not aim to propose a new general-purpose segmentation or detection
model. Its contribution lies in adapting foundation-model candidate generation to
complex architectural heritage field images through a dual-branch workflow that com-
bines macroscopic candidate-region anchoring with fine-grained motif classification.
The workflow integrates spatial-prior filtering, semantic aggregation, long-tailed per-
formance evaluation, and confidence-based rejection to improve recognition stability
under complex field backgrounds.

3. Component-level grouped test-set evaluation, module configuration analysis, and
complete-field-image expert verification are conducted to verify the effectiveness
of the proposed method in organizing architectural decorative motifs in traditional
vernacular dwellings.

2. Research Object and Sample Construction

2.1. Research Object and Image Sources

From January to March 2026, the research team conducted field investigations of tradi-
tional dwellings in Shaanxi Province. The study area covered five cities in the Guanzhong
region, namely Xi’an, Baoji, Xianyang, Weinan, and Tongchuan (Figure 1). Traditional
dwellings in this region are widely distributed, and the preservation conditions of their
decorative components vary considerably. These characteristics make the region suitable
for reflecting the difficulties of motif recognition under complex conditions.

The research images consist of three levels: complete building photographs, architec-
tural component photographs, and cropped local motif images. Complete images were
used to record the dwelling environment and the spatial context of architectural com-
ponents. Component images were used to identify the parts to which the motifs were
attached. Cropped local images served as the basic sample units for model training, valida-
tion, and testing. The samples were classified according to five fields, namely city, district
or county, dwelling, component name, and specific motif. This classification structure
ensures source traceability and facilitates the subsequent indexing, retrieval, and archival
management of decorative images from traditional vernacular dwellings. The samples
were mainly collected from decorative components such as screen walls, gable end piers,
doors and windows, door pillow stones, column bases, tile ends, and roof ridges. The

https://doi.org/10.3390/buildings16153003
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component types include entrance decorations that can be clearly identified at close range,
as well as small scale local motifs that are more strongly affected by viewing angle and
preservation condition.

Figure 1. Study area, dwelling locations, and representative decorative components in Guanzhong
traditional vernacular dwellings.

After screening, cropping, merging, and manual annotation, the dataset contained
47 traditional dwellings and 4706 annotated image samples. These samples were organized
into 164 annotated categories, including 163 architectural decorative motif categories and
one non-motif background category. To clarify the long-tailed distribution of the dataset,
Table 1 reports the number of samples in each first-level category, the number of second-
level categories, and the minimum, maximum, mean, and median number of samples per
category. Non-motif candidates mainly include wall joints, brick joints, stains, shadows,
weathered wood textures, damaged stone surfaces, and blank wall surfaces. They were
introduced as negative samples for rejection training to reduce the probability that invalid
textures would be misidentified as decorative motifs. Rare categories were retained to
preserve the diversity of Guanzhong vernacular decorative motifs.

Table 1. Distribution of first-level motif categories and non-motif candidates.

First-Level Category Samples Second-Level Classes Min Max Mean Median

Plant motifs 1917 52 1 360 36.87 5
Animal motifs 850 40 1 183 21.25 4.5

Human figure motifs 240 4 2 234 60 2
Object motifs 714 33 1 166 21.64 5

Character motifs 150 5 4 85 30 22
Geometric motifs 517 18 1 204 28.72 2.5
Composite motifs 37 11 1 9 3.36 2

Non-motif candidates 281 1 281 281 281 281

2.2. Image Preprocessing

Since the field collected images differed in shooting distance, viewing angle, illumina-
tion, and preservation condition (Figure 2), all samples were preprocessed in a unified man-
ner before training. Images with severe blurring, overexposure, repeated shooting, missing
subjects, or motif boundaries that were difficult to distinguish were first removed [17].
Samples with clear component sources and relatively identifiable motif subjects were re-
tained. For damaged or occluded samples, images were retained when the main features

https://doi.org/10.3390/buildings16153003
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could still be recognized. Samples whose categories could not be confirmed were excluded
from the training data. The cropped images were uniformly resized to an RGB format of
224 × 224 × 3. To improve robustness under field conditions, ColorJitter and Random
Erasing were used during training. ColorJitter was used to simulate outdoor illumination
variation, while Random Erasing was used to simulate partial occlusion, stains, and local
physical damage. Rotation and perspective transformation were not used, as they may
alter the symbolic orientation and compositional order of architectural motifs.

Figure 2. Representative field-image samples showing different spatial carriers and field
image conditions.

2.3. Classification System and Annotation Rules

Considering the large number of architectural decorative motif categories in Guanzhong
traditional vernacular dwellings, the uneven distribution of samples, and the morpho-
logical similarity among some categories, this study adopted a two level classification
system to organize motif labels. The first level consists of broad thematic categories, mainly
used for category statistics, confusion matrix aggregation, and result interpretation. The
second level consists of specific motif names, which serve as the primary label system
for model training and testing. Motif category recognition in this study was mainly con-
ducted based on 163 specific categories of architectural decorative motifs. In addition, one
non-motif background category was included for rejection training and misrecognition
control. Therefore, the complete annotation system contained 164 categories, comprising
163 motif categories and one non-motif category. The non-motif category was not used for
typological interpretation, but was used to help the model distinguish decorative motifs
from invalid background textures.

The first level included eight categories: plant motifs, animal motifs, human figure
motifs, object motifs, character motifs, geometric motifs, composite motifs, and background
regions without motifs. For images containing multiple thematic elements, if one element
occupied the dominant position, the image was annotated according to that primary
element. If multiple elements jointly formed a complete symbolic composition, the image
was classified as a composite motif, and the main constituent elements were recorded in
the second level label. During annotation, each image sample was assigned a first level
category, a second level category, a component location, and an image ID. The second
level categories were used for model training and testing, while the first level categories
were used for category statistics, confusion matrix aggregation, and result interpretation.

https://doi.org/10.3390/buildings16153003
5



Buildings 2026, 16, 3003

Samples with damaged boundaries or partial occlusion were retained when their main
features remained identifiable. Samples with severely missing subjects, indeterminable
categories, or potential annotation ambiguity were excluded from the valid motif categories.
Through these rules, this study preserved fine grained motif information while establishing
a stable label system suitable for recognition tasks involving complex field images.

2.4. Setting of Non-Motif Candidate Region Samples

Misrecognition in complex field images arises not only from the similarity among
motif categories, but also from texture interference in non-motif regions. Wall cracks, brick
joints, spalled surfaces, water stains, shadows, weathered wood textures, and cluttered
backgrounds often present distinct edges or linear textures, making them easily confused
with categories such as scroll motifs, water wave motifs, and fret patterns. To reduce false
positive predictions, this study introduced non-motif candidate region samples. These
samples were not included as architectural decorative motif categories for typological
statistics. They were mainly used for candidate region rejection training, enabling the
model to learn the features of invalid regions such as wall joints, shadows, stains, spalled
surfaces, and natural material textures [18].

3. Recognition Method for Architectural Decorative Motifs

3.1. Overall Framework of the Method

The overall workflow of the proposed method is shown in Figure 3. To reduce the
influence of different shooting conditions on model input, scale and color normalization
were first applied to the images of Guanzhong traditional vernacular dwellings. SAM was
then introduced to generate potential motif candidate regions from complete images, allow-
ing the recognition process to focus first on local areas that may contain decorative motifs.
Since wall backgrounds, cracks, shadows, and fragmented textures may still be included in
the candidate regions, spatial-prior filtering based on minimum candidate area, minimum
side length, aspect ratio, and SAM stability was further used to remove invalid candidate
masks. Large candidate regions were not removed by a fixed maximum-area threshold,
but were further verified through semantic aggregation. This step removed invalid regions
that clearly did not conform to the morphological characteristics of decorative motifs. The
filtered candidate regions were cropped into local images and input into the Swin Trans-
former classification network. Through its hierarchical feature representation capability,
the network extracted both local texture features and overall structural information of the
motifs, and then predicted category probabilities. Low-confidence candidate results were
further removed through the maximum-confidence-based rejection mechanism. The final
output included the candidate region location, motif category, and prediction confidence.

3.2. Field Image Preprocessing

To reduce the influence of input differences in field collected images on subsequent
candidate region segmentation and classification recognition, scale normalization and color
normalization were applied to the images.

For scale normalization, the original image is defined as follows, where H and W
denote the image height and width, respectively.

I ∈ R
H×W×3 (1)

https://doi.org/10.3390/buildings16153003
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Figure 3. Recognition workflow of architectural decorative motifs from complex field images, includ-
ing SAM-based candidate generation, spatial-prior filtering, semantic aggregation, Swin Transformer
classification, and confidence-based rejection.

To control GPU memory consumption and reduce scale differences caused by different
shooting distances, when the long side of an image exceeded the preset threshold L, the
image size was adjusted through proportional scaling.

s =
L

max(H, W)
, Is = Resize(I, sH, sW) (2)

where s is the scaling factor, and Is denotes the normalized input image. For color normal-
ization, the RGB channels were standardized as follows.

I′c =
Ic − μc

σc
(3)

where I′c denotes the pixel value of the c-th color channel, and μc and σc denote the mean
and standard deviation of the corresponding channel, respectively.

After scale and color normalization, the image was input into the candidate region
segmentation module.

3.3. SAM Based Candidate Region Segmentation

To reduce the uncertainty caused by whole image classification, this study introduced
SAM as the candidate region generation module [19].

https://doi.org/10.3390/buildings16153003
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SAM was used to perform full-image candidate region generation on field-collected
images. In this study, the SAM model was implemented using the ViT-B checkpoint
(sam_vit_b_01ec64.pth). The automatic mask generator parameters were set as fol-
lows: points_per_side = 32, pred_iou_thresh = 0.88, stability_score_thresh = 0.92, and
min_mask_region_area = 200. Other parameters followed the default settings of the SAM
automatic mask generator.

The number of generated masks varied across images depending on component
scale, surface texture complexity, carving density, and background fragmentation. These
candidate masks were then passed to the subsequent filtering and semantic aggregation
modules. This setting allowed the system to generate sufficiently dense candidate regions
while reducing unstable masks caused by low-quality segmentation proposals.

M = {m1, m2, . . . , mn} (4)

where mi denotes the set of candidate masks, and mi denotes the i-th candidate region.
Each candidate mask corresponds to a potential visual region in the image.

3.4. Spatial Prior Filtering

The candidate masks generated by SAM contain a large number of non-motif regions.
If these regions are directly input into the classification network, they may increase invalid
computation and cause non-motif regions to be misidentified as decorative motifs. To
reduce such interference, this study introduced a spatial-prior filtering step after candidate
region generation. The filtering process mainly considered candidate area, side length,
aspect ratio, and morphological stability.

For each candidate mask mi, its bounding box is extracted as:

Bi= (xi, yi, wi, hi) (5)

where xi and yi denote the coordinates of the upper-left corner of the bounding box, and
wi and hi denote its width and height, respectively. Let Ai denote the area of the i-th
candidate mask. In the revised workflow, the area constraint was implemented as an
absolute pixel threshold rather than a fixed area-ratio threshold. This setting was adopted
because field images varied substantially in shooting distance, component scale, and motif
size. A strict area-ratio threshold may remove small but valid decorative motifs. Therefore,
candidate masks with an area smaller than 200 pixels were removed. In addition, candidate
boxes with a width or height smaller than 30 pixels were excluded because they usually
corresponded to tiny fragments, noise, or incomplete texture regions.

The minimum area constraint is expressed as:

Ai ≥ Amin (6)

where Ai denotes the area of the i-th candidate mask, and Amin was set to 200 pixels in
the implementation.

The aspect ratio constraint was used to remove elongated regions such as wall cracks,
brick joints, and shadow lines. The aspect ratio of the candidate box is defined as:

ri =
max(wi, hi)

min(wi, hi)
(7)

When ri > rmax, the candidate region was regarded as an elongated invalid region and
was removed. In this study, rmax was set to 4.0.

https://doi.org/10.3390/buildings16153003
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The morphological stability constraint was used to remove unstable or fragmented
masks. In the revised implementation, this constraint was implemented through SAM
stability_score_thresh. Candidate masks with a stability score lower than 0.92 were re-
moved. This setting helped exclude fragmented regions such as cracks, spalled edges, and
scattered stains.

The final threshold settings used in the revised pipeline are summarized in Table 2.

Table 2. Refined threshold parameters used in the proposed pipeline.

Parameter Meaning
Final Value in the Revised

Pipeline

Amin Minimum candidate area 200 pixels

Imin
Minimum width or height of

candidate box 30 pixels

Amax Maximum candidate-area threshold Not used; replaced by semantic
aggregation

rmax Maximum aspect ratio 4

Smin Minimum SAM mask stability 0.92, implemented through SAM
stability_score_thresh

To further quantify the effect of spatial-prior filtering, this study recorded the number
of candidate masks before and after filtering on the complete field-image subset. The SAM
automatic mask generator produced an average of 55.33 ± 23.73 raw candidate masks
per image. After applying the spatial-prior filtering rules, including minimum candidate
area, minimum side length, aspect-ratio constraint, and SAM stability filtering, the average
number of retained masks was reduced to 34.13 ± 16.03 per image. These statistics show
that the spatial-prior filtering stage removed fragmented or geometrically invalid regions
before the subsequent semantic aggregation and classification stages.

As shown in Table 2, the revised pipeline uses absolute minimum-size constraints,
aspect-ratio filtering, and SAM stability filtering. A fixed maximum area threshold was not
used; instead, large candidate regions were further verified through semantic aggregation
based on high-confidence local motif predictions.

Based on these settings, candidate filtering was implemented as a sequential screening
process rather than a single rigid mathematical rule. Invalid small, elongated, or unstable
masks were removed, while large candidate regions were further verified through semantic
aggregation to avoid incorrectly discarding valid decorative regions with large or irregular
spatial scales.

3.5. Swin Transformer Based Motif Classification

In this study, the candidate regions were cropped into local images and input into the
Swin Transformer classification network for motif category prediction. The recognition of
architectural decorative motifs in Guanzhong traditional vernacular dwellings depends on
two types of information. The first includes detailed features such as carved lines, edge
contours, material textures, and local damage. The second includes structural features
such as symmetrical composition, continuous textures, compositional relationships, and
overall shape [20]. Swin Transformer extracts detailed information through local window
attention and establishes connections between adjacent regions through the shifted window
mechanism. It is therefore suitable for processing motif images in which local textures and
overall structures coexist.

https://doi.org/10.3390/buildings16153003
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Let the classification network be f (·), and let the candidate motif image be x. The
network output can be expressed as:

z = f (x) (8)

where z denotes the category score vector output by the classification network. The
prediction probability of each category is obtained through the Softmax function:

P= Softmax( f (x)) (9)

where P= {p1, p2, . . . ,pC}, C denotes the total number of motif categories, and pi de-
notes the probability that the candidate region belongs to the i-th motif category. The
model obtains the predicted category of the candidate region according to the category
probability distribution, and then passes the result to the subsequent confidence based
rejection module.

Through the above processing, the motif recognition task is transformed from direct
classification of field collected images into local classification at the candidate region level
(Figure 4).

Figure 4. Candidate localization, local cropping, motif recognition, and annotation results on a
complete field image.

3.6. Maximum Confidence Based Rejection Mechanism

After candidate region generation and spatial prior filtering, a small number of non-
motif regions may still enter the classification network. These regions often have strong
edge or texture features and may therefore be assigned to a certain motif category during
classification. To reduce this type of misrecognition, this study introduced a maximum
confidence based rejection mechanism after classification output to filter low confidence
candidate results.

For a candidate region x, the classification network outputs the category probability
distribution P= {p1, p2, . . . ,pC}. The maximum prediction probability is defined as:

[pmax = max(P)] (10)

The corresponding predicted category is:

[y∗ = argmax (P)] (11)

https://doi.org/10.3390/buildings16153003
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When pmax is lower than the preset threshold τ, the model is considered insufficiently
reliable in assigning a category to the candidate region, and the system classifies it as
background or an invalid region. When pmax is greater than or equal to τ, the candidate
region is retained and its predicted category is output. This rule can be expressed as:

ŷ =

{
non−motif, pmax < τ

argmax
i

Pi, pmax ≥ τ
(12)

where τ denotes the maximum confidence rejection threshold, and non-motif denotes a
non-motif candidate region or an invalid texture region. The confidence rejection threshold
τ was selected on the validation set by comparing macro F1-score, false-positive rate,
and candidate recall under different thresholds. In this study, two confidence thresholds
were used according to the scale of recognition targets. For macroscopic component
anchoring, the confidence threshold was set to τ = 0.85. For microscopic motif recognition,
the confidence threshold was set to τ = 0.80. These thresholds were selected according to
validation-set performance and were used to balance valid motif retention and non-motif
texture rejection. Since category-specific thresholds may introduce instability for rare motif
categories, this study adopted unified thresholds and discusses adaptive thresholding as a
future improvement. This mechanism reduces false-positive predictions from non-motif
textures such as cracks, stains, shadows, and damaged surfaces.

4. Experimental Design and Results

4.1. Experimental Settings and Dwelling-Level Grouped Split

The experiments in this study were conducted using Python 3.11 and PyTorch 2.7.1
with CUDA 11.8 acceleration on an NVIDIA GeForce RTX 4090 GPU (NVIDIA Corporation,
Santa Clara, CA, USA). SAM was implemented using the publicly released Segment
Anything ViT-B checkpoint, and the YOLOv8 baseline was implemented using YOLOv8n
in the Ultralytics YOLOv8 framework. All input images were resized to 224 × 224 × 3
before being fed into the classification network. Cross-Entropy Loss was used for model
training, and macro-averaged Precision, Recall, and F1-score were reported to reduce the
dominance of frequent categories in performance interpretation. The initial learning rate
was set to 1 × 10−4, and a cosine annealing strategy was adopted to adjust the learning rate.
The batch size was set to 32, and the model was trained for 100 epochs. Figure 5 shows
the training and validation curves during the first 30 epochs, when the main convergence
process occurred. During training, the optimal model parameters were saved according to
the macro F1-score on the validation set and the change in validation loss.

To avoid information leakage caused by visually similar images from the same
dwelling, component, or motif instance, the experiments were reorganized using a dwelling-
level grouped split. All images collected from the same dwelling were assigned to only
one subset. For the component-level grouped evaluation, the training set contained
17 dwellings and 2091 images, the validation set contained 6 dwellings and 121 images,
and the test set contained 10 held-out dwellings and 351 images. This split refers to the
component-level experimental subset used for grouped evaluation, rather than to the entire
field-image archive. This grouped split provides a stricter evaluation setting than the
previous random split because the test samples come from dwellings that were not seen
during training or validation.

https://doi.org/10.3390/buildings16153003
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Figure 5. Training and validation curves for the component-level anchoring classifier. (a) Cross-
Entropy Loss; (b) accuracy.

The training and validation curves for the component-level anchoring classifier are
shown in Figure 5. The classifier converged rapidly during the main training stage, and the
validation accuracy remained relatively stable after the early epochs, indicating that the
model reached a stable training state under the revised grouped-split setting.

4.2. Evaluation Metrics

The proposed workflow was evaluated at three levels. First, training and validation
curves were used to observe the convergence behavior of the classifier. Second, component-
level recognition was evaluated on the dwelling-level grouped test set to examine cross-
dwelling generalization. Third, the complete workflow was evaluated on full field images
using expert verification.

Cross-Entropy Loss was used for multi-class classification. It is defined as:

LCE = −∑K
k=1 yklog( p̂k) (13)

where K denotes the number of classes, yk is the one-hot encoded ground-truth label, and
p̂k denotes the predicted probability of class k.

For the component-level evaluation, Accuracy was calculated as the micro-averaged
accuracy over all test samples:

Accuracy =
1
N ∑N

i=1 1(yi = ŷi) (14)

where N denotes the total number of test samples, yi denotes the ground-truth label, ŷi

denotes the predicted label, and 1(·) is an indicator function.
For each valid component class k, Precision, Recall, and F1-score were calculated as:

Pk =
TPk

TPk + FPk
(15)

https://doi.org/10.3390/buildings16153003
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Rk =
TPk

TPk + FNk
(16)

F1k =
2PkRk

Pk + Rk
(17)

where TPk, FPk, and FNk denote the true positives, false positives, and false negatives of
class k, respectively.

The macro-averaged Precision, Recall, and F1-score were calculated as:

MacroP =
1
K ∑K

k=1 Pk (18)

MacroR =
1
K ∑K

k=1 Rk (19)

MacroF1 =
1
K ∑K

k=1 F1k (20)

where K denotes the number of valid component classes. The non-motif category was
used during rejection training and false-positive control, but it was excluded from the
macro-averaged component recognition metrics. This setting was adopted to evaluate
the recognition performance of valid decorative components without inflating the results
through the background class.

For complete field-image evaluation, this study used the Expert-Verified Localized Hit
Rate (EV-LHR):

EV− LHR =
Nhit

Ntotal
× 100% (21)

where Nhit denotes the number of expert-verified localized-hit cases, and Ntotal denotes the
total number of complete field images evaluated.

4.3. Candidate Generation and Spatial Filtering Statistics

To quantify the behavior of the SAM candidate-generation stage, this study recorded
the number of candidate masks before and after spatial-prior filtering on the com-
plete field-image subset. The SAM automatic mask generator produced an average of
55.33 ± 23.73 raw candidate masks per image. After applying spatial-prior filtering based
on minimum candidate area, minimum side length, aspect-ratio constraint, and SAM stability
filtering, the average number of retained masks was reduced to 34.13 ± 16.03 per image.

These statistics indicate that the spatial-prior filtering stage removed fragmented or
geometrically invalid regions before the subsequent semantic aggregation and classification
stages. Since semantic aggregation was used as a subsequent confidence-based verifica-
tion process rather than as a fixed mask-count filtering threshold, this study reports the
quantitative reduction before and after the explicit spatial-prior filtering stage.

The validation performance curves for fine-grained motif recognition are shown
in Figure 6. The overall validation accuracy was consistently higher than the macro-
averaged metrics, indicating that frequent categories contributed more strongly to the
overall accuracy, while rare motif categories reduced macro Precision, macro Recall [21],
and macro F1-score. Therefore, macro-averaged metrics were used together with Accuracy
to provide a more balanced evaluation under the long-tailed category distribution [22].

https://doi.org/10.3390/buildings16153003
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Figure 6. Validation performance curves for the fine-grained motif recognition task under macro-
averaged metrics.

4.4. Component-Level Test-Set Evaluation

The component-level recognition performance was recalculated under the dwelling-
level grouped test split. The test set contained 351 component-level samples from
10 held-out dwellings and covered six major decorative component categories: drum
stone, pillar base, gable decor, screen wall, door pillow stone, and door skirt. Table 3 reports
the class-wise performance and overall metrics.

Table 3. Component-level recognition performance under the dwelling-level grouped test split.

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

Drum Stone 100 100 100 1
Pillar Base 97.44 82.61 89.41 46

Gable Decor 90 62.5 73.77 72
Screen Wall 94.22 97.02 95.6 168

Door Pillow Stone 67.19 97.73 79.63 44
Door Skirt 83.33 100 90.91 20

Overall accuracy - - 88.32 351
Macro average 88.7 89.98 88.22 351

Weighted average 89.78 88.32 88.05 351
Note: Accuracy is micro-averaged over all test samples. Precision, Recall, and F1-score are macro-averaged over
the valid component classes. The non-motif category was used for rejection training and false-positive control,
but it was excluded from the macro-averaged component recognition metrics.

As shown in Table 3, the proposed method achieved a micro-averaged Accuracy of
88.32%, a macro Precision of 88.70%, a macro Recall of 89.98%, and a macro F1-score of
88.22%. These values replace the previous results obtained under the earlier random split
and provide a stricter evaluation of cross-dwelling generalization.

The corresponding component-level confusion matrix is shown in Figure 7. This
confusion matrix was computed strictly on the dwelling-level grouped test set, rather
than on the validation set or the full evaluated dataset. Most samples were concentrated
along the diagonal. The main errors occurred between gable decor, screen wall, and door
pillow stone, which may be related to their similar carved surfaces and spatial attachment
characteristics in field images.

https://doi.org/10.3390/buildings16153003
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Figure 7. Component-level confusion matrix on the dwelling-level grouped test set.

4.5. Complete Field-Image Evaluation

To evaluate whether the proposed workflow can operate on complete field images
rather than only cropped samples, this study further tested 60 complete field images. These
images covered typical decorative components, including screen walls, gable decor, door
pillow stones, pillar bases, and door skirts, and included common field interferences such
as weathering, occlusion, shadows, wall seams, damaged textures, and background clutter.
A typical recognition result is shown in Figure 8.

For the complete-field-image evaluation, EV-LHR was calculated through a blind
expert-verification protocol. A single senior domain expert in architectural heritage doc-
umentation independently evaluated the localized outputs. The expert only viewed the
images with predicted boxes and was not informed whether each result was generated by
YOLOv8n or by the proposed method. A prediction was counted as a localized hit when the
output region covered the main decorative component or motif area and excluded excessive
background interference, such as blank walls, wall seams, shadows, and damaged textures.
Since the evaluation was conducted by one expert, inter-rater agreement metrics such as
Cohen’s kappa and disagreement-resolution procedures were not applicable.

For the YOLOv8 baseline, the YOLOv8n variant was used because of its lightweight
structure and efficient inference speed. The model was trained for 30 epochs. Its bounding
boxes were automatically generated from the first-stage pipeline as high-confidence pseudo-
labels through semantic aggregation, without manual bounding-box annotation. During
testing, the confidence threshold was set to 0.15 to maximize the recall of the baseline
model, and the IoU threshold for non-maximum suppression was set to 0.45. YOLOv8n
was evaluated on the same 60 complete field images as the proposed method.

https://doi.org/10.3390/buildings16153003
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Figure 8. Typical recognition result on a complete screen-wall field image with background-texture
interference.

YOLOv8n was evaluated on the same 60 complete field images as the proposed
method. The 95% confidence intervals were calculated using the binomial proportion
method. The evaluation results are shown in Table 4.

Table 4. Expert-verified localized hit rate on complete field images.

Method Backbone
Total Test

Images
Anchoring

Hits
EV-LHR

(%)
95% CI

YOLOv8n CSPDarknet 60 35 58.3 45.9–70.9
Ours Swin-Tiny 60 41 68.3 56.6–80.0

The proposed workflow achieved an EV-LHR of 68.3% with a 95% confidence interval
of 56.6–80.0%, outperforming YOLOv8n by 10.0 percentage points under the same complete-
field-image evaluation setting. These results indicate that the proposed method provides
more stable macroscopic anchoring in complete field images with wall textures, shadows,
weathering, and background interference.
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4.6. Module Configuration

To clarify the structure of the proposed workflow, Table 5 summarizes the modules
included in each configuration. This table is used to explain the functional composition of
the pipeline rather than to report detection-style ablation metrics. Since dense bounding-
box or pixel-level annotations were not available for all complete field images, mIoU, AP50,
and AP75 were not reported in this study.

Table 5. Module configuration and functional contribution of the proposed workflow.

Variant SAM
Spatial-Prior

Filtering
Semantic

Aggregation
Swin Classifier

Confidence
Rejection

Swin-T baseline × × × √ ×
SAM only

√ × × × ×
SAM + filtering

√ √ × × ×
SAM + filtering +

semantic aggregation
√ √ √ × ×

Full pipeline
√ √ √ √ √

Note:
√

indicates that the module is included, and × indicates that the module is not included.

As shown in Table 5, the proposed workflow combines SAM-based candidate gener-
ation, spatial-prior filtering, semantic aggregation, Swin Transformer classification, and
confidence-based rejection. These modules jointly support candidate localization, invalid-
region suppression, and final category prediction.

4.7. Limitations

This study still has several limitations. First, dense bounding-box or pixel-level an-
notations were not available for all complete field images, so detection-style metrics such
as mIoU, AP50, and AP75 could not be systematically reported. Second, the complete-
field-image evaluation subset contained only 60 images, which limits the statistical gen-
eralizability of EV-LHR. Third, EV-LHR is an expert-defined metric, although blind ex-
pert verification and confidence intervals were used to reduce subjectivity. Fourth, the
full dataset cannot be publicly released because it contains private dwellings, sensitive
heritage locations, and unpublished field photographs. Finally, the dataset still has a
long-tailed category distribution, and rare motifs remain more difficult to recognize than
frequent categories.

5. Conclusions

This study addressed the recognition of decorative motifs in the image based documen-
tation of traditional vernacular architectural heritage. A dataset of architectural decorative
motif images from Guanzhong traditional vernacular dwellings was constructed, and a
recognition workflow combining SAM-based candidate generation, spatial-prior filtering,
semantic aggregation, Swin Transformer classification, and confidence-based rejection was
proposed. The workflow reduces interference from non-motif regions such as wall joints,
stains, shadows, and weathered textures.

The experimental results show that, under the dwelling-level grouped split, the pro-
posed method achieved a micro-averaged component-level Accuracy of 88.32% and a
macro F1-score of 88.22% over valid component classes. The expert-verified evaluation on
60 complete field images further showed an EV-LHR of 68.3%, outperforming the YOLOv8n
baseline by 10.0 percentage points. These results indicate that the workflow has practical
value for organizing motif regions in complex field images and can provide technical
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support for the digital documentation, image retrieval, and conservation management of
architectural decorative motifs in traditional vernacular dwellings.

In practical architectural heritage documentation, the proposed workflow can be
used as a semi-automatic tool for organizing field images and generating motif-level
visual indexes. The system is suitable for batch processing of field photographs, but
manual verification remains necessary for rare motifs, heavily damaged components, and
ambiguous symbolic compositions. In terms of deployment, the main computational
cost is concentrated in SAM-based candidate generation, while the classification and
rejection stages are relatively lightweight. When transferred to other regions or other types
of architectural heritage motifs, the workflow may require re-annotation of local motif
categories, adjustment of spatial-prior thresholds, and additional training samples for
region-specific decorative forms.
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Abstract

The multi-valued dependency matrix (MVD matrix) is an important testability modeling
approach, which can deliver more comprehensive testability information than the tradi-
tional dependency matrix (D-matrix). However, existing testability strategy optimization
algorithms perform poorly in handling the MVD matrix, and the high-dimensional MVD
matrix further aggravates these limitations as system complexity increases. To address
these problems, a novel testability strategy optimization method under multi-valued de-
pendency conditions based on deep reinforcement learning (DRL) is proposed. Firstly, the
sets of elements and two reward functions to minimize test sequence length and test cost
are established from the MVD matrix. Subsequently, the algorithm for selecting test points
based on Deep Q-Network (DQN) is proposed. The DQN parameters are updated to fit
the Q-value of test points. Thirdly, Double DQN (DDQN) and the prioritized experience
replay (PER) mechanism are introduced to address the overestimation problem and sample
redundancy problem, respectively, in high-dimensional matrix environments. The experi-
mental results show that the testability strategy generated by this method can isolate all
faults with fewer steps or at a lower cost. In a high-dimensional matrix environment, it can
reduce test costs compared with the other heuristic algorithms while maintaining a good
level of stability.

Keywords: multi-valued dependency matrix; testability strategy optimization; deep
reinforcement learning; deep Q-network

1. Introduction

Testability is an inherent characteristic of a product, which refers to the ability to conve-
niently, quickly, and accurately determine its state and isolate internal faults under specified
conditions and within a given time frame. The main purpose of testability is to shorten the
time or cost for fault isolation, thereby ensuring the reliability and maintainability of the
product [1–4].

In testability modeling, the dependency matrix (D-matrix) is the most widely used and
the most intuitively described method [5–8]. The traditional single-value D-matrix uses
binary logical values, with two Boolean logics respectively indicating whether the test point
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can detect the fault [9–11]. For complex systems, due to the extremely large number of
faults and test points, the testing efficiency of the traditional D-matrix is often very low [12].
A dependency matrix with multiple test values is referred to as a multi-valued dependency
matrix (MVD matrix) [13], and it reflects the relationship between faults and tests in a
multi-valued form. Currently, testability modeling based on the MVD matrix method has
been widely applied in various fields. Huang et al. [14] classified the relationship between
faults and test points into three categories, thereby improving the isolation efficiency of
the MVD matrix. Su et al. [15] conducted MVD matrix-based fault testability analysis for
engine systems. Zhu et al. [16] proposed a new method for constructing the four-valued
D-matrix to conduct testability modeling for the fuel metering system of the aero-engine.
The use of an MVD matrix enables the acquisition of richer test result information and
improves the test efficiency of the model.

The primary role of the D-matrix is to assist testers in formulating an optimal testability
strategy, thereby enabling the corresponding test point to isolate all faults with fewer steps
or lower costs [17,18]. Currently, many scholars have conducted relevant studies on
this issue [19–21]. For instance, Liang et al. [22] proposed an optimal testability strategy
method based on the partially observable Markov decision process (POMDP) to address
the problem of unreliable test strategy. Cui et al. [23] introduced hash functions to convert
the dependency matrix into key-value pairs, and utilized the binary search algorithm
to locate the required fault modes. Zhang et al. [24] combined the advantages of the
classic algorithms’ information gain and fault detection weight index to improve the
optimization efficiency. Wang et al. [25] solved the complex system fault test strategy
problem using swarm intelligence algorithms, resulting in an 8–10 times improvement in
testability performance.

However, these methods are only applicable to the traditional binary D-matrix and
have not been extended to the MVD matrix level. When dealing with multi-valued testing,
many of these methods either become inapplicable or yield poor results. Currently, there
are relatively few studies on optimizing testability strategy based on the MVD matrix,
and the existing research mainly focuses on the application of heuristic algorithms [15,16].
Dandan et al. [26] proposed a multi-value testability strategy optimization method based on
information entropy, but this greedy algorithm is prone to getting stuck in a local optimal
solution. Tian et al. [27] introduced the swarm optimization algorithm into the solution
of the multi-valued system test strategy, but the algorithm is limited by its computational
complexity. As modern equipment becomes larger and more complex, the dimensionality
of the MVD matrix increases sharply. Consequently, the inherent limitations of existing
optimization methods become more pronounced. This leads to an exponential growth in
computational costs when existing algorithms are applied to complex systems, which not
only makes it difficult to obtain the optimal solution, but also results in excessively long
operation time.

Deep reinforcement learning (DRL) based on the Markov decision model is an inte-
grated technology combining deep learning and reinforcement learning, and its core idea is
to enable an agent to independently explore the optimal strategy through “trial-and-error
learning” in a complex environment [28,29]. Moreover, it can also utilize the deep neural
network to perform value fitting, thereby addressing the combinatorial explosion problem
in the state space [30]. Currently, DRL has been widely applied in fields such as target
recognition [31], path planning [32], and intelligent decision-making [33].

The core of the testability strategy solution based on the MVD matrix lies in the
decision-making and selection process of test points, which can be regarded as a Markov
decision process. DRL can learn the optimal action plan more quickly, which essentially
means exploring the optimal testability strategy. When facing the high-dimensional MVD
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matrix, DRL can significantly enhance the efficiency and basic accuracy of the testability
strategy optimization process compared with traditional algorithms, and can also provide
a more reliable test strategy.

Therefore, this paper proposes a novel testability strategy optimization method based
on the idea of deep reinforcement learning. Taking the sampling circuit and the multi-
functional integrated radio frequency system (MIRFS) as the research objects, respectively,
the feasibility of this method is verified. Firstly, the Markov decision model is established
based on different optimization goals of the testability strategy to determine the reward
direction for the intelligent agent. Secondly, a Deep Q-Network (DQN) is proposed to
select the optimal test point under different fault isolation states. Thirdly, Double DQN
(DDQN) and prioritized experience replay (PER) mechanisms are introduced, respectively.
The model trained can output the optimal test strategy and diagnostic tree. The main
contributions of this paper are as follows:

(1) The Markov decision model for solving the testability strategy is established. Firstly,
the intelligent agent, state set, action set and state transition probability are defined
from the MVD matrix. Then, the reward functions for testability strategy optimization
are established, and the test sequence length or test cost is linked to the reward
functions. Based on the idea of accumulating the maximum reward in a Markov
decision process, the agent will strive to minimize the length of the test sequence or
the test cost while isolating all faults.

(2) A novel test point optimization algorithm based on the DQN is proposed. A deep
neural network is used to approximate the Q-value functions, and the selection of
the test point will be based on the neural network. Experience samples are obtained
through the MVD matrix, and the parameters of the Q-network are moderately
updated through sample learning based on the Markov decision model. The update
of parameters enables the fitting of the Q-value of test points to converge towards the
shortest test sequence or the lowest test cost.

(3) DDQN and PER mechanisms are introduced to mitigate overestimation and redun-
dant experience samples problems, respectively. As the MVD matrix structure contin-
ues to expand, the overestimation problem of the DQN will be severe. Meanwhile,
the experience samples will also become complex and redundant, which leads to a
decrease in the training efficiency of the model. Therefore, the DDQN and the PER
mechanism are respectively introduced to construct the Prioritized Experience Double
Deep Q-Network (PE-DDQN) algorithm model. It can alleviate the overestimation
problem and make the algorithm learn the optimal action plan more effectively.

The experimental results show that the testability strategy optimization method pro-
posed in this paper can effectively isolate all faults with fewer steps or at a lower cost. In a
contrast experiment conducted in a high-dimensional matrix environment, it can reduce
test costs compared with the other heuristic algorithms while maintaining a good level of
stability. For high-dimensional MVD matrices of complex systems, this method has strong
engineering application prospects and promotion value.

The core contribution of this study lies in the development of a novel framework
based on the existing DRL algorithms, which is structurally tailored for testability strat-
egy optimization under multi-valued dependency conditions. By strategically integrating
mature DRL techniques into the generation of testability strategies, this work signifi-
cantly enhances the applicability of modern AI algorithms in solving practical engineering
testing problems.
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2. Problem Description and Model Construction

2.1. Problem Description

The test strategy optimization problem is a process aimed at designing a series of tests
with a specific strategy based on a predefined quintuple. The core objective is to effectively
identify and isolate the potential fault state set F = { f1, f2, . . . , fm} using a strategically
designed sequence of T = {t1, t2, . . . , tk}.

2.1.1. MVD-Matrix

The MVD matrix is an extended form of the D-matrix for the analog signal test,
which represents the matrix element values as the number of different fault fuzzy groups
according to the effective value of test signals [34,35]. Its row vectors represent the test
values of a certain fault at multiple test points, and a fault is determined when the actual test
values completely match the corresponding row vector. The MVD matrix has an element
value range of 0 to k-1, which is shown as

D =

⎡⎢⎢⎢⎢⎣
d11 d12 . . . d1n

d21 d22 . . . d2n
...

...
...

...
dm1 dm2 . . . dmn

⎤⎥⎥⎥⎥⎦ (1)

When constructing the MVD matrix, the following two sets need to be determined first:
(1) Fault Set
F = { f1, f2, . . . , fm} represents the set of possible failure modes that may occur in the

entire system, where m denotes the total number of failure modes. Each failure fi represents
an independent failure that may cause functional failure in the system.

(2) Test Set
T = {t1, t2, . . . , tk} represents the set of available test items in the system, where k

denotes the number of test items. Each test tj is a tool used to detect or verify a certain
fault state.

On this basis, the MVD matrix needs to be expanded with two additional parts:
(1) Prior Probability Set:
P = {p1, p2, . . . , pm} represents the prior probability associated with each fault fi in

the fault state set, and the sum of these probabilities is 1.
(2) Cost Set:
C = {c1, c2 . . . , cn} represents the cost incurred by using the test point ti, which

includes the manpower, material resources, financial resources, and time consumed.

2.1.2. Optimization of Testability Strategy

Isolating all faults rarely requires utilizing every test point. Due to inherent redun-
dancy, selecting a targeted subset is usually sufficient. Meanwhile, the sequence order
also has an impact on the isolation of faults. Under different sequence orders, the se-
quence of fault isolation and the speed of isolation will vary, which will affect the speed of
troubleshooting when equipment fails. Furthermore, the testing plan can be dynamically
adjusted based on the outcome of each test, which is the primary purpose of a testing
strategy. The testability strategy can also be depicted in the form of a diagnostic tree.

For the optimization of the testability strategy, there are two specific directions:
(1) The test sequence that isolates all faults contains the fewest test points. The elements

of the set Tf of the fault isolation set F are the fewest, as shown in

L =
∣∣∣Tf

∣∣∣. (2)
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This optimization direction focuses on the minimum identification steps for fault
isolation. Based on the assumption of the homogeneity of test operation costs, it achieves
rapid fault location by constructing the smallest independent test set. Essentially, it is
the solution to the smallest complete test subset within the framework of combinatorial
optimization, and is applicable to scenarios where test resources are homogeneous and the
constraints are mainly time complexity.

(2) When all faults are isolated, the weighted test cost is minimized. The calculation
formula for the test cost is shown as

J =
m

∑
i=1

⎛⎝|Tfi
|

∑
j=1

cTfi
[j]

⎞⎠p( fi), (3)

where p( fi) is the prior probability of fault i; Tfi
is the test sequence used for isolating

fault fi;
∣∣∣Tfi

∣∣∣ is the length of the test sequence; cTfi [j]
is the cost of the j-th test in the test

sequence list for isolating fault fi. In order to make the expected test cost universal, this
paper sets the test cost cTfi [j]

as a dimensionless physical quantity.
This direction involves expected cost optimization under probability weighting. The

cost is weighted by the prior probability of failure, and the heterogeneity costs of the testing
operations are considered. Through Bayesian inference and dynamic programming, the
statistical average cost of fault isolation is minimized, corresponding to scenarios such as
the full life cycle maintenance of complex equipment and the allocation of high-cost testing
resources.

Our goal is to minimize the test sequence length or the test cost while isolating
all faults.

2.2. Model Construction

With the increase in fault types and test points, the dimensions of the MVD matrix
model become extremely large, and traditional optimization methods perform poorly. The
DRL optimization method is based on Markov decision processes (MDPs) [36], and it can
find more efficient and accurate solutions, which provides a new approach for the test
optimization of multi-valued systems. Fundamentally, the exact underlying fault in the
system is hidden, which traditionally formulates the test strategy optimization problem
as a POMDP. However, to efficiently apply DRL, we resolve this by utilizing the concept
of information state. By tracking the current set of suspected faults based on past test
outcomes, the next ambiguity state strictly depends only on the current ambiguity state
and the selected test. Therefore, we reformulate the problem into a fully observable MDP
over the information space. This provides a rigorous and consistent theoretical basis for
our DRL framework. In this section, we establish an MDP model based on the MVD matrix
and combine this model with the optimization strategy to form a complete framework for
solving the testability strategy optimization problem.

2.2.1. Set of Elements

(1) Agent:
The agent leverages accumulated experience to maximize rewards and learns from

past suboptimal choices. In this framework, the agent’s actions correspond to the selection
of test points, aiming to choose the optimal test point in any given state.

(2) State set
Assume the current system’s MVD matrix contains m fault modes and n test points,

with multi-valued elements ranging from 0 to k− 1. We strictly define the agent’s state
as a three-dimensional tensor. The principal difficulty in applying reinforcement learning

https://doi.org/10.3390/e28070733
24



Entropy 2026, 28, 733

to high-dimensional MVD matrices lies in the definition of states: as the matrix grows,
the state space becomes high-dimensional and only partially predictive of the eventual
isolation reward, a challenge identified as central to deploying reinforcement learning
beyond tractable laboratory conditions, where states are high-dimensional, continuous,
and partially observable [37]. The three-channel state encoding adopted here is one attempt
to expose the reward-relevant subset of state dimensions to the network.

The three channels extract data from different physical and logical dimensions of
the environment:

Channel 1: static MVD matrix
This serves as the foundational base map of the environment, providing the network

with the global static test response patterns.

C(1)
i,j =

di,j

k− 1
, (4)

where di,j represents the original matrix element, normalized by dividing by the maximum
value k− 1 to ensure a stable input distribution for the network.

Channel 2: dynamic fault row-mask
This channel reflects the real-time “survival status” and “fuzziness” of each fault,

guiding the convolution kernels to focus on rows that have not yet been isolated.

C(2)
i,j =

⎧⎨⎩0, if fault fi is completely isolated
|gx |
m , if fault fi remains in fuzzy group gx

, (5)

where rows of isolated faults are zeroed out entirely. Faults still in a fuzzy group are
assigned the relative size of that group. By encoding the dynamic survival status of the
faults into this channel, the agent is provided with a fully observable belief state, perfectly
aligning with the aforementioned MDP formulation.

Channel 3: action column-mask
This records the consumption of the test sequence, directly cutting off the feature

transmission of executed actions within the 2D space.

C(3)
i,j =

⎧⎨⎩−1, if test point tj has been executed

1, if test point tj has not been executed
, (6)

where executed test columns are entirely set to −1. Paired with the subsequent activation
function, this creates an excellent dead zone masking effect, preventing the network from
evaluating already-taken actions.

(3) Action set
Action set represents the actions that the agent can take in each state. Actions are

usually represented by the symbol A. In this model, the elements of the action set are
defined as the execution of individual tests, and it can be expressed as

A = T = {t1, t2, . . . , tn}, (7)

where n represents the total number of test points in the MVD matrix.
(4) State transition probability
The state transition probability describes the probability of moving to another state

after taking a specific action in a certain state. It is usually denoted by P(sj+1
∣∣sj, aj) , which

represents the probability of transitioning from state sj to state sj+1 given action aj.
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Under the optimization goal of sequence length, we only need to consider the mini-
mality of the test sequence. By default, each test will be conducted on all the fuzzy groups.
Therefore, the state transition is directly defined by the changes in the fuzzy groups before
and after the test, thereby forming a deterministic transition probability. In contrast, under
the cost optimization objective, different branches can adopt different testing schemes.
The environment simulates a single test response based on the faults’ prior probability
distribution, directing the system to a specific fault subset. The model will form a unique
subsequent state based on this subset of fuzzy groups. This MVD matrix-driven phys-
ical transition prevents the agent from falling into superposition states and ensures it
learns the true environmental dynamics, indicating a probabilistic rather than fixed state
transition mechanism.

The relationship diagram of the Markov model obtained from the MVD matrix is
shown in Figure 1.

Figure 1. Model construction process.

2.2.2. Reward Function

For the Markov decision process, the goal of the agent is to accumulate the maximum
reward. The reward function R

(
sj, aj, sj+1

)
represents the reward obtained when taking

action aj and transitioning from state sj to state sj+1. By executing an action, the agent
will transition from one state to another. After executing an action in a certain state, the
agent will receive a reward. Through continuous trial and error and iterative updates,
eventually, the scores of each action in different states are obtained. Based on these score
values, testability strategy decisions will be generated.
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(1) The shortest test sequence
For the shortest test sequence, the classic constant step penalty method is adopted. By

using dense negative feedback, the intelligent agent is forced to search for the shortest path.
The basic idea is that when the agent isolates all the fault fuzzy groups, a positive reward
is given; otherwise, a small negative reward will be given. This indicates that when the
agent moves from state sj to state sj+1 by taking action aj, if the total number of completely
isolated faults in state sj+1 reaches the total number of faults, a positive reward is given,
and a small negative reward is given in other states. At the same time, when the agent’s
state reaches the above condition, it means that all fault isolation has been completed, and
the exploration ends at this point. This reward mechanism ensures that the agent prioritizes
ensuring that only the shortest test sequence can isolate all fault groups, thereby achieving
optimality in the direction of the shortest test sequence. Its reward function is shown as

R
(
sj, aj, sj+1

)
=

⎧⎨⎩rpos, Gtotal = m

−ε, other
, (8)

where rp represents a large positive terminal reward for complete fault isolation; ε is a
strictly positive scalar representing a small fixed step penalty; and m represents the total
number of faults. This mechanism ensures that the agent pays a consistent penalty −ε for
every redundant or inefficient test, thereby driving the Q-learning process to prioritize the
absolute shortest path to reach rp.

(2) The minimum test cost
Regarding the minimum testing cost, since directly using negative reward costs would

lead to inconsistent punishment scales and exploration failure, an innovative cost savings
margin method is proposed, which can utilize a purely forward incentive without negative
feedback to guide the network to converge. The rewards rules are as follows:

(1) For any given state transition, if the action aj fails to isolate any faults in the
currently explored fuzzy group, no reward is given.

(2) When the current fuzzy group is completely isolated down to a single specific
fault fi, the current episodic exploration terminates. According to Equation (3), a terminal
reward Rterminal is given based on the cost savings margin. To calculate this, let Tseq rep-
resent the sequence of tests executed by the agent in the current episode. The terminal
reward is formulated as

Rterminal = η

⎛⎝Ctotal − ∑
tj∈Tseq

cj

⎞⎠, (9)

where cj is the cost associated with executing test tj. As established in Section 2.1.2,
both cj and Ctotal are treated as dimensionless physical quantities to ensure universal
applicability across different system parameters. The parameter η is a positive reward
scaling coefficient.

Consequently, the step-by-step reward function Rt is shown as

Rt =

⎧⎨⎩Rterminal , if isolated to single fi

0, otherwise
. (10)

While standard pathfinding algorithms often rely on negative step penalties, this cost
optimization model uniquely achieves convergence using a purely forward, non-negative
incentive. Because the fault isolation process is framed as a strictly finite-horizon episodic
task, an inverse-cost terminal payout is mathematically sufficient to guarantee policy
convergence. By ensuring that taking fewer, cheaper tests results in a strictly larger Rterminal ,
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the optimal policy naturally aligns with the minimum-cost sequence. Furthermore, the
coefficient η acts as a crucial scaling parameter. Empirical tuning of subsequent experiments
indicates that establishing η to map the terminal reward into a moderate numerical range
(e.g., 101 to 102 as reflected in the stable Q-value convergence curves in Section 4) yields the
highest training stability. This constraint prevents extreme magnitude variance in the target
network, effectively mitigating gradient explosion or vanishing, and ensuring the smooth
convergence of the PE-DDQN model while maintaining sufficient numerical resolution to
distinguish subtle cost differences.

During the output process of the diagnostic tree, when optimizing the testing cost,
the cost generated by isolating a fuzzy group through multiple tests is different. In this
case, it is stipulated that each fuzzy group can use different testing methods. Therefore, for
each unisolated fuzzy group, a recursive state traversal mechanism is adopted. Each fuzzy
group constructs an independent set of state spaces and independently selects the optimal
action to ensure that the weighted cost can be minimized.

3. The Proposed Testability Strategy Optimization Algorithm

After constructing the element set and reward functions in the Markov decision model
based on the MVD matrix, it is necessary to use an effective DRL algorithm to solve the
Markov decision problem. This section proposes a solution algorithm based on the DQN.
By continuously obtaining samples from the MVD matrix to train the DQN and updating
its parameters, the network accurately estimates the Q-value of test points in each state,
providing a basis for selecting test points. At the same time, the PER and DDQN are
introduced to solve the overestimation problem and the problem of excessive sample size
that occur during the model training process due to the high-dimensional MVD matrix.
The DQN trained by the two proposed reward mechanisms can respectively generate test
strategies and diagnostic trees for the two optimization goals. The flowchart of solving the
testability strategy for the MVD matrix is shown in Figure 2.

3.1. The Test Point Optimization Strategy Based on DQN

During the test point selection process, the agent’s goal is to maximize the cumulative
reward. Therefore, it needs to add the maximum reward that can be obtained in future
states to the reward for achieving the current state. The core of the algorithm utilizes the
Bellman equation as the value iteration update [38,39], which is shown as

Qnew(s, a)← Q(s, a) + α[r + γ max
a′

Q(s′, a′)−Q(s, a)], (11)

where Qnew(s, a) is the updated Q-value of the agent’s state s for action a; Q(s, a) is the
Q-value of the intelligent agent’s state s and action a before the update; Q(s′, a′) is the
next state s′ of the updated agent, along with the Q-value for each possible action; r is the
reward obtained by the current action a interacting to transform into the next state s′; a is
the learning rate; γ is the discount factor.

The DQN algorithm uses certain deep neural networks to approximate the Q-value
functions based on Q-learning [40,41]. Figure 3 presents a reinforcement learning training
framework for test point selection based on DQN. The environment is represented by the
MVD matrix, which includes fault states, test points, detection capabilities, and costs. DQN
employs a greedy strategy to obtain experiences from the MVD matrix and conducts model
parameter training. After the DQN model is trained, the initial state is input into the trained
DQN and continuously selects the test point with the highest score to generate a testability
strategy. Based on this, the steps for building DQN to solve the testability strategy are
as follows:
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Figure 2. Testability strategy solution flowchart.

Step 1. Initialization of network and parameters
To stabilize the training process, the standard DQN algorithm utilizes two neural

networks with identical structures but distinct parameter sets. Firstly, the DQN is initialized,
including the policy network Q1 and the target network Q2. The network parameters
are defined: let θ denote the parameters of the policy Q-network, which is continually
updated at each step; let θ− denote the parameters of the target Q-network, which is used
to calculate the target value and is only updated periodically. The networks consist of
convolutional layers, pooling layers, and fully connected layers, as shown in Figure 3.
The networks take the three-channel state space vector as the input, and further capture
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the coupling relationship between the number of fault groups and the isolation efficiency
through convolution-pooling operations. The fully connected layer is the last layer of the
convolutional neural network, which is used to fuse and classify the features extracted by
the convolutional neural network. In DQN, each element of the output vector corresponds
to the Q-value estimate of an action. The Q-value estimates obtained by flattening the
output of the previous layer of the fully connected layer are the basis for the agent to make
action decisions.

Figure 3. Q-network structure.

During the DQN training process, the agent can adopt the ε -greedy strategy to select
actions, thereby ensuring the comprehensiveness of sample coverage. In other words, the
agent will select the action with the highest Q-value with a probability of 1− ε to exploit
the learned policy, and explore other random actions with a probability of ε.

Step 2. Experience collection
The agent interacts with the MVD matrix by selecting actions based on the output

of the fully connected layers of the policy network. After performing an action, the
environment provides a reward and transitions to the next state. The agent stores this
experience (sj, aj, rj, sj+1), including the current state, the executed action, the obtained
reward, and the next state, in the buffer pool. If the buffer pool is full, new experiences will
overwrite the earliest stored ones.

Step 3. Sampling and calculation of Q-value
A batch of experiences is randomly sampled from the buffer pool. Assume that the

batch size is N. These samples are obtained through uniform random sampling from the
replay buffer, and each sample contains a complete experience (sj, aj, rj, sj+1). For each
sampled experience, the Q-value yj is calculated. If the next state sj+1 is a terminal state,
then yj = rj; otherwise, the Q-value calculation formula is

yj = rj + γ max
a

Q2
(
sj+1, a; θ−

)
, (12)
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where yj is the target Q-value of the j-th sampling experience; rj is the immediate reward
obtained by the agent when it transitions from state sj to state sj+1 after taking action aj in
the j-th sampling experience; γ is the discount factor; Q2(sj+1, a; θ−) is the Q-value estimate
for taking action a in state sj+1, calculated through the target network; θ− is the parameters
of the target network.

Step 4. Loss calculation and backpropagation
For each sampled empirical sample, the current state sj is input into the Q-network to

obtain the predicted Q-value corresponding to the executed action aj.
The loss function adopts the mean square error (MSE), and its expression is shown as

L(θ) =
1
N ∑

j
(yj −Q1(sj, aj; θ))2. (13)

This loss function measures the difference between the predicted Q-value and the target
Q-value. The training objective is to minimize this loss function, so that the Q-network can
better approximate the target Q-value.

Based on the calculated loss, the parameters θ of the policy network are updated
through the backpropagation algorithm. The backpropagation algorithm starts from the
loss function and calculates the gradients along the hierarchical structure of the Q-network
in reverse. The parameters of the network are updated according to the gradients and the
learning rate. The gradient update of the parameters is shown as

θ ← θ − lr · ∇θ L(θ), (14)

where lr is the learning rate.
Step 5. Update of target network
After a certain number of steps, the target network needs to be checked and updated.

If the update conditions are met, the parameters of the policy network are copied to the
target network:

θ− ← θ. (15)

The parameters of the target network will keep up with the update pace of the policy
network and maintain the relative stability.

3.2. The Optimization of the DQN Model—PE-DDQN

As the system becomes increasingly complex, the high-dimensional MVD matrix
exacerbates the overestimation issue in DQN caused by selecting the maximum Q-value
during training and error accumulation. The large five-tuple matrix structure increases
the diversity of experience samples, while traditional experience replay cannot prioritize
important samples. To address these problems, we combine DDQN and PER to construct
the PE-DDQN model to adapt to the high-dimensional MVD matrix environment.

As the system becomes increasingly complex, the high-dimensional MVD matrix
exacerbates the overestimation issue in DQN caused by selecting the maximum Q-value
during training and error accumulation. The large five-tuple matrix structure increases the
diversity of experience samples, while traditional experience replay cannot prioritize im-
portant samples. To address these problems, we combine DDQN and PER to construct the
PE-DDQN model to adapt to the high-dimensional MVD matrix environment. The overes-
timation and sample-redundancy problems noted above reflect a broader observation that,
in high-dimensional and continuous settings, reinforcement learning must contend with
sparse, noisy experience and with the tension between model-free and model-based up-
dating; stable, reward-relevant state representations have been argued to be a prerequisite
for reliable learning under these conditions [42]. In the present method, the three-channel
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encoding together with prioritized experience replay and the decoupled Double-DQN
targets serve this role, suppressing the overestimation and sample-redundancy effects that
the high-dimensional MVD matrix would otherwise amplify.

3.2.1. DDQN

The overestimation problem exists in the aggressive Q-learning algorithm. DDQN is
mainly designed to address the suboptimal strategy issue caused by the overestimation
of action values in Q-learning. It separates action selection from action evaluation. When
choosing the next action a∗, the Q1 function is used for selection, which is shown in

a∗ = argmax
a

Q1(sj+1, a). (16)

When calculating the target value, another function Q2 is used to evaluate the value of this
action. The formula for updating the target value becomes

Q1(sj, aj)← Q1(sj, aj) + α[rj + γQ2(sj+1, a∗)−Q1(sj, aj)]. (17)

This operation can reduce the overestimation phenomenon caused by always choosing
the maximum estimate value. By regularly exchanging the parameters of Q1 and Q2, the
two Q-networks can both participate in action selection and evaluation, ensuring fairness
and accuracy.

3.2.2. PER Mechanism

PER breaks the uniform sampling of traditional experience replay, and prioritizes learn-
ing important samples based on temporal difference error (TD-error). For an experience
sample (sj, aj, rj, sj+1), the formula for calculating the TD-error is

δ = rj + γQ2(sj+1, argmax
aj+1

Q1(sj+1, aj+1, θ); θ−)−Q1(sj, aj; θ). (18)

The larger the TD-error is, the greater the gap between the predicted value of the current
sample and the target value will be. This means that this sample is more likely to contain
important information, such as it might be a sample that can isolate multiple test points, or
a sample located at a critical decision point.

After calculating the TD-error for each sample, a priority function p = f (δ) is used
to determine the priority of the samples. The specific approach is to set p = | δ | + ε,
where ε is a small positive number used to ensure that all samples have non-zero priorities.
This ensures that even samples with a TD-error of 0 have a certain chance of being selected.
In the experience replay buffer, in addition to storing the experience samples (sj, aj, rj, sj+1),
the priority p of each sample also needs to be stored. This can be achieved using a priority
queue or an array with priority information.

Next, sampling is carried out based on the priority of the samples. One common
sampling method is based on probability distribution, and this probability distribution
is related to the priority of the samples. Specifically, the probability formula for selecting
sample i is shown as

P(i) =
pα

i
∑
k

pα
k

, (19)

where P(i) is the priority of sample i; α is the PER prioritization exponent hyperparameter
that determines the degree of influence on priority control. When α = 0, the sampling
becomes uniform sampling; the larger α is, the greater the probability that the samples with
higher priority will be selected.
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To avoid always selecting the sample with the highest priority, importance sampling
weight wi is applied to adjust the contribution of the sampled samples to the training, and
its calculation formula is shown as

wi =
(N × P(i))−β

max
j

wj
, (20)

where N is the total number of samples in the experience buffer zone; β is the PER impor-
tance sampling hyperparameter used to adjust the degree of adjustment of the importance
sampling weights.

3.3. Algorithm Implementation Steps

Based on the traditional DQN, DDQN and PER are introduced to construct a PE-
DDQN model for testability strategy optimization. The specific implementation of the
algorithm process of PE-DDQN is shown in Figure 4. The steps for establishing the PE-
DDQN can be summarized as five steps as follows.

Figure 4. The flowchart of PE-DDQN.
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(1) The initialization of policy network and target network. Firstly, the parameters of the
DQN and the target network need to be initialized separately. The network structure
adopts a convolutional neural network.

(2) Priority experience collection. The agent selects test points through a greedy strategy
and obtains the next state and the reward for that step from the MVD matrix to obtain
experience samples and store it in the buffer pool. This process continues until all
faults are isolated and the termination state is reached. At the same time, for each
sample, the TD error is calculated, and a priority is assigned.

(3) Sampling and loss calculation. When the number of samples in the pool is greater
than the batch size, the algorithm will select samples according to priority. The agent
uses the policy network to select actions and calculate the current Q-value, and uses
the target network to calculate the target Q-value.

(4) Backpropagation. The policy network parameters are updated through backprop-
agation, and the updated parameters consist of two parts. One part consists of the
parameters of the convolutional neural network in DQN, and the second part is the
weight parameters of the PER pool.

(5) Update of the target network. After a certain number of training sessions, the param-
eters of the DQN will be assigned to the target network for the update of the target
network.

After completing the steps, the agent will return to the second step to begin collecting
priority experience samples and initiate the next round of training. The algorithm will
repeat the above steps until the network converges or the preset number of training
iterations is reached.

4. Experimental Verification

Before delving into the specific case studies and algorithmic comparisons, the network
architectures and overall training configurations are established by adjusting parameters.
The detailed structural parameters of the DQN utilized for state feature extraction are
summarized in Table 1.

Table 1. The structure of DQN.

Layer Type Size Stride
Number of

Convolutional Kernels
Explanation

Input layer m × n × 3 -- -- Receives the 3-channel 2D state
tensor.

Convolutional layer 3 × 3 1 × 1 32 Extracts initial coupling features.

Pooling layer 2 × 2 2 × 2 -- Reduces dimensions, retains salient
features.

Convolutional layer 3 × 3 1 × 1 64 Expands receptive field for
higher-order features.

Pooling layer 2 × 2 2 × 2 -- Compresses spatial redundancy.

Flatten layer -- -- -- Flattens 2D maps into 1D.

Fully connected layer 512 -- -- Fuses all features globally.

Fully connected layer n -- -- Outputs Q-values for n test points.

Furthermore, to ensure strict methodological reproducibility, all vital hyperparameters
involved in the training phase of the PE-DDQN agent are explicitly defined in Table 2.
This set of hyperparameters can enable the algorithm to balance both training stability and
training efficiency during the subsequent training process.
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Table 2. Hyperparameters for training.

Parameter Symbol Value Description

Learning rate lr 0.001 Step size for Adam optimizer
Discount factor γ 0.99 Importance of future rewards

Replay buffer size - 20,000 Max experience capacity
Mini-batch size - 64 Samples per network update

PER prioritization exponent α 0.6 Degree of prioritized sampling
PER importance sampling β 0.4~1.0 Importance sampling weight

Target-update interval - 500 steps Target network sync frequency

4.1. Experimental Case 1
4.1.1. MVD-Matrix Modeling

The first research object is a sampling circuit composed of an amplification and sub-
traction circuit, which is shown in Figure 5. It is an important component of a digital signal
system, which can provide a reliable data source for subsequent digital signal processing
and enhance the flexibility and multi-band adaptability of the system. A total of 14 fault
conditions (open/short circuit of resistors and short circuit of capacitors) are defined, and
together with the normal state, there are 15 working conditions, and 9 test points are set.

Figure 5. Sampling circuit.

The circuit voltage excitation is set as a sinusoidal AC voltage source with an amplitude
of 4 V and a frequency of 1 kHz. The transient analysis voltage signal is used until
stabilization. Based on the actual experiment and exported data, the set simulation time
is observed to be 10 ms, and the maximum time step is 1 ms. The experiment recorded
the effective values of each test point under different fault conditions. Based on the 0.3 V
voltage drop threshold, the MVD matrix of the sampling circuit is constructed by fuzzy
integer encoding, as shown in Table 3. The redundant test point T3 is eliminated because
its multi-valued fault response column is completely identical to test point T1, offering no
additional fault isolation information.
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Table 3. MVD matrix of sampling circuit.

FT T1 T2 T4 T5 T6 T7 T8 T9

F0 (normal) 1 0 2 4 4 1 1 2
F1 (R1 open) 0 1 0 1 8 1 1 2
F2 (R1 short) 2 1 3 4 0 1 1 2
F3 (R2 open) 1 0 4 3 6 0 1 2
F4 (R2 short) 1 1 1 4 3 1 1 2
F5 (R3 open) 1 1 2 4 2 1 1 2
F6 (R3 short) 1 1 2 7 9 1 1 2
F7 (R5 open) 1 0 2 5 5 1 1 2
F8 (R5 short) 1 0 2 2 6 1 0 1
F9 (R6 open) 1 0 2 0 8 1 1 0

F10 (R6 short) 1 1 2 7 7 1 1 3
F11 (R7 open) 1 0 2 7 9 1 1 2
F12 (R7 short) 1 0 2 4 2 1 1 2
F13 (C6 short) 1 1 2 6 8 1 2 3
F14 (C7 short) 1 1 3 4 1 1 1 2

4.1.2. Optimization of Test Sequence Length

For this simulation circuit, the failure rates of all components are approximately equal,
and the difficulty of conducting tests at each test point is comparable. Therefore, our
objective is to take the fewest number of steps to quickly isolate all faults. With the aim of
minimizing the test sequence length, the corresponding reward function is selected. The
PE-DDQN testability model is constructed and trained according to the steps described in
the third subsection. The maximum number of iterations is 200.

The average Q-value during the training process is shown in Figure 6a. When the
average Q-value rises to a certain extent, it enters a state of stable small fluctuations. This
indicates that the algorithm has achieved a certain degree of convergence and has found a
relatively stable strategy. The small fluctuations are caused by the setting of the exploration
rate. However, overall, the average Q-value remains within a relatively stable range,
indicating that the algorithm has good stability. This stability enables the agent to make
relatively consistent decisions when facing similar situations, improving the reliability of
the algorithm in practical applications.

 
(a) (b) 

Figure 6. The training process of PE-DDQN: (a) average Q-value; (b) required steps.

The steps required for the agent to reach the destination are shown in Figure 6b.
Initially, the required test sequence length fluctuates considerably due to the agent’s explo-
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ration and unfamiliarity with the environment, leading to inefficient actions and longer
sequences. As training proceeds, the agent learns and optimizes its strategy, so the sequence
length decreases rapidly. After stabilizing at a low level, minor occasional fluctuations
demonstrate the algorithm’s adaptability to environmental uncertainties.

Subsequently, the initial state is selected and sent to the trained model. The test point
with the highest Q-value is taken and updated to the next state. This step is repeated until
all faults are isolated. The final output test sequence is [T5, T6, T2]. According to Table 3,
the diagnostic tree can be plotted based on the output test sequence.

At the initial state, all faults are not distinguished, meaning all faults are in a fuzzy
group. Firstly, the agent selects test point T5, which divides the fault group into eight
parts: {F9}, {F1}, {F8}, {F3}, {F0, F2, F4, F5, F12, F14}, {F7}, {F13}, {F6, F10, F11}. Then, the test
point T6 in the current state is selected, which divides the two incomplete isolated fuzzy
groups into {F0}, {F2}, {F4}, {F5, F12}, {F14}, {F6, F11}, {F10}. These fuzzy groups, along
with the faults F9, F1, F8, F3, F7, F13, isolated in the previous round, indicate that there are
currently 11 isolated faults and two incomplete isolated fuzzy groups of faults. Finally, the
agent selects test point T2 for the test. At this point, all faults will be completely isolated.
According to the above logic, the drawn diagnostic tree is shown in Figure 7. In the figure,
the green boxes represent the selected test points, and the gray circles represent the faulty
fuzzy groups.

Figure 7. Diagnostic tree based on test sequence length.

By adjusting the initial seed during the model’s operation, five independent model
training sessions are conducted, and the final test sequence is the output. The length output
by the five experiments is all three, and the results are shown in Table 4. From the output
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results, it can be seen that although the test sequence and sorting methods vary each time,
they can each successfully isolate every fault through three testability tests. This indicates
that there is more than one sequence that can isolate all the faults with the minimum
number of diagnostic attempts, but they are all the shortest test sequences.

Table 4. The sequences output from the five experiments.

Number of Experiments 1 2 3 4 5

Output sequence T5→T6→T2 T6→T2→T5 T6→T2→T5 T6→T2→T9 T9→T6→T2

4.2. Experimental Case 2
4.2.1. MVD-Matrix Modeling

The second case study focuses on the MIRFS, which is a shared electronic platform
that relies on radio frequency integration, software integration, and aperture integration
technologies. Currently, it has been widely applied in military electronic countermeasures
and civil aircraft communication. The structure diagram of MIRFS studied in this paper is
shown in Figure 8. It replaces the complex discrete antenna apertures with a broadband
distributed multi-functional aperture, and realizes resource sharing and function recon-
struction by using scheduling control algorithms and software programming. It mainly
consists of three core modules: radio frequency (RF) processing, signal processing, and
integrated management. These modules work in synergy to implement the functions from
RF signal reception and processing to integrated management and output. Meanwhile, it
interacts with the avionics bus and is integrated into the overall avionics system.

Figure 8. The structure of MIRFS.

Based on the system structure composition of the aforementioned MIRFS, the MVD
matrix model of MIRFS is shown in Table 5. This fault information covers the normal
state of the system and 20 typical faults, and also provides the occurrence probabilities of
these faults. The occurrence probabilities are derived based on the operational patterns
of the system in actual engineering. The test information contains 10 test points derived
from the MIRFS architecture, with their respective execution costs specified. The test items
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are: T1 (antenna Standing Wave Ratio), T2 (Power amplifier (PA) output power), T3 (RF
switch time), T4 (Intermediate frequency (IF) amplitude), T5 (down-conversion gain), T6
(digital channel), T7 (data processing), T8 (control bus load), T9 (avionics bus rate), and
T10 (system connectivity). The execution costs are set differently based on the complexity
and operational difficulty of the detection modules. The values in the matrix represent the
detection response values of each fault at the corresponding test points. Test points with
insignificant fault differences will be grouped into the same fuzzy category.

Table 5. MVD matrix of MIRFS.

Fault
(Probability)

Fault Message
T1

(1.0)
T2

(1.5)
T3

(2.0)
T4

(1.8)
T5

(2.0)
T6

(1.0)
T7

(1.6)
T8

(0.8)
T9

(1.1)
T10
(2.6)

F0 (0.8500) No fault 1 1 1 1 1 1 1 1 1 1
F1 (0.0050) Antenna short circuit 0 0 0 0 0 0 0 1 1 2
F2 (0.0090) RF switch jamming 3 2 4 3 4 4 1 1 0 0
F3 (0.0050) Main PA gain loss 1 1 0 0 0 0 0 1 1 2
F4 (0.0080) Power PA overload 2 3 6 5 6 6 1 1 2 0
F5 (0.0120) Antenna impedance mismatch 1 1 1 1 1 2 1 1 5 0
F6 (0.0070) IF signal failure 0 0 3 2 3 3 1 1 8 0
F7 (0.0080) Conversion gain drift 3 2 5 4 5 5 1 1 4 0
F8 (0.0060) RF switch input fault 3 2 0 0 0 0 1 1 7 0
F9 (0.0090) Digital channel overflow 3 2 6 6 7 7 1 1 6 0
F10 (0.0060) Signal sampling fault 3 2 2 0 0 0 1 1 7 0
F11 (0.0070) Switch cross fault 3 2 3 3 4 2 1 1 4 0
F12 (0.0080) IF filter abnormality 3 2 3 2 0 8 5 1 8 0
F13 (0.0090) Data processing loss 3 2 3 2 2 8 4 1 8 0
F14 (0.0070) Management command delay 3 2 3 3 4 4 1 1 0 0
F15 (0.0050) Audio distortion 3 2 3 3 4 4 2 1 8 0
F16 (0.0080) Switch output fault 3 2 3 3 4 4 3 1 8 0
F17 (0.0050) IF sampling error 3 2 3 3 4 4 2 2 3 0
F18 (0.0080) Management comm. interrupt 3 2 3 3 4 4 0 0 1 0
F19 (0.0050) Control bus error 1 3 2 3 3 4 0 2 1 0
F20 (0.0130) Bus communication fault 2 2 3 4 2 4 1 0 1 0

4.2.2. Optimization of Test Cost

For the MIRFS system, the complexity and operational difficulty of its test points are
different, and the failure probabilities of each component also vary. Therefore, we consider
using a low testing cost to isolate all the faults. Similarly, with the aim of minimizing
the test cost, the corresponding reward function is selected. The PE-DDQN testability
model is constructed and trained according to the steps described in the third subsection,
whose process is shown in Figure 9. Compared with the reward function based on the
test sequence length, the reward function based on the test cost increases the reward for
isolating faults, and thus, the overall Q-value during the training process is higher than
that of the test sequence length. Meanwhile, the test cost output by the model also tends
to converge.

By inputting the initial state vector into the trained model, the test sequence corre-
sponding to the minimum test cost is output. The mean and standard deviation of the
results from five independent repeated experiments with random seeds are 1.2404 ± 0.0040.
The lowest testing cost among the five experiments is 1.2370, and the costs for each fault are
shown in Table 6. The final output of the test point set includes [T6, T1, T9, T7, T3]. Unlike
the optimization of test sequence length, this is merely a possible set of measurement points
that might be adopted during the testing process, rather than a fixed testing sequence. The
actual testing process will dynamically adjust the test points based on the results of each
diagnostic step, thereby forming a dynamic diagnostic tree. The execution begins with
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T6, which serves as a highly discriminative root node, isolating faults F0, F4, F6, F7, F9
and F12, F13 (via further branches). Following the diagnostic tree, the agent dynamically
selects subsequent tests based on the specific ambiguity group remaining. For example,
for the subgroup [1,3,8,10], the agent performs T1 to isolate F1 and F3, and further utilizes
T3 to distinguish F8 and F10. Notably, for the complex subgroup [2,14–20], the agent
adopts T9, followed by T1, T3 and T7 in a branching manner, ensuring that each fault is
isolated through the shortest path relative to its individual probability-weighted cost. The
diagnostic tree is shown in Figure 10. Enumeration verification confirms that this test yields
the lowest test cost.

 
(a) (b) 

Figure 9. The training process of PE-DDQN: (a) average Q-value; (b) test cost.

Figure 10. Diagnostic tree based on test cost.
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Table 6. Test cost table for each fault.

No. Test Points Cost No. Test Points Cost No. Test Points Cost

F0 T6 0.85000 F7 T6 0.00800 F14 T6→T9→T3 0.02870
F1 T6→T1 0.01000 F8 T6→T1→T3 0.02400 F15 T6→T9→T7 0.01850
F2 T6→T9→T3 0.03690 F9 T6 0.00900 F16 T6→T9→T7 0.02960
F3 T6→T1 0.01000 F10 T6→T1→T3 0.02400 F17 T6→T9 0.01050
F4 T6 0.00800 F11 T6→T1 0.01400 F18 T6→T9→T1 0.02480
F5 T6→T1 0.02400 F12 T6→T7 0.02080 F19 T6→T9→T1 0.01550
F6 T6 0.00700 F13 T6→T7 0.02340 F20 T6→T9→T1 0.04030

4.2.3. The Comparison of the Two Reward Mechanisms

In order to compare the characteristics of the two reward mechanisms, the length
of the test sequence for MVD matrix of MIRFS is optimized. Under the test sequence
length optimization reward function, the output test sequence is T9, T3, T1 and T7, and
the total test cost corresponding to the output sequence is 4.948. The comparison of the
outputs of the two reward mechanisms is shown in Table 7. The cost differences between
the two mainly lie in two aspects. The algorithm based on the test cost optimization reward
mechanism considers how to isolate the most likely occurring fault F0 with the smallest
test cost combination as soon as possible, while the algorithm based on the test sequence
length optimization reward mechanism considers how to isolate all faults more quickly.
Although the number of test points has increased, it has, to some extent, reduced the test
cost and enabled the test to be conducted in a more economical manner.

Table 7. Comparison of two reward mechanisms.

Reward Mechanism Test Sequence (Set) Sequence Length Test Cost Core Difference

Test sequence length T9→T3→T1→T7 4 4.948 Fewer steps and faster speed
Test cost [T6, T1, T9, T7, T3] 5 1.2370 More economical

4.3. Contrastive Analysis
4.3.1. Comparison with Traditional Algorithms

In order to study the performance differences in the proposed algorithm compared
to the traditional testability strategy optimization methods, as well as its outstanding
superiority in high-dimensional matrix, this paper compares the optimization performance
of the proposed PE-DDQN algorithm with that of six traditional optimization algorithms
under various dimensional MVD matrix, including ant colony (AC), growing, rollout, info-
entropy greedy (IG), genetic algorithm (GA), and particle swarm optimization (PSO). The
MVD matrix dimension used in the contrastive experiment increases in dimension, ranging
from 20 to 200. For each matrix dimension, 30 repeated experiments are conducted using
seven different algorithms, ensuring the reliability of the experimental results. Elements
within the matrix are randomly generated, and a certain change is added in each repeated
experiment. Since the optimal solution for the shortest sequence length often has multiple
possibilities, this optimization objective is relatively simple and cannot fully reflect the
superiority or inferiority of the algorithm. Therefore, the complex and representative test
cost is selected as the optimization objective.

Table 8 presents the average test cost and standard deviation obtained from 30 experi-
ments of seven algorithms across various MVD matrix dimensions. It can be observed from
Table 8 that some heuristic algorithms, such as GA and PSO, maintain a relatively good
ability to search for the optimal test cost when the matrix dimension is relatively small.
The average value of the results from multiple experiments is not significantly different
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from that of PE-DDQN. However, as the dimension of the matrix increases, the average
test cost of all traditional optimization algorithms gradually exceeds that of PE-DDQN
during the process of continuous increase, and thus falls into a local optimum. In contrast,
the proposed PE-DDQN algorithm maintains the lowest average test cost across all tested
high-dimensional scenarios, demonstrating stable and superior cost optimization capability.
This is because these heuristic methods require the analysis and calculation of a large
amount of data, involving numerous variables and complex logical relationships. As the
scale of the system continues to expand and its complexity deepens, the computational load
will show an exponential growth trend, making it impossible to find the optimal solution.
Meanwhile, the relatively small standard deviation of the PE-DDQN algorithm as a whole
also indicates that its stability is higher compared to other algorithms, and it has broader
application value.

Table 8. Comparison of average test cost and standard deviation for 30 trials.

Dim PE-DDQN AC Growing Rollout IG GA PSO

20 2.155 ± 0.0029 2.165 ± 0.0017 2.184 ± 0.0020 2.167 ± 0.0021 2.213 ± 0.0032 2.163 ± 0.0020 2.165 ± 0.0018
40 2.215 ± 0.0033 2.235 ± 0.0023 2.275 ± 0.0024 2.242 ± 0.0028 2.246 ± 0.0016 2.229 ± 0.0024 2.226 ± 0.0020
60 2.236 ± 0.0032 2.329 ± 0.0021 2.395 ± 0.0029 2.298 ± 0.0036 2.444 ± 0.0026 2.260 ± 0.0030 2.273 ± 0.0026
80 2.285 ± 0.0024 2.316 ± 0.0043 2.449 ± 0.0025 2.388 ± 0.0034 2.516 ± 0.0022 2.323 ± 0.0025 2.303 ± 0.0033

100 2.360 ± 0.0032 2.426 ± 0.0033 2.554 ± 0.0027 2.474 ± 0.0048 2.634 ± 0.0041 2.457 ± 0.0035 2.445 ± 0.0029
120 2.507 ± 0.0024 2.685 ± 0.0028 2.853 ± 0.0027 2.606 ± 0.0062 2.973 ± 0.0021 2.628 ± 0.0036 2.627 ± 0.0035
140 2.590 ± 0.0026 2.798 ± 0.0050 3.014 ± 0.0022 2.785 ± 0.0058 3.158 ± 0.0032 2.769 ± 0.0061 2.732 ± 0.0038
160 2.683 ± 0.0021 2.887 ± 0.0045 3.061 ± 0.0028 2.886 ± 0.0052 3.177 ± 0.0020 2.870 ± 0.0049 2.818 ± 0.0050
180 2.824 ± 0.0029 2.967 ± 0.0046 3.070 ± 0.0021 2.968 ± 0.0048 3.191 ± 0.0045 2.964 ± 0.0039 2.911 ± 0.0072
200 2.941 ± 0.0022 3.017 ± 0.0055 3.084 ± 0.0023 3.069 ± 0.0059 3.192 ± 0.0024 3.081 ± 0.0078 3.027 ± 0.0031

In order to further quantitatively verify the statistical reliability of the performance
advantages of the PE-DDQN algorithm under various conditions of dimensions, a two-
way analysis of variance (ANOVA) is conducted based on dimensions and algorithms.
Taking into account that there might be differences in variance among different datasets, the
ANOVA with HC3 robust standard errors is employed for the correctional test. The ANOVA
analysis results for the main effects of the algorithms are F = 11001 and p < 0.001 This
indicates that, in general, these eight algorithms have fundamental performance differences
in terms of overall cost optimization capabilities. The analysis results of the interaction
effect are F = 586.2 and p < 0.001, which reveals a highly significant interaction effect
between the algorithm and matrix dimension factors.

Subsequently, we conduct a one-way ANOVA and pairwise post hoc test in different
dimensions, with the algorithm serving as the variable. Considering that the variances
are different among the groups, we employ the Welch’s ANOVA and Games–Howell
post hoc tests. In the case of a 200-dimensional matrix, the one-way ANOVA result
is F = 1018 and p < 0.001, demonstrating significant overall differences in optimization
performance among all compared algorithms, which justifies carrying out the subsequent
experiments. Based on this, an independent pairwise post hoc test is conducted between
each algorithm, with corresponding p-value calculated to quantify performance differences
and statistical significance via a comparison matrix, which is shown in Table 9. The ele-
ments in the matrix represent the p-value corresponding to the two algorithms. The results
show that all p-values of PE-DDQN against other algorithms are less than 0.001, indicating
that PE-DDQN achieves significantly lower test cost than all comparative algorithms with
extremely significant statistical advantages. Among them, the p-value corresponding to
the multi-valued rollout algorithm is the smallest, meaning that the performance gap be-
tween PE-DDQN and the rollout algorithm is the most prominent under high-dimensional
conditions. In addition, non-significant pairwise comparisons further show the grouping
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of significance letters, where algorithms sharing identical letters exhibit no statistically
significant performance difference, where p ≥ 0.05. Figure 11 shows the error range of
costs in the 30 experiments for each algorithm and the grouping situation of algorithm
performance, intuitively reflecting the stability and superiority of the PE-DDQN algorithm
in terms of test cost. Based on the statistical significance of the letter markings, the seven
algorithms were divided into four distinct groups. Among them, PE-DDQN is classified as
group a, indicating its significant advantages and stability compared to other algorithms.
AC and PSO are grouped as group b. Growing, GA, and Rollout are grouped as group c.
IG is classified as group d alone, which indicates that the performance of this algorithm is
the worst.

Table 9. Pairwise p-value matrix (Dimension = 200).

Algorithm PE-DDQN AC Growing Rollout IG GA PSO

PE-DDQN — <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
AC <0.001 — <0.001 <0.001 <0.001 <0.001 0.7114

Growing <0.001 <0.001 — 0.2892 <0.001 0.9996 <0.001
Rollout <0.001 <0.001 0.2892 — <0.001 0.9148 <0.001

IG <0.001 <0.001 <0.001 <0.001 — <0.001 <0.001
GA <0.001 <0.001 0.9996 0.9148 <0.001 — <0.001
PSO <0.001 0.7114 <0.001 <0.001 <0.001 <0.001 —

Figure 11. Comparison of test cost for 30 experiments (Dimension = 200).

We also conduct a series of the aforementioned experiments in other matrix dimensions.
Among them, except for the PE-DDQN algorithm, the grouping situation of the other
algorithms will change, indicating that they will fall into a local optimum as the matrix
dimension increases, thereby leading to a decrease in algorithm stability. However, the
PE-DDQN algorithm is always classified into group a, which is the group with the best
performance, demonstrating the reliability of the proposed method.

The analysis results of the interaction effect show that the performance gap between
algorithms is highly dependent on the dimensionality of the problem. To visually unravel
this dynamic statistical divergence, Figure 12 illustrates the sequential evolution of the
pairwise p-value against PE-DDQN across all evaluated dimensions. The vertical axis of
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the figure shows pairwise comparison p-values on a logarithmic scale, and the red dashed
line denotes the significance threshold of p = 0.05. The area above the red line corresponds
to p > 0.05, indicating no statistically significant difference between algorithms, which is
marked as “ns” (not significant) on the axis ticks. The single asterisk * at p = 0.05 represents
a significant difference, the double asterisk ** at p = 0.01 represents a highly significant
difference, and the triple asterisk *** at p ≤ 0.001 represents an extremely significant
difference. The red shaded region below the red line satisfies p < 0.05, demonstrating that
PE-DDQN achieves statistically superior performance compared with other algorithms. As
the dimension of the MVD matrix increases, the p-values corresponding to most comparison
algorithms keep decreasing, which further strengthens the statistical significance of PE-
DDQN’s superiority. At the initial stage, when the dimension is 20, advanced heuristics
such as GA and PSO establish perfect statistical parity with PE-DDQN, confirming their
adequacy for simple state spaces. However, as the combinatorial explosion of the multi-
valued matrix intensifies, a collective downward trajectory into the significance domain
(p < 0.05) is prominently observed. Heuristics like rollout and growing dive below the
threshold early at very small dimensions, while GA and PSO manage to sustain equivalence
up to 40 and 60 dimensions separately before undergoing a sharp drop. Eventually, at the
very high complexity dimension, the p-value of all traditional algorithms has uniformly
dropped to the lowest limit of 0.001. This dynamic significance evolution rigorously
demonstrates that traditional methods suffer from acute performance decay under the curse
of dimensionality, whereas PE-DDQN exhibits robust cost-suppression and outstanding
architectural scalability for high-dimensional complex systems.

Figure 12. The changes in the p-values of each dimension.

Table 8 indicates that an increase in the dimension of the MVD matrix will lead to
an increase in the test costs output by each algorithm. To compare the differences in the
growth of test cost across various algorithms as dimensionality increases, we construct a
multiple linear regression model incorporating interaction terms with PE-DDQN serving
as the baseline. In this model, the interaction coefficient mathematically represents the
exact difference in the fitted “dimension-cost” slopes between a traditional algorithm
and PE-DDQN. We also calculate the ratio of each interaction coefficient to the fitted
“dimension-cost” slope of the corresponding compared algorithm. This reduction ratio
intuitively reflects the degree to which PE-DDQN outperforms traditional algorithms in
mitigating the curse of dimensionality. These results are presented graphically using bar
charts in Figure 13, and the significant p-values of the corresponding interaction terms
are also annotated. This confirms that as the complexity of the system increases, the
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growth rate of testing costs of the traditional algorithm is significantly faster than that of
PE-DDQN. Among them, the PSO algorithm shows the fastest degradation rate as the
dimension increases. The reduction ratio line also definitively shows that the average
increase rate of the test cost output by PE-DDQN decreases by 12.6% to 31.6% compared to
various traditional algorithms as the dimension of the MVD matrix increases, which proves
that the PE-DDQN possesses a statistically superior capability to suppress cost growth in
high-dimensional environments, outperforming every single baseline heuristic algorithm.

Figure 13. Interaction term coefficient and its significance compared with traditional algorithms.

To further evaluate the computational complexity and scalability of the proposed
framework, Table 10 presents the average test time of different algorithms across varying
MVD matrix dimensions from 20 to 200 (unit: seconds). All experiments in this study
are conducted on a high-performance mobile workstation equipped with an Intel Core
i7-11800H CPU @ 2.30 GHz (8 cores), 32 GB of DDR4 RAM (3200 MHz), and an NVIDIA
GeForce RTX 3060 Laptop GPU. The proposed PE-DDQN framework and all comparative
algorithms are implemented with CUDA enabled for hardware acceleration. As shown
in Table 10, simple heuristic algorithms such as Growing and IG maintain extremely
low computational times across all dimensions due to their greedy nature. However, as
demonstrated in previous sections, this speed comes at the severe cost of falling into local
optima and yielding poor diagnostic strategies. Conversely, complex heuristic algorithms
like AC suffer from a severe combinatorial explosion, with test times surging exponentially
to 457.13 as the dimension scales to 200.

It is noteworthy that population-based heuristics like GA and PSO maintain moderate
computational times, which are lower than that of PE-DDQN. However, the optimization
performance of these two common heuristic algorithms significantly deteriorates in high-
dimensional scenarios, and their speed advantage is unable to compensate for the deficiency
in their optimization performance.

Since PE-DDQN employs deep neural networks for fitting, its running time is longer
compared to ordinary heuristic algorithms, but it remains within a controllable range
overall. It effectively avoids the exponential time explosion seen in AC while dedicating a
reasonable and controllable amount of computational time to successfully overcome the
curse of dimensionality and find globally optimal strategies. Consequently, PE-DDQN
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offers the best trade-off between computational scalability and optimization accuracy for
complex systems.

Table 10. Comparison of average test time of different algorithms.

Dim PE-DDQN AC Growing Rollout IG GA PSO

20 8.85 0.18 0.01 0.02 0.00 4.33 2.22
40 11.71 1.64 0.01 0.21 0.01 5.72 3.45
60 17.38 7.32 0.02 0.97 0.02 11.21 6.86
80 21.11 20.96 0.04 2.49 0.04 16.96 11.99

100 38.68 43.41 0.07 9.08 0.10 25.58 16.35
120 44.71 78.36 0.16 20.13 0.15 32.84 25.60
140 53.74 124.00 0.16 24.17 0.20 35.43 28.72
160 65.86 189.22 0.19 33.37 0.20 42.95 38.55
180 79.46 271.93 0.30 50.43 0.29 44.40 39.32
200 98.87 457.13 0.39 69.91 0.37 55.05 49.68

Overall, traditional heuristic optimization algorithms are prone to performance degra-
dation and local optimum trapping when facing high-dimensional MVD matrix optimiza-
tion problems. Benefiting from deep reinforcement learning-driven feature extraction
and adaptive decision-making, the proposed PE-DDQN algorithm can effectively cope
with the dimensionality curse. It achieves better test cost optimization performance while
ensuring acceptable computational efficiency, which is more suitable for high-dimensional
engineering application scenarios.

4.3.2. Ablation Experiment

In order to highlight the efficiency and stability of the convergence of PE-DDQN
during the training process, DQN, DDQN, PE-DQN and PE-DDQN are respectively used
to optimize the test points of a random high-dimensional MVD matrix, and the cost
optimization objective is adopted. The average step-wise Q-values of the four algorithms
during training are illustrated in Figure 14.

Figure 14. The average Q-value of the four algorithms.
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As shown in Figure 14, DQN exhibits severe Q-value overestimation bias, which
causes the agent to overprioritize actions with artificially inflated Q-values while neglecting
potentially optimal action spaces. Consequently, it fails to explore high-reward action
strategies, leading to low cumulative rewards, a globally suboptimal policy, and persis-
tently low converged Q-values. By decoupling action selection from value evaluation,
DDQN effectively alleviates overestimation and achieves a higher steady-state Q-value
with reduced training fluctuations compared with DQN, yet its convergence speed remains
relatively limited. Benefiting from the policy-enhanced module, PE-DQN achieves the
fastest convergence rate by rapidly extracting critical optimization information from early
training samples, though its training stability is inferior to DDQN.

Further integrating the advantages of policy enhancement and double-network struc-
ture, PE-DDQN not only inherits the rapid convergence characteristic of PE-DQN but also
retains the low-fluctuation merit of DDQN. Its prioritized experience replay mechanism
further accelerates the learning of high-impact key samples containing optimal action
information. It can avoid wasting computational resources on low-value samples and
guide more efficient policy optimization toward the global optimum. Overall, PE-DDQN
achieves the best comprehensive performance in terms of convergence speed, training
stability, and final Q-value level among all compared algorithms.

To verify the enhancement effect of the DDQN and PER module introduced in this
paper on the testability strategy optimization, as well as the gain in adaptability of the
model to a high-dimensional MVD matrix, we conduct test cost optimization experiments
for the aforementioned ablation models. These experiments are under different MVD
matrix dimensions with randomly generated matrix elements. For each matrix dimension
ranging from 20 to 200, 30 independent repeated experiments are implemented for the four
algorithms. Table 11 summarizes the average test cost and standard deviation.

Table 11. Comparison of average test time and standard deviation for 30 trials.

Dim DQN PE-DQN DDQN PE-DDQN

2.155 ± 0.0029 2.262 ± 0.0292 2.219 ± 0.0339 2.159 ± 0.0095 2.155 ± 0.0029
2.215 ± 0.0033 2.420 ± 0.0488 2.348 ± 0.0381 2.230 ± 0.0100 2.215 ± 0.0033
2.236 ± 0.0032 2.482 ± 0.0327 2.466 ± 0.0352 2.238 ± 0.0083 2.236 ± 0.0032
2.285 ± 0.0024 2.497 ± 0.0434 2.435 ± 0.0316 2.293 ± 0.0088 2.285 ± 0.0024
2.360 ± 0.0032 2.799 ± 0.1051 2.730 ± 0.0383 2.402 ± 0.0090 2.360 ± 0.0032
2.507 ± 0.0024 3.033 ± 0.0920 2.899 ± 0.1076 2.589 ± 0.0299 2.507 ± 0.0024
2.590 ± 0.0026 3.275 ± 0.0987 2.964 ± 0.1003 2.728 ± 0.0309 2.590 ± 0.0026
2.683 ± 0.0021 3.409 ± 0.1133 3.004 ± 0.0942 2.817 ± 0.0383 2.683 ± 0.0021
2.824 ± 0.0029 3.377 ± 0.1145 3.058 ± 0.0960 2.934 ± 0.0324 2.824 ± 0.0029
2.941 ± 0.0022 3.553 ± 0.1010 3.339 ± 0.1059 3.021 ± 0.0452 2.941 ± 0.0022

In terms of optimization performance, DQN and PE-DQN suffer from severe over-
estimation bias due to the absence of a double-network mechanism, which traps the
models in suboptimal local minima and prevents them from obtaining globally optimal
test strategies. Correspondingly, their larger standard error range in Figure 15 indicates
poor stability and significant random fluctuations across repeated runs. By introducing
the double-network structure, DDQN effectively mitigates overestimation and performs
well in low-dimensional scenarios. Nevertheless, as the dimension increases, the diver-
sity and redundancy of experience samples will grow considerably. Without prioritized
sampling, DDQN exhibits degraded optimization performance and moderate stability
in high-dimensional cases. By integrating the double-network structure and prioritized
experience replay, PE-DDQN achieves the lowest average test cost across all dimensions,
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accompanied by the narrowest standard error bars in Figure 15, which verifies its superior
optimization accuracy and robustness.

Figure 15. Comparison of average test cost of four algorithms under different dimensions.

To verify the advantages of PER and DDQN mechanisms in high-dimensional en-
vironments, a two-way ANOVA is performed on the test cost of each algorithm. The
ANOVA analysis results for the main effects of the algorithms are F = 140.8 and p < 0.001.
This indicates that there are significant differences among the algorithms as a whole. The
analysis results of the interaction effect are F = 7.060 and p < 0.001, which reveals an
extremely significant interaction effect between algorithm type and environmental dimen-
sion. Combined with Figure 15, it is the PE-DDQN model that outperforms the other three
ablation models, and the advantage becomes more pronounced as the dimension increases.

Based on several ablation algorithms, we also construct a multivariate linear regres-
sion model with interaction terms. Taking the proposed PE-DDQN as the baseline, the
interaction coefficients between it and each ablation model are calculated, as well as the
reduction ratio of each interaction coefficient to the fitted “dimension-cost” slope of the
corresponding ablation model, which is shown in Figure 16. The calculation results clearly
demonstrate that the introduction of these two mechanisms indeed leads to a significant
improvement in performance. DQN suffers the steepest performance degradation with
growing dimensions without PER or DDQN constraints. The PE-DQN achieves a notably
lower interaction coefficient by easing high-dimensional feature sparsity-induced learning
bottlenecks via prioritized sampling. The DDQN separates action selection from value
estimation. Its interaction coefficient is already relatively low, and there is no significant
difference from PE-DDQN. However, Figure 15 shows that the introduction of PER to it
can still reduce the test cost in a high-dimensional matrix environment. The reduction ratio
line also definitively shows that the average increase rate of the test costs output by the
PE-DDQN algorithm is approximately 42.7% lower than DQN when the dimension of the
MVD matrix increases, and it is also lower than the other two ablation models.
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Figure 16. Interaction term coefficient and its significance compared with the ablation model.

From the above experiments, it can be seen that the introduction of PER and DDQN
has a significant effect in high-dimensional environments. DQN typically struggles with
severe overestimation bias and sample redundancy. The introduction of DDQN addresses
the overestimation issue by decoupling action selection from value evaluation. This sta-
bilization is crucial in large-scale testability environments, as it prevents the agent from
overvaluing suboptimal test points and getting trapped in local minima during com-
plex fault isolation sequences. On the other hand, the PER mechanism specifically tack-
les the combinatorial explosion of experience samples. By prioritizing the selection of
high-value transfer states, PER ensures that the network does not waste computing re-
sources on redundant or information-less test steps. Consequently, while DDQN provides
a stable and accurate evaluation baseline, PER accelerates convergence and enhances
the discovery of globally optimal strategies. Their synergistic integration into the PE-
DDQN framework forms a highly persuasive and robust solution for large-scale testability
strategy optimization.

In summary, the comprehensive experimental evaluations conducted in this section
rigorously demonstrate the superiority of the proposed PE-DDQN framework from mul-
tiple perspectives. First, extensive comparative experiments are performed against six
representative heuristic algorithms across a wide range of MVD matrix dimensions ranging
from 20 to 200. Exhaustive statistical significance analyses, including ANOVA and pairwise
post hoc tests, provide robust evidence that PE-DDQN achieves significantly lower testing
costs (p < 0.001). Furthermore, multiple linear regression analyses incorporating inter-
action terms mathematically confirmed that PE-DDQN possesses a statistically superior
capability to suppress the cost-escalating effect induced by the curse of dimensionality. The
execution times of different algorithms also confirm that the proposed algorithm maintains
an overall controllable computational complexity. It indicates that even in high-dimensional
scenarios, the proposed PE-DDQN can derive a superior diagnostic strategy within an ac-
ceptable execution time. Finally, comprehensive ablation studies are conducted to explicitly
isolate and quantify the individual contributions of the DDQN and PER mechanisms. The
results rigorously proved their synergistic necessity in preventing overestimation bias and
overcoming sample redundancy. Together, these thorough theoretical and empirical valida-
tions confirm that PE-DDQN offers a statistically superior, highly scalable, and structurally
robust solution for complex system diagnostics.
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5. Conclusions

This study proposed a novel testability strategy optimization method to address the
issue of poor performance of the optimization strategy based on a high-dimensional MVD
matrix. The proposed method is applied to the sampling circuit and the MIRFS, and a
high-dimensional matrix simulation experiment is conducted to compare it with other
algorithms. The main conclusions are as follows:

(1) The Markov decision model in terms of test sequence length and test cost is effective.
By linking testability strategy optimization with the Markov decision process, the
optimization model is established. The sets of elements and reward functions for test
sequence length and test cost optimization are established. The reward mechanisms
enable the intelligent agent to effectively minimize the test sequence length or test
cost while isolating all faults.

(2) The construction of the DQN enables the agent to fit the Q-value of test points and
select the optimal test point. A deep neural network is used to approximate the
Q-value functions, and the selection of the testability strategy will be based on this
neural network. Experience samples are obtained through the MVD matrix, and based
on the Markov decision model, the parameters of the Q-network are updated to fit
the Q-value through sample learning. The establishment of the DQN ensures that the
model can select the optimal test point in each fault isolation status.

(3) The introduced DDQN and PER mechanism can effectively enhance the model’s
adaptability to the high-dimensional matrix environment. The optimization algorithm
based on PE-DDQN can effectively alleviate the overestimation problem of DQN and
enable the model to focus on important samples, thereby improving the convergence.
Thus, it significantly improves the training efficiency of the model and the reliability
of the output testability strategy when dealing with a high-dimensional MVD matrix.

In summary, the overarching contribution of this study is the development of a com-
prehensive DRL-based framework structurally tailored for testability strategy optimization
under multi-valued dependency conditions. By strategically adapting and integrating
mature reinforcement learning mechanisms into the domain of testability modeling, this
research successfully translates advanced artificial intelligence algorithms into practical
engineering solutions. The proposed framework effectively addresses the curse of dimen-
sionality and local optimum trapping inherent in traditional methods, providing a robust,
highly efficient, and scalable diagnostic tool for modern complex systems.

The future work will focus on establishing an adaptive mechanism for adjusting the
reward functions. The weights and parameters of the reward functions will be dynamically
changed based on the real-time status of the system and historical performance. This
enables the algorithm to better adapt to the dynamic changes in the system, thereby
enhancing the effectiveness and adaptability of the reinforcement learning algorithm
during its long-term operation.
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Abbreviations

The following abbreviations are used in this manuscript:

D-matrix Dependency matrix
MVD matrix Multi-valued dependency matrix
POMDP Partially observable Markov decision process
DRL Deep reinforcement learning
DQN Deep Q-Network
DDQN Double DQN
PER Prioritized experience replay
PE-DDQN Prioritized Experience Double Deep Q-Network
TD-error Temporal difference error
MIRFS Multi-functional integrated radio frequency system
RF Radio frequency
IF Intermediate frequency
PA Power amplifier
AC Ant colony
IG Info-entropy greedy
GA Genetic algorithm
PSO Particle swarm optimization
ANOVA Analysis of variance
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Abstract

Hypergraph neural networks have shown strong potential for node classification due to
their ability to capture high-order relationships and multi-granularity structural patterns.
However, real-world hypergraphs are often sparse, which limits interaction modeling
through node–hyperedge incidence and, in turn, weakens reliable attribute propagation and
global dependency capture. To address this issue, we propose DDEC, a Dual Dependency-
Enhanced Contrastive learning framework for sparse hypergraph node classification. To
compensate for relational information lost under sparse structures, DDEC introduces an
attribute view to complement the structural view. Since attribute information can be
noisy and unreliable, we first design an entropy-guided feature recalibration mechanism to
estimate node uncertainty and emphasize trustworthy attribute interactions. Building upon
this, DDEC performs dual dependency enhancement from both structural and attribute
perspectives. Specifically, we exploit the duality between a hypergraph and its line graph
to perform line-graph transformation in both views, thereby constructing a shared dual
relational space for interaction enhancement under sparse topologies. Within this dual
space, we perform attention-based dependency enhancement in both views, so that the
structural view captures explicit topological dependencies among hyperedges, while the
attribute view uncovers latent semantic correlations beyond sparse incidence relations. The
resulting representations from the two views are then adaptively fused, and collaborative
contrastive learning is further performed at both the node and hyperedge levels to enforce
multi-granularity semantic consistency. Experiments on eight public datasets demonstrate
that DDEC consistently outperforms competitive baselines, validating its effectiveness
and robustness.

Keywords: hypergraph neural networks; sparse hypergraph; node classification; dependency
enhancement; contrastive learning

1. Introduction

With the rapid proliferation of complex networked data, modeling high-order rela-
tionships among entities has become increasingly important in representation learning.
Although conventional graphs have achieved notable success in a wide range of machine
learning tasks, they are inherently limited to pairwise interactions and therefore often fall
short in representing real-world systems involving multi-entity relations. Hypergraphs
provide a natural and expressive alternative by allowing each hyperedge to connect an
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arbitrary number of nodes [1,2]. Owing to this advantage, hypergraph neural networks
(HGNNs) have demonstrated strong effectiveness in various tasks, such as node classifica-
tion, clustering, and recommendation [3–5].

Most existing HGNNs learn node representations through message passing over
node–hyperedge incidence structures, where nodes aggregate high-order contextual in-
formation from their incident hyperedges. While this paradigm has achieved promising
results, its effectiveness can deteriorate substantially when the underlying hypergraph is
sparse. In many real-world scenarios, hypergraphs exhibit sparse connectivity [6], mani-
fested as limited node–hyperedge interactions, weak hyperedge overlap, and fragmented
structural organization. Such sparsity weakens the propagation of high-order information,
reduces the reliability of local structural evidence, and hinders the modeling of long-range
or implicit dependencies among hyperedges. As a consequence, node representations are
often dominated by incomplete local observations, while unreliable attribute signals or
structure-induced uncertainty may be propagated and amplified during message passing.

Despite the growing body of research on hypergraph learning, most existing methods
still rely predominantly on local aggregation over the node–hyperedge bipartite struc-
ture [7]. This design becomes particularly vulnerable under sparse hypergraph settings for
three reasons. First, sparse incidence patterns provide insufficient relational evidence for
capturing dependencies beyond local neighborhoods, making it difficult to model latent in-
teractions among hyperedges from structure alone. Second, most methods do not explicitly
assess the reliability of attribute information. When raw features are weakly discriminative
or incomplete, directly using them to construct auxiliary relations may introduce unreliable
semantic neighbors, especially when structural support is weak. Third, semantic learning
at different granularities is often handled in a decoupled manner, with limited coordina-
tion between node-level local consistency and hyperedge-level global semantics. These
limitations call for a unified framework that can complement sparse structural evidence,
strengthen trustworthy dependency modeling, and preserve semantic consistency across
multiple granularities.

To this end, we propose DDEC, a Dual Dependency-Enhanced Contrastive learning
framework for sparse hypergraph node classification. The central idea of DDEC is to
improve representation learning by jointly exploiting structural and attribute information.
When sparse incidence relations provide insufficient structural cues, the attribute view
offers complementary semantic evidence for interaction modeling. Since attribute infor-
mation may itself be noisy and unreliable, we first develop an entropy-guided feature
recalibration mechanism to estimate node uncertainty and emphasize trustworthy attribute
interactions. Building on this, we exploit the duality between a hypergraph and its line
graph to perform line-graph transformation in both views, thereby constructing a shared
dual relational space for interaction enhancement under sparse topologies. Within this
dual space, attention-based dependency enhancement is performed in both views, so that
the structural view captures explicit topological dependencies among hyperedges, while
the attribute view uncovers latent semantic correlations beyond sparse incidence relations.
The resulting representations from the two views are then adaptively fused. Furthermore,
we design a collaborative contrastive learning strategy at both the node and hyperedge
levels to enforce multi-granularity semantic consistency, thereby improving the robustness
and discriminability of the learned representations.

Extensive experiments on eight public datasets show that DDEC consistently outper-
forms competitive baselines. Additional ablation and robustness analyses further validate
the effectiveness and stability of the proposed framework.

The main contributions of this work are summarized as follows:
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1. We propose DDEC, a unified framework for sparse hypergraph node classifica-
tion that improves representation learning by jointly exploiting structural and
attribute information.

2. We design an entropy-guided feature recalibration mechanism together with a dual-
space dependency enhancement scheme to strengthen trustworthy interactions and
improve dependency modeling under sparse hypergraph structures.

3. We develop a collaborative contrastive learning strategy at both node and hyperedge
levels to enforce multi-granularity semantic consistency and enhance the robustness
and discriminability of learned representations.

4. Extensive experiments on eight benchmark datasets, along with ablation and robust-
ness studies, demonstrate the superiority, effectiveness, and stability of DDEC.

2. Related Work

Existing studies relevant to our work can be broadly grouped into two research
lines: hypergraph neural networks and contrastive hypergraph learning. The former
mainly focuses on high-order information propagation and dependency modeling over
hypergraph structures, while the latter further introduces contrastive self-supervision to
improve representation quality and semantic consistency.

2.1. Hypergraph Neural Networks

Hypergraph neural networks extend conventional graph learning beyond pairwise re-
lations and provide a natural framework for modeling high-order interactions. Early studies
mainly generalize graph convolution to node–hyperedge incidence structures. Representa-
tive models such as HGNN [7] establish the basic hypergraph propagation paradigm, while
subsequent methods [8–11] improve it from different perspectives. UniGNN [12] further
provides a unified formulation for graph and hypergraph neural networks. Although these
methods improve hypergraph representation learning in various ways, they still largely
rely on the original incidence structure and local propagation patterns.

To move beyond fixed propagation schemes, later studies explore more flexible
structure modeling and adaptive hypergraph learning. For example, DHGNN [13] im-
proves adaptability through dynamic hypergraph construction, DHKH [14] jointly models
high-order and key structures, TDHNN [15] and HERALD [16] enhance representation
quality through dynamic hyperedge modeling and Laplacian optimization, respectively,
and MHSL [17] captures long-range dependencies via dynamic hypergraph construction.
These methods enhance structural flexibility and better adapt hypergraph structures to
downstream tasks. However, they still mainly refine node representations within the origi-
nal or dynamically updated structure, with limited attention to explicit inter-hyperedge
dependency modeling and semantic coordination across different granularities.

More recent studies seek to mitigate the challenges posed by sparse hypergraphs
through auxiliary structural priors or explicit inter-hyperedge modeling. DPHGNN [18]
incorporates low-order graph relations to alleviate feature degradation, and THTN [19]
enhances cross-region interaction by introducing global nodes. Meanwhile, several meth-
ods explicitly model hyperedge relations beyond node-level aggregation. HeIHNN [20]
constructs a hyperedge interaction graph, LHCN [21] performs hyperedge-level propa-
gation through line-graph transformation, and HyperGT [22] and SHT [23] capture more
complex hyperedge dependencies through global attention and learnable relation matrices,
respectively. These studies highlight the importance of inter-hyperedge relation modeling
when local node–hyperedge propagation becomes insufficient.

Nevertheless, existing methods still face several limitations in sparse settings. First,
many approaches infer inter-hyperedge relations mainly through shared nodes or prede-
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fined structural rules, which restricts their ability to capture latent semantic dependencies
beyond explicit structural overlap. Second, they generally do not provide a unified mecha-
nism for jointly modeling topological and semantic dependencies when global structural
evidence is fragmented. Third, most methods do not explicitly assess the reliability of prop-
agated node features, making them vulnerable to noisy or uncertain signals when structural
evidence is sparse. In contrast, DDEC combines uncertainty-aware feature recalibration
with dual-space dependency enhancement, enabling it to suppress unreliable node signals
while complementing incomplete inter-hyperedge dependencies in sparse hypergraphs.

2.2. Contrastive Hypergraph Learning

Contrastive learning has become an effective self-supervised paradigm for representa-
tion learning by enforcing consistency across different views and improving representation
discriminability [24]. In hypergraph learning, it provides complementary supervision
beyond labeled data and helps mitigate representation degradation caused by insufficient
supervision and sparse structural connectivity.

Early contrastive hypergraph methods mainly focus on constructing multiple views for
self-supervised optimization. For example, CCL [25] jointly exploits graph and hypergraph
views, HyperGCL [26] combines perturbation-based and generative views, HSL [27] pre-
serves consistency between optimized and original hypergraphs through intra-hyperedge
contrast, and HCN [28] improves unsupervised hypergraph clustering via multi-view
generation and structural alignment. These studies show that contrastive learning can
provide useful supervisory signals beyond labels. However, many of them still empha-
size node-level alignment, with limited explicit modeling of semantic consistency at the
hyperedge level.

A subsequent line of work extends contrastive learning from node-level align-
ment to joint node–hyperedge modeling. TriCL [29], CHGNN [30], HyGCL-AdT [31],
and HSCL [32] enhance high-order semantic modeling through node masking, hyper-
edge perturbation, multi-view augmentation, and hierarchical contrastive objectives. Al-
though these methods provide richer self-supervised signals, they still rely substantially
on augmentation-based view construction. Under sparse hypergraph settings, such per-
turbations may increase view diversity, but they may also further weaken high-order
structural relations.

Another line of work further strengthens contrastive hypergraph learning by intro-
ducing structure-aware inductive biases. Specifically, H2SeqRec [33] models multi-scale
temporal hypergraphs in hyperbolic space, OFSH [34] preserves core high-order semantics
through key-node-guided adaptive augmentation, DHCN [35] improves sparse interac-
tion modeling via line-graph transformation, and MCHNN [36] enhances representation
learning under sparse association settings through multiple negative-sample hypergraphs.
These methods demonstrate the benefit of integrating structural modeling with contrastive
objectives, but they still address structural incompleteness and semantic consistency in a
relatively fragmented manner.

Overall, existing contrastive hypergraph learning methods remain limited by in-
sufficient multi-granularity contrastive modeling, perturbation-based view construction
that may damage sparse structural relations, and inadequate exploitation of latent inter-
hyperedge dependencies. In contrast, DDEC integrates uncertainty-aware feature recalibra-
tion, dual-space dependency enhancement, and collaborative contrastive learning at both
the node and hyperedge levels within a unified framework. As a result, it improves robust-
ness to noisy signals, complements fragmented inter-hyperedge dependencies, and pro-
motes semantic consistency across local and global structural granularities.

https://doi.org/10.3390/e28070729
57



Entropy 2026, 28, 729

3. Preliminaries

3.1. Hypergraph Definition and Problem Formulation

A hypergraph is a high-order generalization of an ordinary graph and can be rep-
resented as G = (V , E), where V = {v1, v2, . . . , vn} denotes the set of n nodes and
E = {e1, e2, . . . , em} denotes the set of m hyperedges. Different from a conventional graph
in which each edge connects only two nodes, each hyperedge in a hypergraph can simul-
taneously connect an arbitrary number of nodes, thereby naturally modeling high-order
relations. The topology of a hypergraph is commonly described by an incidence matrix
H ∈ Rn×m, where

Hij =

⎧⎨⎩1, if vi ∈ ej,

0, otherwise.
(1)

Based on H, the degree of node vi and the cardinality of hyperedge ej are defined as
d(vi) = ∑ej∈E Hij, δ(ej) = ∑vi∈V Hij. Accordingly, the corresponding diagonal node-degree

matrix and hyperedge-degree matrix are denoted by Dv and De, respectively. Let X ∈ Rn×d

denote the initial node feature matrix, where d is the feature dimension.
To describe the sparsity characteristics of a hypergraph from the incidence perspective,

we further consider two descriptive statistics, namely the average node participation and
the average hyperedge cardinality:

ρv =
1
|V| ∑

vi∈V
d(vi), ρe =

1
|E | ∑

ej∈E
δ(ej). (2)

where ρv measures the average number of hyperedges incident to each node, while ρe

measures the average number of nodes contained in each hyperedge. Although these two
quantities are coupled through the total number of node–hyperedge incidences, they reflect
sparsity from the node and hyperedge perspectives, respectively. Small values of ρv and ρe

indicate limited node participation and restricted hyperedge scope, which together weaken
high-order information propagation and make dependency modeling more challenging.

Given a partially labeled hypergraph G = (V , E) with node feature matrix X and a
labeled node set VL ⊂ V , the task of hypergraph node classification is to learn a prediction
function f (G, X) that infers the labels of unlabeled nodes in V \ VL. In sparse hypergraphs,
the key challenge lies in learning discriminative node representations under insufficient
structural interactions and unreliable dependency propagation.

3.2. Dual Line-Graph Transformation

Given a hypergraph G = (V , E), its dual line graph is defined as L(G) = (VL, EL),
where each node in VL corresponds to a hyperedge in E , i.e., VL = E . Two dual nodes are
connected if their corresponding hyperedges overlap. Formally, the edge set is defined
as EL = {(ei, ej) | ei, ej ∈ E , ei ∩ ej 
= ∅, i 
= j}. Thus, hyperedge overlap in the original
hypergraph is converted into explicit adjacency in the dual line graph. As illustrated
in Figure 1, this transformation maps each hyperedge to a node and represents overlap
between hyperedges as graph connectivity.

To quantify the correlation strength between hyperedges, we adopt the Jaccard coeffi-
cient as the edge weight in the dual line graph:

wij =
|ei ∩ ej|
|ei ∪ ej| , (3)

where wij measures the degree of overlap in node membership between hyperedges ei and
ej, and a larger value of wij indicates a stronger topological association between them.
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Figure 1. Illustration of a hypergraph and its dual line-graph transformation.

3.3. Hypergraph Convolution Propagation

Given a hypergraph G, a standard one-layer hypergraph convolution can be formu-
lated as

X(l+1) = σ

(
D
− 1

2
v HWeD−1

e H�D
− 1

2
v X(l)Θ(l)

)
, (4)

where Θ(l) is the learnable parameter matrix at layer l, We is the hyperedge weight matrix,
usually initialized as an identity matrix, σ(·) is a nonlinear activation function, and X(l+1)

denotes the output node representations. According to Equation (4), the propagation first
aggregates node features into the hyperedge space through H�, performs information
transformation at the hyperedge level, and then projects the updated hyperedge informa-
tion back to the node space through H. In this way, a complete node–hyperedge–node
message passing process is achieved, which provides the basic foundation for hypergraph
representation learning.

4. Method

To address the challenges of sparse hypergraph node classification, we propose Dual
Dependency-Enhanced Contrastive Learning (DDEC). As illustrated in Figure 2, DDEC
consists of three key components: entropy-guided feature recalibration, dual dependency
enhancement from the attribute and structural views, and multi-granularity collaborative
contrastive learning. Specifically, DDEC first performs entropy-guided feature recalibra-
tion to suppress unreliable attribute signals under sparse structures. It then conducts
dual dependency enhancement from both the attribute and structural views to comple-
ment missing relational information and model inter-hyperedge dependencies. Finally,
a multi-granularity collaborative contrastive learning strategy is introduced to preserve
semantic consistency and improve representation discriminability at both the node and
hyperedge levels.

4.1. Entropy-Guided Feature Recalibration

In sparse hypergraphs, limited node–hyperedge interactions and weak hyperedge
overlap make structural evidence insufficient for reliable representation learning. To com-
pensate for missing relational information, we introduce an attribute view as a complemen-
tary source. However, raw node features may contain ambiguous, weakly discriminative,
incomplete, or heterogeneous signals that cannot be fully resolved by the sparse structural
context. Such unreliable signals may be amplified during message passing and impair
subsequent attribute-based dependency modeling. This implicit noise is dataset-intrinsic
rather than artificially injected and reflects the uncertainty in how much each node can
reliably contribute to subsequent attribute interactions. To mitigate this effect, we perform
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entropy-guided feature recalibration before constructing the attribute view, suppressing
unreliable signals and providing a more robust basis for dual dependency enhancement.

Figure 2. Framework of DDEC.

To estimate node-level feature reliability, we employ a lightweight auxiliary hyper-
graph predictor, which serves as an uncertainty estimator rather than the final classifier.
The predictor consists of a single hypergraph convolution layer followed by a linear classi-
fier and a softmax function. Given the node feature matrix X and the structural incidence
matrix Hs, it first produces preliminary node representations through local hypergraph
propagation and then generates the preliminary class distribution

P = [pik] ∈ R
n×K,

where K denotes the number of classes and pik represents the probability that node vi

belongs to class k. The auxiliary predictor is trained on labeled training nodes using the
standard cross-entropy loss:

Laux = − ∑
vi∈VL

K

∑
k=1

yik log pik, (5)

where VL denotes the labeled training node set and yik is the ground-truth label indicator.
The parameters of the auxiliary predictor are independent of the main DDEC model and are
not shared with the dual dependency enhancement module or the final classifier. Its output
P is used only to compute node entropy for feature recalibration and does not directly
determine the final node prediction.

It should be noted that DDEC does not require the auxiliary predictor to produce
well-calibrated absolute class probabilities or highly accurate final predictions. Instead,
the entropy derived from P is used as a relative reliability ranking signal. Nodes with flatter
predictive distributions are regarded as relatively more uncertain, while nodes with more
confident distributions are considered more reliable. Therefore, even though the auxiliary
predictor may also be affected by sparse structures, its entropy output can still provide
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useful guidance for identifying relatively unreliable node signals before attribute-view
construction. The entropy of node vi is defined as

H(vi) = −
K

∑
k=1

pik log pik. (6)

A larger entropy indicates a flatter predictive distribution and thus a more uncertain
class assignment, suggesting that the corresponding node features may contain stronger
ambiguity or noise. In contrast, a smaller entropy implies higher predictive confidence and
greater feature stability. Therefore, entropy serves as an effective indicator for assessing
the relative reliability of node features under sparse structural conditions. To explicitly
incorporate uncertainty into feature modeling, we convert the entropy of each node into a
reliability weight through an exponential mapping:

ri = exp
(−H(vi)

)
, (7)

where ri denotes the reliability score of node vi. This exponential mapping converts
entropy into a positive reliability score and assigns exponentially smaller weights to highly
uncertain nodes, thereby yielding a smooth and monotonic uncertainty-aware modulation.
We then construct a diagonal reliability matrix R = diag(r1, r2, . . . , rn) and recalibrate the
original node features as

X̃ = RX. (8)

In this way, feature contributions are adaptively modulated according to node-specific
uncertainty. Nodes with higher entropy are assigned smaller reliability weights to suppress
potentially unreliable attribute signals, while nodes with lower entropy preserve more
discriminative information. This node-wise recalibration reduces the adverse effect of
noisy features before attribute-view construction and provides a more reliable basis for
subsequent dual dependency enhancement and collaborative contrastive learning.

4.2. Dual Dependency Enhancement

To strengthen dependency modeling under sparse hypergraph structures, we perform
dual dependency enhancement from both the structural and attribute views. This module
consists of four stages: structural and attribute view construction, dual line-graph trans-
formation with semantic affinity estimation, dependency enhancement with dual-space
propagation, and confidence-aware multi-view fusion. Through these stages, DDEC en-
hances inter-hyperedge dependency modeling in the dual space and injects the enhanced
relations back into node representations from two complementary views.

4.2.1. Structural and Attribute View Construction

As the first step of dual dependency enhancement, we construct two complementary
hypergraph views based on the recalibrated features to characterize observed topology
and latent attribute affinity, respectively. The structural view directly inherits the original
incidence structure with incidence matrix Hs and preserves the observed node–hyperedge
relations. In contrast, the attribute view is constructed from the recalibrated feature space
to supplement sparse structural connectivity with feature-induced relational cues. It should
be noted that the attribute view is not intended to replace the structural view, but to provide
additional semantic evidence when the original node–hyperedge incidences are insufficient
for reliable propagation.

Specifically, for each node vi, we form an attribute-induced hyperedge by grouping vi

together with its k nearest neighbors according to feature similarity in the recalibrated fea-
ture space, thereby obtaining the incidence matrix H f . These attribute-induced hyperedges
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are not intended to replace the original hypergraph structure, but to provide comple-
mentary feature-level associations under sparse topology. In this way, the attribute view
introduces additional relational cues beyond the original sparse structure and supports
subsequent dependency enhancement.

Nevertheless, when raw node features are extremely weak or misleading, the con-
structed attribute view may still contain unreliable semantic neighbors, and entropy-guided
recalibration alone may not fully remove such noise. To reduce this risk, DDEC does not
rely solely on the attribute view. Instead, the structural and attribute views are later in-
tegrated through a confidence-aware gating mechanism, which adaptively adjusts their
contributions. When the attribute view is less reliable, its influence can be down-weighted,
allowing the model to rely more on the structural view.

For each view t ∈ {s, f }, the recalibrated node features are projected into the corre-
sponding hyperedge space to obtain the initial hyperedge representations:

Et = (Dt
e)
−1Wt

e(H
t)�X̃, (9)

where Ht is the incidence matrix of view t, Dt
e is the corresponding hyperedge degree

matrix, and Wt
e is the hyperedge weight matrix. Equation (9) performs a weighted average

aggregation of incident node features to initialize hyperedge representations in each view.

4.2.2. Dual Line-Graph Transformation and Semantic Affinity Estimation

Based on the constructed structural and attribute views, we further enhance hyperedge
dependency modeling in the dual space. For each view t ∈ {s, f }, we first transform the
hypergraph into its dual line graph, where each hyperedge is mapped to a dual node and
overlap between hyperedges is converted into explicit graph adjacency. In this way, local
topological relations among hyperedges can be explicitly represented in the dual space.

However, explicit overlap-based adjacency alone is insufficient for sparse hypergraphs,
since semantically related hyperedges may still be weakly connected or even disconnected
in the original structure. To complement such missing relational cues, we further estimate
latent semantic affinity among hyperedges through self-attention based on the initial
hyperedge representations in Equation (9):

At
att = softmax

(
Q(Et)K(Et)�√

dk

)
, (10)

where Q(·) and K(·) denote the query and key projection functions, respectively, and dk is
the scaling factor.

Different from standard self-attention used for feature transformation, we retain
only the normalized attention matrix as a semantic affinity estimator in the dual space.
Larger values in At

att indicate stronger latent semantic correlations among hyperedges.
As a result, each dual space contains two complementary types of relations: explicit
topological adjacency induced by the line graph and implicit semantic affinity estimated
from hyperedge representations.

4.2.3. Dependency Enhancement and Dual-Space Propagation

After obtaining explicit dual topological adjacency and attention-based semantic affin-
ity, we integrate them to enhance dependency modeling in sparse hypergraphs. Specifically,
the enhanced dual adjacency matrix is constructed as

Ãt = αAt
top + (1− α)TopKs(A

t
att), (11)
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where At
top denotes the topological adjacency induced by the dual line graph, α is a

balancing coefficient, and TopKs(·) retains the largest s entries in each row while setting
the remaining entries to zero. This sparsification operation filters weak and potentially
noisy semantic affinities, while preserving the most informative inter-hyperedge relations
for sparse dependency enhancement.

The above fusion preserves explicit topological relations in the dual graph while sup-
plementing them with attention-based semantic connections. Consequently, hyperedges
that are weakly connected in topology but semantically related can still interact in the en-
hanced dual space, which facilitates dependency modeling beyond local structural overlap.

Given the enhanced dual adjacency matrix, we update hyperedge representations in
the dual space via graph convolution:

Zt
e = σ

(
(D̃t)−

1
2 Ãt(D̃t)−

1
2 EtΘt

e

)
, (12)

where D̃t is the degree matrix of Ãt, Θt
e is a learnable parameter matrix, and σ(·) is the

nonlinear activation function. Since the dual line graph treats hyperedges as nodes, graph
convolution in the dual space enables explicit propagation of inter-hyperedge dependencies
that cannot be directly captured in the original incidence space.

The enhanced hyperedge representations are then projected back to the node space to
obtain view-specific node representations:

Zt
v = σ

(
(Dt

v)
−1HtZt

eΘt
v

)
, (13)

where Dt
v is the node degree matrix of view t and Θt

v is the projection parameter matrix.
Through this projection, the enhanced dependencies learned in the dual space are injected
back into node representations for each view.

4.2.4. Confidence-Aware Multi-View Fusion

After dual dependency enhancement in the structural and attribute views, we obtain
view-specific node representations Zs

v and Z
f
v . Since these two views provide comple-

mentary information, we further design a confidence-aware gated fusion mechanism to
adaptively integrate them. Different from the entropy-based reliability used for input recal-
ibration, the confidence defined here is view-specific and is used to estimate the predictive
quality of each view for adaptive fusion.

First, the node representations from each view are mapped to the label space to obtain
the corresponding predictive probability matrices:

Pt = softmax(Zt
vWc + b), t ∈ {s, f }, (14)

where Wc is a shared learnable mapping matrix, b is a bias term, and the number of classes
is K. The shared mapping projects both views into the same label space, making their
prediction scores comparable for confidence estimation.

To assess the reliability of each view at the prediction level, we define a confidence
vector by jointly considering the maximum class probability and the margin between the
largest and second-largest probabilities:

ct = max(Pt) +
(

max(Pt)− 2ndmax(Pt)
)
, (15)

where max(Pt) and 2ndmax(Pt) denote the row-wise largest and second-largest values of
Pt, respectively. This definition jointly reflects absolute prediction confidence and relative
class separation, thereby providing a simple yet effective estimate of view-specific reliability.
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The confidence scores from the two views are normalized to obtain the corresponding
gating weights:

Gt =
ct

cs + c f , t ∈ {s, f }. (16)

The resulting gating weights are node-wise scalar coefficients, which are broadcast along
the feature dimension to modulate the contribution of each view. Based on these weights,
the final fused node representation is given by

Z = Gs � Zs
v + G f � Z

f
v , (17)

where � denotes the Hadamard product.
Finally, the fused node representation is fed into a two-layer multilayer perceptron

followed by a softmax classifier to produce the final prediction:

Ŷ = softmax(MLP(Z)). (18)

4.3. Multi-Granularity Collaborative Contrastive Learning

Although the preceding modules provide more reliable node representations and
enhanced dependency modeling, supervised classification alone is still insufficient to
constrain semantic consistency across different granularities in sparse hypergraphs. In par-
ticular, sparse topology may weaken local contextual coherence at the node level and
impair the stability of global dependency semantics at the hyperedge level. To address
this issue, we introduce a multi-granularity collaborative contrastive learning strategy that
imposes complementary self-supervised constraints on both nodes and hyperedges. In this
way, local semantic consistency and global dependency consistency are jointly preserved to
further improve the robustness and discriminability of the learned representations.

4.3.1. Node-Level Contrastive Loss

To preserve local semantic consistency under sparse structural conditions, we first
introduce a node-level contrastive objective on the fused node representations. Let Z denote
the fused node representation matrix. For a node vi, we define its positive sample set Pi as
the set of nodes that share at least one hyperedge with vi, and its negative sample set Ni as
the set of nodes that have no direct hyperedge association with vi. Based on the InfoNCE
formulation, the node-level contrastive loss is defined as

Lnode = − ∑
vi∈V

log
∑vj∈Pi

exp
(
sim(zi, zj)/τ

)
∑vj∈Pi

exp
(
sim(zi, zj)/τ

)
+ ∑vk∈Ni

exp(sim(zi, zk)/τ)
, (19)

where sim(·, ·) denotes cosine similarity and τ is the temperature coefficient. This ob-
jective encourages nodes sharing hyperedge context to remain close in the embedding
space, thereby strengthening local semantic coherence and improving the stability of node
representations under sparse topology.

4.3.2. Hyperedge-Level Contrastive Loss

Beyond node-level local consistency, sparse hypergraph learning also requires pre-
serving dependency-aware semantic relations among hyperedges. After dual dependency
enhancement, hyperedges that are strongly connected in the enhanced dual space should re-
main close in the representation space. To this end, we further introduce a hyperedge-level
contrastive objective to stabilize global dependency semantics.

Let Zt
e denote the hyperedge representation matrix in the dual space for view t ∈ {s, f }.

For each view, two hyperedges are treated as a positive pair if they are connected in
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the enhanced dual adjacency matrix Ãt, and as a negative pair otherwise. Accordingly,
the hyperedge-level contrastive loss is defined as

Ledge = − ∑
ei∈E

log
∑ej∈P e

i
exp

(
sim(ei, ej)/τ

)
∑ej∈P e

i
exp

(
sim(ei, ej)/τ

)
+ ∑ek∈N e

i
exp(sim(ei, ek)/τ)

, (20)

where sim(·, ·) denotes cosine similarity, and P e
i and N e

i denote the positive and negative
hyperedge sets associated with hyperedge ei, respectively. This objective encourages
hyperedges with strong topological or semantic dependencies in the enhanced dual space
to stay close in the embedding space, thereby preserving global dependency consistency
and reducing semantic drift caused by sparse structural fragmentation.

4.3.3. Joint Optimization Objective

We jointly optimize the supervised classification objective together with the two con-
trastive objectives. The overall loss function is defined as

L = LCE + λ1Lnode + λ2Ledge, (21)

where LCE is the cross-entropy classification loss, and λ1 and λ2 are hyperparameters that
control the strengths of the node-level and hyperedge-level contrastive objectives, respectively.

Through joint optimization, the node-level contrastive objective preserves local seman-
tic consistency, while the hyperedge-level contrastive objective stabilizes global dependency
semantics. Together, they complement supervised classification and further improve the
robustness and discriminability of representations learned on sparse hypergraphs.

4.4. Algorithmic Procedure

The overall procedure of DDEC is summarized in Algorithm 1. Given the original
hypergraph and node feature matrix, DDEC first performs entropy-guided feature re-
calibration to obtain more reliable node features. Based on the recalibrated features, it
then constructs structural and attribute views, enhances hyperedge dependencies in the
dual space for each view, and adaptively fuses the resulting node representations through
confidence-aware gating. Finally, node-level and hyperedge-level contrastive objectives are
jointly optimized together with the classification loss to learn robust and discriminative
representations for sparse hypergraph node classification.

4.5. Time Complexity Analysis

To analyze the computational efficiency of DDEC, we summarize the time complexity
of its main components. Let n denote the number of nodes, d the hidden dimension, c
the number of classes, and ms and m f the numbers of hyperedges in the structural and
attribute views, respectively. Let |I s| and |I f | denote the numbers of node–hyperedge
incidences in the two views. We use q to denote the number of candidate hyperedge
neighbors used for semantic affinity estimation and s to denote the number of retained
neighbors after sparsification.

The entropy-guided feature recalibration module obtains preliminary predictions
through a lightweight auxiliary hypergraph predictor, with complexity O(|I s|d + ndc).
Entropy estimation and feature recalibration further require O(nc + nd). The structural
view is directly inherited from the original incidence matrix without extra construction cost.
The attribute view is constructed once from recalibrated node features using a k-nearest-
neighbor strategy, which costs O(n2d) in a straightforward implementation. Since this step
is performed only once before training, it is treated as preprocessing and excluded from the
per-epoch complexity.

https://doi.org/10.3390/e28070729
65



Entropy 2026, 28, 729

Algorithm 1: The overall procedure of DDEC
Input: Hypergraph G, node feature matrix X, balancing coefficient α, neighborhood

size k, sparsification parameter s, temperature τ, loss weights λ1 and λ2

Output: Predicted node labels
1 Obtain the preliminary predictive distribution P using an auxiliary

hypergraph predictor;
2 Compute node entropyH(vi) according to Equation (6);
3 Construct the reliability matrix R and recalibrate node features X̃ via Equation (8);
4 Inherit the structural view Hs from the original incidence matrix and construct the

attribute view H f based on X̃; Project X̃ into the hyperedge spaces of the two views
to obtain initial hyperedge representations via Equation (9);

5 For each view, transform the hypergraph into its dual line graph and construct the
dual topological adjacency matrix;

6 Estimate the hyperedge semantic affinity matrix according to Equation (10);
7 Fuse explicit topology and semantic affinity to obtain the enhanced dual adjacency

matrix via Equation (11);
8 Update hyperedge representations in the dual space using Equation (12);
9 Project the enhanced hyperedge representations back to the node space via

Equation (13);
10 Compute the confidence scores and gating weights according to

Equations (15) and (16), and fuse the two-view node representations via
Equation (17);

11 Compute the node-level contrastive loss Lnode and the hyperedge-level contrastive
loss Ledge according to Equations (19) and (20);

12 Optimize the overall objective in Equation (21) and update model parameters;
13 Output the final node predictions according to Equation (18);

For each view t ∈ {s, f }, projecting node representations into the hyperedge space
and projecting enhanced hyperedge representations back to the node space cost O(|I t|d).
In dual dependency enhancement, semantic affinity is estimated only within a candidate
neighbor set of size q, rather than by dense all-pair computation, leading to complex-
ity O(mtqd). After top-s sparsification, dual-space graph convolution is performed on
the sparse enhanced adjacency matrix with complexity O(mtsd). The confidence-aware
two-view fusion costs O(nd).

For optimization, the supervised classification loss costs O(nc). The node-level con-
trastive loss is computed over sparse incidence-induced positive pairs, with complexity
O((|I s|+ |I f |)d). The hyperedge-level contrastive loss is computed over retained dual-
space neighbors, with complexity O((mss + m f s)d).

Therefore, excluding the one-time attribute-view preprocessing cost, the per-epoch
time complexity of DDEC can be summarized as

O
(

ndc + ∑
t∈{s, f }

(|I t|d + mtqd + mtsd
))

. (22)

Since q and s are much smaller than the number of hyperedges in sparse hypergraphs,
DDEC avoids dense hyperedge-level dependency computation and mainly operates on
sparse incidence matrices and sparse dual-space adjacency matrices.
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5. Experimental Results and Analysis

5.1. Experimental Settings

To comprehensively evaluate the effectiveness of DDEC for sparse hypergraph node
classification, we conduct experiments on eight public datasets drawn from diverse real-
world scenarios, including academic networks, biological data, social networks, and e-
commerce/multimedia interaction networks. These datasets exhibit substantial diversity in
terms of structural sparsity, feature dimensionality, and class cardinality, thereby providing
a comprehensive test bed for assessing the generalizability and robustness of the proposed
framework across different sparse hypergraph scenarios. The detailed statistics of all
datasets are reported in Table 1.

Table 1. Statistics of the Datasets

Dataset n d ms m f ρe ρv ζ K h

Cora-C 2708 1433 1579 2708 1.77 3.03 1.25 7 0.8625
Citeseer 3312 3703 1079 3312 1.04 3.20 0.85 6 0.8291
Cora-A 2708 1433 1072 2708 1.69 4.28 0.75 7 0.8763

Zoo 101 16 43 101 17 39.93 5.58 7 0.6558
Mushroom 8124 22 298 8124 5 136.31 0.09 2 0.9554

Actor 16,255 50 10,164 16,255 3.39 5.43 0.31 3 0.6755
Amazon 22,299 111 2090 22,299 0.29 3.10 1.60 5 0.6441

Pokec 14,998 65 2406 14,998 0.37 2.29 0.66 2 0.7225

Note: n denotes the number of nodes, d denotes the dimensionality of node features, ms and m f denote the
numbers of hyperedges in the structural-view and attribute-view hypergraphs, respectively, ρe denotes the
average hyperedge cardinality, ρv denotes the average node participation, ζ denotes the average number of
neighboring hyperedges in the dual space, K denotes the number of classes, and h denotes the intra-hyperedge
label homophily ratio, which measures the proportion of node pairs within the same hyperedge that share the
same class label.

To verify the effectiveness of the proposed framework, we compare DDEC against
10 representative hypergraph learning baselines spanning three categories: classical hyper-
graph neural networks, dynamic structure modeling methods, and contrastive-learning-
based hypergraph representation learning methods. Specifically, the classical baselines
include HGNN, HNHN, and AllSet; the dynamic structure modeling baselines include
DHGNN and TDHNN, and the recent hypergraph method DPHGNN, which we include
as an additional baseline using hyperedges reconstructed from our datasets to ensure fair
comparison; the contrastive baselines include HyperGCL, HSL, CHGNN, HyGCL-AdT,
and we note that HyperGT is not included because its original experimental setting focuses
on featureless hypergraphs, which differs from our attributed sparse hypergraph node clas-
sification scenario and would require nontrivial adaptation. This broad selection enables a
comprehensive evaluation of DDEC against different families of competitive methods.

We adopt classification accuracy (ACC) as the evaluation metric. For each dataset,
the training, validation, and test sets are split according to a ratio of 1:1:8. To ensure a fair
comparison, all baseline methods are trained and evaluated under the same data split.

Unless otherwise specified, the key hyperparameters of DDEC are set as follows.
The number of nearest neighbors used to construct the attribute-view hypergraph is fixed
at k = 10. In the dual dependency enhancement module, the fusion coefficient between
explicit topological adjacency and attention-derived semantic affinity is set to α = 0.6,
and the sparsification threshold for semantic affinity is set to s = 5. In the joint optimization
objective, the weights of the node-level and hyperedge-level contrastive losses are set to
λ1 = 0.3 and λ2 = 0.4, respectively.

For the entropy-guided feature recalibration module, the auxiliary predictor is a
lightweight hypergraph convolutional network consisting of a single hypergraph convolu-
tion layer followed by a linear classifier and softmax function to generate preliminary class
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distributions P. It is trained on the same training split using standard cross-entropy loss.
The parameters of the auxiliary predictor are independent of the main DDEC model and
are not shared with other modules. Its output is only used to compute node-level predictive
entropy to guide feature recalibration; it does not directly participate in final prediction.
Therefore, the auxiliary predictor serves as a fixed uncertainty estimator rather than an
additional prediction branch in the main model. Its contribution to final performance is
confirmed in the ablation study in Section 5.3.

All experiments are implemented in PyTorch 2.3.1 and conducted on a single NVIDIA
A100 GPU. To reduce the influence of randomness, each experiment is repeated five
times with different random seeds, and the reported results are averaged over these runs.
Baselines follow the parameter settings recommended in their original papers and are
further tuned on validation sets to ensure fair comparison.

5.2. Overall Performance Comparison

Table 2 reports the node classification accuracy of DDEC and all baseline methods
on eight public datasets. Overall, DDEC achieves superior or competitive performance
across all datasets, obtaining the best results on five datasets: Cora-C, Citeseer, Cora-A, Zoo,
and Amazon. These results demonstrate the effectiveness of DDEC for sparse hypergraph
node classification across diverse real-world scenarios.

Table 2. Comparison of classification accuracy (%) between DDEC and baseline methods

Method Cora-C Citeseer Cora-A Zoo Mushroom Amazon Pokec Actor

HGNN 62.99 56.68 70.74 77.78 99.01 25.50 57.34 73.57
HNHN 76.21 67.28 74.88 74.04 97.00 26.34 56.33 71.76
AllSet 76.21 67.83 76.94 65.43 98.48 25.63 56.04 77.12
DHGNN 70.88 63.92 75.91 79.01 OOM 24.31 54.73 63.47
HSL 75.45 65.43 74.17 76.54 99.69 26.12 50.88 82.97
TDHNN 68.76 66.64 71.94 41.98 97.09 27.02 57.02 62.46
HyperGCL 73.52 66.82 76.57 66.89 99.46 26.09 53.80 75.44
CHGNN 77.00 68.96 79.95 77.38 98.89 26.44 50.78 66.09
HyGCL-AdT 76.64 70.45 80.25 76.54 99.77 25.87 58.68 81.37
DPHGNN 49.05 40.20 73.37 80.00 94.83 19.24 55.53 64.27
DDEC 78.31 72.87 81.17 81.48 99.54 27.40 57.64 80.97

Improve 1.31 2.42 0.92 1.48 −0.23 0.38 −1.04 −2.00
Note: The best results are shown in bold, and the second-best results are underlined. “OOM” indicates that the
method runs out of memory. “Improve” denotes the absolute performance gain of DDEC over the strongest
baseline on each dataset.

More specifically, DDEC outperforms the strongest competing baseline by 1.31, 2.42,
0.92, 1.48, and 0.38 percentage points on Cora-C, Citeseer, Cora-A, Zoo, and Amazon,
respectively. The gains on Citeseer, Zoo, and Cora-C are particularly notable. According to
the statistics in Table 1, Cora-C, Citeseer, and Cora-A have relatively high intra-hyperedge
label homophily ratios, with h = 0.8625, 0.8291, and 0.8763, respectively. This indicates
that nodes within the same hyperedge tend to share relatively coherent class semantics,
making node-level consistency modeling more reliable. In addition, Zoo has a much larger
average number of neighboring hyperedges in the dual space, with ζ = 5.58, suggesting
that rich inter-hyperedge dependencies remain recoverable even though its intra-hyperedge
homophily is not very high. These observations indicate that DDEC can benefit from either
reliable local semantic consistency or recoverable global dependency structures, especially
when sparse high-order interactions are only weakly observed from the original topology.

On Mushroom, DDEC performs slightly worse than the best baseline. Although Mush-
room has a high intra-hyperedge label homophily ratio (h = 0.9554), its average number
of neighboring hyperedges in the dual space is extremely small (ζ = 0.09), indicating that
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there are very limited inter-hyperedge associations to recover. Under such conditions,
the effectiveness of dual dependency enhancement is constrained, and the relational super-
vision provided by the contrastive objectives is also weakened. This explains why DDEC
only achieves limited improvement on this dataset despite its strong local homophily.

DDEC also does not achieve the best result on Pokec and Actor. From Table 1, both
datasets have relatively low dual-space connectivity and weaker intra-hyperedge semantic
consistency. Specifically, Pokec has ζ = 0.66 and h = 0.7225, while Actor has ζ = 0.31 and
h = 0.6755. These statistics indicate that the recoverable inter-hyperedge dependencies
are limited and that nodes within the same hyperedge may not share highly consistent
class semantics. For example, in Pokec, a hyperedge corresponds to a friendship group
whose members may differ in gender, interests, and other attributes. In Actor, a hyper-
edge corresponds to a movie project and may include actors, directors, and screenwriters
with different roles. In such cases, enforcing node-level local consistency may introduce
ambiguous supervision and blur the original class boundaries, thereby reducing classifica-
tion performance.

Overall, the results suggest that DDEC is most effective when useful inter-hyperedge
dependencies remain recoverable in the dual space, and relatively high intra-hyperedge
homophily can further enhance the benefit of node-level consistency modeling. When
dual-space connectivity is extremely weak, as in Mushroom, the benefit of dual dependency
enhancement becomes limited even if local homophily is high. When both dual-space
connectivity and intra-hyperedge semantic consistency are relatively weak, as in Pokec
and Actor, the advantage of DDEC is also reduced. These observations provide more
concrete guidance for applying DDEC: it is particularly suitable for sparse hypergraphs
with recoverable global dependency structures, while reliable local contextual consistency
can further improve its stability.

5.3. Ablation Study

To investigate the contribution of each component in DDEC, we conduct ablation
studies on Cora-A, Cora-C, and Citeseer. Six model variants are constructed by removing
one component at a time, including feature recalibration, dual line-graph transformation,
attention-based semantic enhancement, node-level contrastive learning, hyperedge-level
contrastive learning, and the attribute view. The variant definitions are listed in Table 3,
and the corresponding results are shown in Figure 3.

Figure 3. Ablation study of the core components in DDEC for sparse hypergraph node classification.
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Overall, the full DDEC model achieves the best performance on all three datasets,
which demonstrates that the proposed components contribute to sparse hypergraph node
classification in a highly complementary manner. In contrast, removing any single com-
ponent leads to a noticeable performance drop, indicating that uncertainty-aware feature
recalibration, dual dependency enhancement, and multi-granularity collaborative con-
trastive learning all play important roles in the final performance gains.

Table 3. Variants used in the ablation study of DDEC.

Variant
Feature

Recalibration
Line

Graph
Attention

Node-Level
Loss

Hyperedge-Level
Loss

Attribute
View

w/o Feature Recalibration × � � � � �
w/o Line Graph � × � � � �
w/o Attention � � × � � �
w/o Node-level Loss � � � × � �
w/o Hyperedge-level Loss � � � � × �
w/o Attribute View � � � � � ×
DDEC � � � � � �

Note: � indicates that the corresponding module is used, while × indicates that it is removed.

Specifically, removing the feature recalibration module decreases accuracy by 0.46,
0.92, and 1.24 percentage points on Cora-A, Cora-C, and Citeseer, respectively. This module
relies on the lightweight auxiliary hypergraph predictor, which is trained independently
and used to generate preliminary class distributions for computing node-level entropy.
The entropy serves as a relative reliability signal, suppressing unreliable node features
before constructing the attribute view. The observed performance drop confirms that this
entropy-guided feature recalibration effectively mitigates the impact of noisy or ambiguous
node signals, providing more stable inputs for subsequent dependency modeling.

For the dual dependency enhancement module, removing the line graph, attention
mechanism, or attribute view consistently degrades performance, indicating that jointly
modeling explicit topological adjacency and latent semantic affinity is critical for recov-
ering incomplete inter-hyperedge dependencies in sparse hypergraphs. Among these
variants, removing the attribute view causes the largest drop, with accuracy decreasing
by 4.70, 4.66, and 4.75 percentage points on the three datasets, respectively. This suggests
that the attribute view provides crucial supplementary relational cues beyond the sparse
structural view, especially when high-order interactions are only weakly observed from
topology alone.

For the collaborative contrastive learning module, removing the node-level contrastive
loss results in accuracy drops of 0.78, 0.83, and 1.51 percentage points, while removing the
hyperedge-level contrastive loss leads to decreases of 1.11, 0.97, and 1.09 percentage points
on the three datasets, respectively. These results indicate that the node-level contrastive
objective helps preserve local semantic consistency among structurally related nodes,
whereas the hyperedge-level contrastive objective stabilizes global dependency semantics in
the dual space. Together, the two objectives provide complementary supervision from local
node relations and global hyperedge dependencies, thereby improving the discriminability
and stability of the learned representations.

In summary, the ablation results show that the performance gains of DDEC do not
arise from any single design choice, but from the joint effect of uncertainty-aware feature re-
calibration, dual dependency enhancement, and multi-granularity collaborative contrastive
learning. In particular, the attribute view and dual-space dependency enhancement help
recover incomplete inter-hyperedge dependencies under sparse topology, while node-level
and hyperedge-level contrastive learning further preserve local semantic consistency and
stabilize global dependency semantics.
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5.4. Parameter Sensitivity Analysis

To further investigate the influence of key hyperparameters, we conduct a sensitivity
analysis on the Citeseer dataset. Specifically, we examine the fusion coefficient α and the
sparsification threshold s in the dual dependency enhancement module, as well as the loss
weights λ1 and λ2 in the joint optimization objective.

Figure 4a illustrates the classification accuracy under different combinations of α

and s, where s ∈ [0, 20]. The results show that model performance is sensitive to both
hyperparameters. When α is too large, the model relies excessively on explicit topological
adjacency and fails to fully exploit latent semantic affinity among hyperedges. In contrast,
when α is too small, the structural constraints inherited from the original hypergraph
become insufficient. Similarly, when s is too small, only a limited number of meaningful
semantic connections are retained. When s is too large, weak and noisy relations are
more likely to be introduced. The best performance is achieved at α = 0.6 and s = 5,
indicating that explicit topological adjacency and attention-derived semantic affinity should
be properly balanced, and that retaining only a small number of high-confidence semantic
links is most beneficial for dual-space dependency enhancement.

(a) Sensitivity analysis of α and s (b) Sensitivity analysis of λ1 and λ2

Figure 4. Sensitivity analysis of key parameters.

Figure 4b presents the heat map of classification accuracy under different values of λ1

and λ2. When both weights are too small, the node-level and hyperedge-level contrastive
losses are too weak to provide effective auxiliary supervision for representation learning.
In contrast, when both are too large, the contrastive objectives dominate the optimization
process and weaken the contribution of the supervised classification signal, leading to
performance degradation. The best result is obtained when λ1 = 0.3 and λ2 = 0.4. This
suggests that the node-level and hyperedge-level contrastive objectives should be balanced
appropriately with the classification objective in order to fully exploit their complementary
roles in preserving local semantic consistency and stabilizing global dependency semantics.

5.5. Robustness Analysis

To evaluate the robustness of DDEC under sparse perturbations, we conduct ro-
bustness experiments on Cora-A, Cora-C, and Citeseer from two perspectives: structural
perturbation and feature perturbation. DDEC is compared with representative methods,
including HGNN and CHGNN, and classification accuracy is used as the evaluation metric.
In the structural robustness experiments, 40%, 50%, and 60% of node–hyperedge incidence
relations are randomly removed, followed by the deletion of 70% of hyperedges to simulate
different levels of structural damage. In the feature robustness experiments, partial node fea-
tures are randomly masked and set to zero, with masking ratios pmask ∈ {20%, 30%, 40%}.
The results are shown in Figures 5 and 6, respectively.
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Figure 5. Robustness comparison of DDEC and baseline methods under structural perturbation.

Figure 6. Robustness comparison of DDEC and baseline methods under feature perturbation.

As shown in Figure 5, although the performance of all methods fluctuates as structural
perturbation becomes stronger, DDEC consistently remains superior on Cora-A, Cora-C,
and Citeseer. This demonstrates that DDEC has strong robustness under structural corrup-
tion. Such robustness can be attributed to three factors. First, uncertainty-aware feature
recalibration suppresses unreliable signal propagation. Second, dual dependency enhance-
ment helps recover incomplete inter-hyperedge dependencies under sparse topology. Third,
collaborative contrastive learning further preserves node-level local semantic consistency
and stabilizes hyperedge-level global dependency semantics. As a result, DDEC remains
stable even under severely corrupted structural conditions.

Figure 6 further shows that, as feature perturbation increases, the classification accu-
racy of all methods generally declines. Nevertheless, DDEC still outperforms the competing
baselines on all three datasets, indicating that it is also robust to feature corruption. This
result suggests that the proposed feature recalibration effectively alleviates the interfer-
ence caused by low-confidence features, while the attribute view and confidence-aware
multi-view fusion help compensate for missing or corrupted node attributes by exploiting
complementary feature-induced relational cues. Consequently, DDEC maintains strong
classification capability even when the input features are partially damaged.

5.6. Training Time Comparison

To further evaluate the practical efficiency of DDEC, we report the wall-clock training
time of DDEC and two representative baselines, HyGCL-AdT and DPHGNN, on five
datasets. All methods are evaluated under the same experimental environment, and the
results are shown in Table 4.
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Table 4. Training time (in seconds) of DDEC and representative baselines on five datasets.

Method Cora-C Citeseer Cora-A Zoo Mushroom

HyGCL-AdT 60 72 86 31 282.83
DPHGNN 182 220 168 129 4620
DDEC 206 227 123 12 5580

As shown in Table 4, DDEC generally requires more training time than simpler
baselines on large-scale datasets. This is mainly because DDEC introduces dual line-
graph transformation, hyperedge-level semantic affinity estimation, and node-level and
hyperedge-level contrastive learning. Nevertheless, the additional cost is expected and
remains manageable on modern GPUs. Moreover, DDEC can be successfully trained on all
datasets, indicating its practical feasibility for sparse hypergraph node classification.

6. Conclusions and Future Work

In this paper, we propose DDEC, a Dual Dependency-Enhanced Contrastive Learn-
ing framework for sparse hypergraph node classification. DDEC aims to recover latent
high-order interactions from sparse and noisy observations by jointly leveraging structural
and attribute information. Specifically, it introduces an attribute view to complement miss-
ing relational information, enhances feature reliability via entropy-guided recalibration,
strengthens dual dependencies in a shared relational space through line-graph transforma-
tion, and preserves multi-granularity semantic consistency via collaborative contrastive
learning at both node and hyperedge levels. Extensive experiments on eight public datasets
show that DDEC achieves strong performance on most datasets while exhibiting robust
behavior under structural and feature perturbations, although its improvements are limited
on some low-connectivity or heterogeneous datasets.

Despite its promising performance, the proposed method still has several limitations
that deserve further investigation. First, the current framework relies, to some extent, on the
homophily assumption within hyperedges, and its adaptability to strongly heterogeneous
hypergraphs remains to be improved. Second, as the scale of the hypergraph increases,
dual-space modeling and attention computation may introduce considerable computational
overhead. Future work may therefore explore more efficient strategies, such as subgraph
sampling, sparse attention, or approximate propagation, to improve scalability. Finally,
the present study focuses on static hypergraphs. Extending dual dependency enhance-
ment and collaborative contrastive learning to dynamic hypergraph settings, in order to
capture the temporal evolution of high-order relations, is also a promising direction for
future research.
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Abstract

Emotion recognition plays a crucial role in human–computer interaction, health monitoring,
and affective computing by analysing physiological signals. Despite recent advancements,
current research still faces challenges, including the lack of effective fusion strategies for
diverse physiological modalities, difficulties in handling high-dimensional feature repre-
sentations, and limited use of efficient temporal modelling techniques to capture complex
emotional patterns. This study proposes a deep learning-based approach that fuses multi-
ple physiological modalities, including Electroencephalography (EEG), Electrooculography
(EOG), Electromyography (EMG), Galvanic Skin Response (GSR), Respiratory Rate (RR),
Skin Temperature (SKT), and Photoplethysmography (PPG), to improve emotion recog-
nition. Arousal and valence ratings were binarized into two classes (low/high) using a
threshold of 4.5, formulating a binary classification problem. In addition to utilising Bidi-
rectional Long Short-Term Memory (Bi-LSTM), the study employs Temporal Convolutional
Networks (TCN), a widely used approach for time-series analysis, to efficiently capture tem-
poral dependencies. The proposed model optimises feature selection through channel-wise
strategies, incorporates advanced learning rate scheduling, and reduces computational
overhead. Furthermore, window-wise, block-wise, and trial-wise evaluation protocols
were investigated to assess the impact of temporal information leakage on emotion recog-
nition performance. Using the DEAP dataset for validation, the proposed TCN-based
approach achieved classification accuracies of 88.42% for valence and 86.35% for arousal
under an overlapping block-wise evaluation protocol, demonstrating improved perfor-
mance in binary emotion recognition and highlighting the importance of leakage-aware
model assessment.

Keywords: emotion recognition; physiological signals; deep learning; multimodal fusion;
temporal convolutional networks

1. Introduction

Emotional states profoundly impact how individuals perceive, process, and respond
to information, affecting both cognition and psychological well-being. While positive
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emotions foster psychological resilience, negative emotions are often linked to stress-
related health issues [1,2]. Accurate emotion recognition is therefore essential across a wide
range of applications, including mental health monitoring, adaptive human–computer
interaction, and affective computing [3]. However, traditional emotion recognition methods
relying on subjective assessments and manual annotations are time-consuming and prone
to bias [4].

Recent advancements in artificial intelligence (AI), particularly deep learning, have
significantly improved automated emotion recognition by leveraging physiological signals
such as Electroencephalography (EEG), Electrooculography (EOG), Electromyography
(EMG), Skin Temperature (SKT), Photoplethysmography (PPG), Galvanic Skin Response
(GSR), and respiratory rate (RR) [5]. Although previous studies have explored deep learning
with multimodal physiological signals, most have only utilised a subset of these modalities
rather than integrating them comprehensively. Despite these improvements, challenges
remain in feature selection, computational efficiency, and model scalability for real-time
applications. Moreover, integrating deep learning with multimodal physiological signals is
still evolving, constrained by limited datasets and model optimisation strategies.

Multimodal emotion recognition has gained increasing attention as it enables the
integration of complementary information from multiple physiological signals to improve
robustness and classification performance. Different modalities capture distinct aspects
of emotional processing: EEG reflects neural activity, PPG captures cardiovascular re-
sponses, EOG records eye movement patterns, EMG measures muscle activity related to
facial expressions, SKT reflects temperature changes associated with emotional states, and
GSR represents skin conductance variations linked to arousal and stress. By combining
these heterogeneous signals, multimodal approaches can better address the subjectiv-
ity and variability inherent in emotional responses, leading to more reliable emotion
prediction systems [6].

To address these challenges, this study proposes a multimodal fusion framework
for emotion recognition, incorporating EEG, PPG, GSR, EOG, EMG, SKT, and RR. Using
the DEAP dataset, we preprocess signals, extract relevant features, and employ modality-
specific subnetworks before integrating them into a unified deep learning model.

While multimodal deep learning approaches have been widely explored, this study
investigates the effectiveness of Temporal Convolutional Networks (TCN) [7] and Bidi-
rectional Long Short-Term Memory (Bi-LSTM) [8] for multimodal physiological emotion
recognition. In addition to comparing temporal modelling capabilities, the study system-
atically examines the influence of different evaluation protocols, including window-wise,
block-wise, and trial-wise validation strategies, to assess the impact of temporal informa-
tion leakage on reported performance. Optimised feature selection and advanced learning
rate scheduling techniques are further employed to improve accuracy while reducing
computational overhead.

By exploring deep learning-based multimodal fusion strategies, this study aims to
enhance the efficiency and scalability of emotion recognition systems, contributing to the
development of robust, real-time applications in affective computing and related fields.

The main contributions of this study are summarised as follows:

1. A multimodal deep learning framework is proposed for emotion recognition by
integrating seven physiological modalities, including EEG, PPG, GSR, EOG, EMG,
SKT, and RR, enabling comprehensive exploitation of both central and peripheral
physiological responses.

2. Multiple data partitioning strategies, including conventional window-wise, block-
wise, and trial-wise evaluation protocols, are systematically investigated to examine
the impact of temporal information leakage on emotion recognition performance.
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3. A leakage-aware evaluation framework is introduced through the systematic inves-
tigation of window-wise, block-wise, non-overlapping block-wise, and trial-wise
partitioning strategies, providing a more realistic assessment of model generalisation
and quantifying the impact of temporal information leakage on reported emotion
recognition performance.

4. A Temporal Convolutional Network (TCN)-based architecture is developed and eval-
uated against a Bi-LSTM baseline to investigate the effectiveness of temporal feature
learning from multimodal physiological signals.

5. A modality-wise ablation study is conducted to quantify the contribution of individ-
ual physiological signals and to evaluate the effectiveness of multimodal fusion for
emotion recognition.

Extensive experiments on the DEAP dataset demonstrate that the proposed framework
achieves competitive performance while maintaining computational efficiency, supporting
its potential applicability in real-time affective computing systems.

The remainder of this paper is organised as follows. Section 2 presents the background
and reviews related work in multimodal emotion recognition. Section 3 describes the pro-
posed methodology, including data preprocessing, feature extraction, model architecture,
and evaluation protocols. Section 4 presents experimental results, including performance
analysis, modality-wise ablation studies, and the investigation of temporal information
leakage under different validation strategies. Finally, Section 5 concludes the paper and
outlines future research directions.

2. Background

In recent years, numerous studies have explored emotion recognition using phys-
iological signals and machine learning techniques. Verma and Tiwary [7] developed a
multimodal fusion framework combining Discrete Wavelet Transform with classifiers such
as Support Vector Machine (SVM), Multilayer Perceptron (MLP), and K-Nearest Neigh-
bours (KNN) to classify emotions from EEG, GSR, and skin temperature. Yin and Zhao [8]
introduced a multiple-fusion-layer-based ensemble classifier using stacked autoencoders
(MESAE) to filter noise and extract stable features for arousal and valence classification.
Khalili et al. [9] examined quadratic discriminant classifiers on EEG and peripheral signals,
highlighting EEG’s effectiveness, particularly when nonlinear features were employed.
Chen et al. [10] proposed a multimodal fusion approach using EEG and peripheral signals,
achieving optimal performance for arousal classification. García [11] applied Gaussian
Process Latent Variable Models (GP-LVM) to map high-dimensional physiological data
into a low-dimensional latent space, improving classification accuracy. Wagner et al. [12]
investigated emotion recognition from music-induced stimuli using EMG, ECG, and skin
conductivity, achieving high recognition rates with machine learning classifiers.

A notable study [13] introduced the MED4 dataset, recording EEG, PPG, speech, and
facial images under controlled conditions. It demonstrated that EEG outperforms speech
in emotion recognition and that fusing EEG with speech enhances robustness in noisy
environments. The study also leveraged Temporal Convolutional Networks (TCNs) to im-
prove temporal feature extraction and classification performance. Similarly, one study [14]
demonstrated the effectiveness of TCNs for learning long-term temporal features from
physiological signals, overcoming RNN limitations. Integrating the Connectionist Tempo-
ral Classification (CTC) algorithm further improved alignment of temporal features with
sentiment labels. The results on the AMIGOS dataset showed that the TCN-based approach
outperformed traditional methods, highlighting its potential for emotion recognition.

More recent research has increasingly shifted toward deep learning approaches for
EEG-based emotion recognition. Bi-LSTM networks have demonstrated effectiveness in
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modelling temporal dependencies in physiological signals [15], while CNN-RNN hybrid
frameworks have improved spatial–temporal feature extraction [16]. Other studies have ex-
plored graph convolutional networks and transformer-based architectures to better capture
inter-channel and temporal relationships in EEG signals [17]. The DEAP dataset [18] has
become one of the most widely used benchmarks for evaluating multimodal physiological
emotion recognition models.

Recent studies on the DEAP dataset have investigated multimodal fusion and ad-
vanced temporal modelling strategies for emotion recognition. Ensemble-based learning
frameworks combining EEG, EMG, and EOG signals have demonstrated the effective-
ness of heterogeneous physiological fusion for affect classification [19]. Deep canonical
correlation analysis has also been explored to learn shared feature representations across
modalities for arousal and valence recognition [20]. In addition, attention-based trans-
former architectures and CNN–LSTM hybrid models have shown strong performance in
spatial–temporal representation learning and temporal decoding of EEG signals [21–23].
Transfer-learning approaches have been further investigated to improve robustness across
subjects and modalities [24], while multimodal human–computer interaction studies inte-
grating EEG with facial video have highlighted the complementary relationship between
behavioural and physiological affective cues [25]. Together, these studies demonstrate
growing interest in scalable and generalised deep learning frameworks for multimodal
affective computing.

An important methodological consideration in physiological emotion recognition is
the temporal segmentation of continuous signals. Many studies divide recordings into
short overlapping windows to capture dynamic emotional variations and increase the
number of training samples [26–28]. However, such overlapping segmentation can in-
troduce information leakage when windows from the same trial are distributed across
training and validation sets, potentially leading to inflated performance estimates [29]. To
address this issue, more rigorous evaluation strategies, such as trial-wise and block-wise
partitioning, have been proposed [30,31]. In particular, block-wise segmentation groups
temporally adjacent windows into the same dataset partition, reducing the likelihood that
highly correlated samples cross the train–validation boundary. This preserves the indepen-
dence between training and validation data and provides a more reliable assessment of
model generalisation.

Recent studies have increasingly emphasised the importance of evaluation method-
ology in EEG-based emotion recognition. A comprehensive review by Ma et al. [32]
summarised numerous subject-independent deep learning studies and demonstrated
that cross-subject evaluation on the DEAP dataset remains considerably more challeng-
ing than conventional within-subject settings due to substantial inter-subject variability.
Brookshire et al. [29] discussed how data leakage can artificially inflate EEG deep learning
performance and reduce the reliability of reported results. Lei et al. [31] investigated the
impact of trial-wise splitting and temporal leakage in EEG-based emotion classification,
showing that improper partitioning strategies may lead to overly optimistic accuracies.
Kukhilava et al. [30] proposed a unified evaluation framework for EEG emotion recogni-
tion and highlighted inconsistencies in validation methodologies across existing studies.
Similarly, Del Pup et al. [33] demonstrated that data partitioning strategies significantly
influence EEG deep learning performance, while Liu et al. [34] introduced a comprehensive
benchmark framework emphasising standardised and reproducible evaluation procedures.

In this study, a block-wise evaluation strategy is adopted to reduce temporal overlap
between training and validation samples. Although this approach produces more conser-
vative performance compared to conventional window-wise splitting, it provides a more
realistic and unbiased assessment of model generalisation capability.
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In addition to methodological studies on data leakage and evaluation protocols, sev-
eral recent subject-independent EEG emotion recognition approaches have further demon-
strated the challenges of cross-subject generalisation on the DEAP dataset. Quan et al. [35]
proposed a deep learning framework for subject-independent EEG emotion recognition and
reported accuracies of 79.59% for arousal and 81.19% for valence, highlighting the difficulty
of maintaining robust performance under cross-subject evaluation settings. He et al. [36]
introduced a domain adaptation-based approach for EEG emotion recognition, achiev-
ing 63.25% arousal and 64.33% valence accuracy, while emphasising the importance of
reducing domain discrepancies between subjects. Together, these studies further confirm
that subject-independent EEG emotion recognition remains substantially more challenging
than conventional within-subject evaluation and reinforce the importance of rigorous and
leakage-aware validation strategies.

Together, these studies indicate that DEAP continues to serve as a central benchmark
for evaluating modality integration, feature representation, and temporal modelling strate-
gies in affective computing. However, differences in modality selection, binary versus
multi-class formulations, and cross-subject versus within-subject evaluation protocols
make direct comparison challenging and highlight the need for reproducible multimodal
pipelines with clearly defined learning objectives. Despite these advances, challenges
such as computational complexity, overfitting, and limited real-time scalability persist. In
particular, the integration of TCNs into multimodal frameworks remains underexplored,
even though their ability to model long-term dependencies and enable parallelization offers
clear benefits.

3. Methodology

3.1. Data Collection

The DEAP dataset [18], a widely used benchmark for emotion recognition, consists
of multimodal physiological recordings from 32 participants (16 males, 16 females) aged
between 19 and 37 years. The study was conducted in a controlled laboratory environment
where participants watched 40 one-minute-long music video clips selected to elicit a range
of emotional responses. These videos were chosen based on prior affective ratings to ensure
diversity in emotional stimuli. During the experiment, physiological signals—including
EEG, EOG, EMG, GSR, RR, SKT, and PPG—were recorded at a sampling rate of 128 Hz.
EEG signals were captured from 32 channels following the international 10–20 system.
After watching each video, participants self-reported their emotional states using a 9-point
scale for arousal and valence. For this study, arousal and valence ratings were binarized,
formulating a two-class classification problem. These subjective ratings serve as the ground
truth labels for emotion classification.

For model training, the DEAP data were loaded in the pre-processed Python for-
mat, where each participant’s file contains 40 trials. Each trial is represented as a
three-dimensional array with the shape (40 trials × 40 channels × 8064 samples), corre-
sponding to 32 EEG and 8 peripheral physiological signals. In this study, 11 EEG channels
were selected based on prior literature and combined with six peripheral physiologi-
cal channels (EOG, EMG, GSR, RR, SKT, and PPG), resulting in a final configuration of
17 channels for analysis. This multimodal configuration enables a comprehensive assess-
ment of both central nervous system activity (EEG) and peripheral autonomic physiological
responses. The corresponding label array has the shape (40 × 4), representing valence,
arousal, dominance, and liking, where only valence and arousal dimensions were used
for classification.
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3.2. Preprocessing and Feature Extraction

To prepare the data for deep learning, each physiological signal underwent a multi-
stage preprocessing and segmentation pipeline designed to enhance signal quality and
reduce redundancy. First, baseline noise and artefacts were removed using the DEAP
dataset’s preprocessing procedures, including filtering and normalisation. From the
40 available channels, 11 EEG channels were selected and combined with six peripheral
physiological signals (EOG, EMG, GSR, RR, SKT, and PPG), resulting in 17 channels used
for subsequent analysis.

Each trial (8064 samples) was segmented into overlapping windows of 2 s (256 samples)
with a 0.125 s step (16 samples). For each window, a Fast Fourier Transform (FFT) was
applied to extract spectral band-power features across five frequency bands commonly
used in emotion-related EEG and physiological analysis. Band-power features from all
selected channels were concatenated into a single feature vector per window.

To prevent overestimation of model performance caused by the high overlap between
consecutive windows, a block-wise splitting strategy was employed. The sequence of
overlapping windows from each trial was partitioned into non-overlapping contiguous
blocks, each containing 8 consecutive windows. Given the windowing configuration, these
blocks represent short, highly correlated temporal segments of the original signal rather
than independent samples. Blocks were constructed sequentially without shuffling to
preserve temporal dependencies. A deterministic partitioning scheme was applied in
which every fourth block was assigned to the validation set, while the remaining blocks
were used for training.

To mitigate the effects of temporal information leakage caused by highly overlapping
windows, a block-wise splitting strategy was initially employed. The sequence of over-
lapping windows from each trial was partitioned into contiguous blocks, each containing
eight consecutive windows, and a deterministic partitioning scheme was applied in which
every fourth block was assigned to the validation set. This strategy reduces the likelihood
of highly similar windows appearing in both training and validation sets; however, some
temporal correlation may still remain due to the substantial overlap between neighbouring
windows. To further investigate the influence of evaluation methodology on reported
performance, additional experiments using larger step sizes, non-overlapping block-wise
partitioning, and strict trial-wise validation were conducted. These evaluation protocols
are described in Section 4.6.

All extracted features and corresponding labels were stored as NumPy arrays to enable
efficient data loading during model training. Training and validation were performed in a
within-subject manner using block-wise configuration to provide a fair, reproducible, and
more rigorous assessment while reducing temporal information leakage between training
and validation samples.

Evaluation Protocols

Several evaluation protocols were investigated to assess the impact of temporal infor-
mation leakage on emotion recognition performance. First, a conventional window-wise
strategy was considered, in which overlapping windows were randomly partitioned be-
tween training and validation sets. Second, a block-wise strategy grouped neighbouring
windows into contiguous temporal blocks before partitioning. Third, a leakage-reduced
block-wise protocol was implemented by increasing the window step size, thereby reducing
overlap between adjacent windows. Fourth, a non-overlapping block-wise protocol was
adopted using a step size equal to the window length. Finally, a strict trial-wise protocol
was employed in which entire trials were assigned exclusively to either the training or
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validation set. These protocols enabled a systematic investigation of how temporal overlap
influences reported classification performance.

3.3. Temporal Convolutional Networks (TCN) and Bi-LSTM for Time-Series Modelling

Temporal Convolutional Networks (TCNs) [37] have recently gained significant at-
tention as a powerful alternative to recurrent neural networks (RNNs) for time-series and
sequential data modelling. Unlike traditional recurrent architectures such as Long Short-
Term Memory (LSTM) and Bidirectional LSTM (Bi-LSTM) [38], which rely on sequential
processing of data over time steps, TCNs leverage the strengths of convolutional operations
to capture dependencies across long temporal spans in a more efficient manner. Specifically,
TCNs employ causal convolutions, which ensure that the prediction at any time step is
based only on the current and previous inputs, thereby preserving temporal order and
avoiding information leakage from the future.

Another important feature of TCNs is the use of dilated convolutions, which systemati-
cally increase the receptive field of the convolutional filters without requiring a proportional
increase in network depth. Through this mechanism, TCNs can capture both short- and
long-range dependencies while maintaining computational efficiency. This design contrasts
with recurrent approaches, where modelling long-term dependencies is often hindered
by vanishing or exploding gradients. By expanding the receptive field exponentially with
each layer, TCNs can learn temporal patterns over extended time spans without recurrent
connections. Moreover, the convolutional nature of TCNs enables parallel processing of
entire sequences, which substantially improves training speed compared to sequential
models like Bi-LSTM.

In this study, we employ TCNs as the primary model for emotion recognition using
multimodal physiological signals, including EEG, PPG, GSR, EOG, EMG, RR, and SKT.
These signals inherently contain complex temporal dynamics that require models capable
of efficiently extracting both local and global dependencies. The detailed architecture of
the proposed TCN model is illustrated in Figure 1.

Figure 1. Architecture of the proposed TCN model. The figure was created using ChatGPT (OpenAI,
GPT-4) and subsequently refined by the authors.

For benchmarking and comparison, we also implement a Bi-LSTM model, as it is one
of the most widely used architectures in time-series analysis due to its ability to capture
bidirectional contextual information. However, despite its effectiveness, Bi-LSTM suffers
from limitations such as higher computational cost, slower training, and reduced scalability
for real-time applications. In addition, recurrent architectures often struggle to capture
very long-range dependencies efficiently, a challenge that TCNs address through their
hierarchical convolutional design.

By conducting a comparative analysis between TCN and Bi-LSTM, we aim to highlight
the advantages of TCNs in terms of both predictive performance and computational
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efficiency. The goal of this work is to demonstrate the suitability of TCNs for physiological
signal-based emotion recognition, emphasising their ability to extract meaningful temporal
representations while maintaining stable training dynamics. This evaluation not only
validates the robustness of TCNs but also provides insights into their practical applicability
for large-scale and real-time affective computing systems.

3.4. Model Architecture

In contrast to recurrent models such as Bi-LSTM, this study adopts a TCN-based
architecture for modelling physiological signals. The TCN structure is specifically designed
to handle long-range temporal dependencies while offering superior parallelization and
stability during training. The architecture is composed of multiple temporal convolu-
tional layers, which progressively extract temporal features from the input signals. Each
convolutional layer is embedded within residual blocks, ensuring that information can
flow across layers without degradation and improving the model’s ability to learn deep
temporal representations.

Feature vectors from each modality were concatenated along the feature dimension
prior to input into the shared TCN backbone, forming a unified multimodal representation.
To enhance generalisation and prevent overfitting, the architecture incorporates dropout
layers and batch normalisation after convolutional operations. Dropout helps reduce
reliance on specific filters, while batch normalisation stabilises learning and accelerates
convergence. At the classification stage, fully connected layers are employed to map the
extracted temporal features into two discrete classes for arousal and valence, enabling
effective binary emotion recognition.

The proposed TCN model was implemented using the TensorFlow/Keras deep-
learning framework. The network consisted of three stacked TCN layers with filter sizes
of 64, 128, and 32, respectively. Each TCN layer employed a kernel size of 3 and dilation
factors of [1, 2, 4, 8] to capture both short- and long-term temporal dependencies. Batch
normalisation and dropout (rate = 0.15) were applied after each TCN layer to improve train-
ing stability and reduce overfitting. For classification, a fully connected dense layer with
16 neurons and ReLU activation was used, followed by a single-neuron output layer with a
sigmoid activation function for binary classification. The main architectural parameters are
summarised in Table 1.

Table 1. TCN model architecture and hyperparameters.

Layer Kernel Size Dilations Filters Dropout/BN/Activation

TCN Block 1 3 [1, 2, 4, 8] 64 BatchNorm + Dropout 0.15

TCN Block 2 3 [1, 2, 4, 8] 128 BatchNorm + Dropout 0.15

TCN Block 3 3 [1, 2, 4, 8] 32 BatchNorm + Dropout 0.15

Dense N/A N/A 16 ReLU

Output N/A N/A 1 Sigmoid

Training was performed using the Adam optimizer (learning rate = 0.0001) with a
ReduceLROnPlateau scheduler that halved the learning rate when the validation loss
plateaued (patience = 5). Binary cross-entropy loss was used, and the model was trained
for 230 epochs with a batch size of 256.

A block-wise train–validation split was initially adopted for model development.
Subsequently, additional leakage-aware evaluation protocols, including non-overlapping
block-wise and trial-wise validation, were investigated to assess the impact of temporal in-
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formation leakage on classification performance. All experiments followed a within-subject
training protocol. Separate networks were trained for arousal and valence prediction.

Overall, the TCN architecture offers several advantages over recurrent counterparts.
It enables faster training by exploiting convolutional operations, ensures stable gradient
flow through residual connections, and scales effectively to long sequences due to dilated
convolutions. These properties make the proposed TCN model well-suited for real-time
physiological signal-based emotion recognition, where both computational efficiency and
accurate temporal modelling are critical. The architecture is illustrated in Figure 2.

Figure 2. Architecture of the proposed TCN Model.

3.4.1. Bidirectional LSTM Model for Comparison

To provide a comparative baseline for the proposed TCN architecture, a Bidirectional
Long Short-Term Memory (Bi-LSTM) model was implemented to capture sequential de-
pendencies in both forward and backward directions. The Bi-LSTM is particularly effective
in modelling long-term temporal relationships, allowing the network to retain past and
future contextual information in time-series data.

The model consisted of three LSTM layers with 64, 128, and 32 hidden units, respec-
tively. All layers were implemented as bidirectional LSTMs to enhance temporal feature
extraction from both forward and backward directions. Dropout layers (0.15, 0.15, and
0.15) were applied after each LSTM block, and Batch Normalisation was used to stabilise
and accelerate convergence. The network concluded with a fully connected dense layer of
16 ReLU-activated units and a sigmoid output layer for binary classification.

Training was performed using the Adam optimizer with an initial learning rate of
0.0001. Binary cross-entropy loss was used for optimisation. The model was trained
for 230 epochs with a batch size of 256. To prevent temporal leakage caused by highly
overlapping windows, a block-wise train–validation splitting strategy was adopted, where
consecutive windows from the same trial were grouped and assigned entirely to either
the training or validation set. All experiments were implemented in Python using the
TensorFlow deep learning framework under a within-subject evaluation protocol consistent
with the proposed TCN model.

3.4.2. Ablation Study for Modality Contribution

To assess the contribution of individual physiological modalities, an ablation study was
conducted using the same TCN architecture. Models were trained on subsets of modalities,
including EEG only, EEG with EOG and EMG, EEG with EOG, EMG, and SKT, and all
modalities combined. This analysis provides quantitative insight into the incremental
benefit of including peripheral signals alongside EEG and supports the evaluation of the
proposed early-fusion approach.

3.5. Adaptive Learning Rate Adjustment

Learning rate adjustment is essential for balancing the speed and stability of model
convergence. If the learning rate is too small, training progresses slowly, while a high
learning rate can cause instability and prevent the model from reaching an optimal solu-
tion. Adaptive adjustment [39] methods dynamically modify the learning rate based on
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validation metrics, such as loss or accuracy, rather than following predefined schedules.
When performance plateaus, these methods reduce the learning rate, allowing for smaller,
more precise updates. This helps the model escape stagnation and continue improving,
especially in later training stages where large updates could hinder fine-tuning.

4. Results and Discussion

4.1. Model Performance Overview

Unless otherwise specified, the detailed analyses presented in this section correspond
to the valence classification task. For detailed analysis of model behaviour, including
convergence dynamics and computational efficiency, the valence task is used as a repre-
sentative case. This avoids redundancy in reporting, as both arousal and valence models
share identical architectures and training protocols but require separate training processes.
Arousal classification results are reported separately in Section 4.7 and summarised under
the same experimental conditions.

To provide a more rigorous evaluation, a block-wise data partitioning strategy was
initially adopted, where temporally adjacent overlapping windows were grouped into
contiguous blocks and assigned exclusively to either the training or validation set. This
approach reduces the risk of temporal information leakage caused by highly overlapping
windows and provides a more conservative assessment of model generalisation compared
with conventional window-wise validation.

4.2. Accuracy and Convergence Analysis

The performance of Temporal Convolutional Networks (TCN) was evaluated against
a Bi-LSTM model, summarised in Table 2. The table presents key efficiency metrics such
as training accuracy, validation accuracy, average training time per epoch, and inference
latency per sample. Inference latency was measured per 5 s input window.

Table 2. Comparison of TCN and Bi-LSTM performance for valence classification under overlapping
block-wise evaluation (window size = 256, step size = 16, block size = 8).

Model
Trainable

Parameters
Train Acc

Validation
Acc

Avg. Train
Time/Epoch

Inference Latency
per 5 s Window

TCN 187,681 97.26% 88.42% 14.12 s 0.32 ms

Bi-LSTM 373,793 84.93% 78.87% 15.32 s 0.42 ms

TCN consistently outperforms Bi-LSTM in both training and validation accuracy. It
achieves a training accuracy of 97.26% and a validation accuracy of 88.42%, outperforming
Bi-LSTM by approximately 9–10%. These results indicate that TCN’s causal and dilated
convolutions are more effective in capturing both short- and long-term temporal depen-
dencies in physiological signals. The small gap between training and validation accuracy
also suggests that TCN generalises better and mitigates overfitting compared to Bi-LSTM.

It is worth noting that when conventional window-wise splitting is applied—where
individual overlapping windows are randomly partitioned—the TCN model achieves
training and validation accuracy exceeding 90%. However, such splitting may allow
temporally overlapping segments from the same trial to appear in both training and
validation sets, potentially inflating performance estimates due to shared signal content.
By contrast, the adopted block-wise partitioning strategy groups adjacent windows into
contiguous segments before splitting, reducing the likelihood that highly correlated samples
appear in both training and validation sets. This results in a more conservative yet more
realistic evaluation of classification performance and model generalisation.

https://doi.org/10.3390/computers15060381
85



Computers 2026, 15, 381

4.3. Computational Efficiency

The average training time per epoch demonstrates computational efficiency: TCN
required approximately 14.12 s per epoch, slightly faster than Bi-LSTM at 15.32 s. This
improvement reflects the parallelized convolutional operations in TCN, which efficiently
process sequential data. Additionally, inference latency is significantly lower for TCN
(0.32 ms/sample) than Bi-LSTM (0.42 ms/sample), highlighting TCN’s suitability for real-
time emotion recognition systems.

4.4. Learning Dynamics

The accuracy vs. epochs plot (Figure 3) illustrates the learning progression of the
models over training iterations. The TCN model (top) exhibits a steady and rapid increase
in accuracy, reaching a plateau at higher epochs, while the Bi-LSTM and LSTM models (bot-
tom) show a comparatively slower convergence. The smoother and more stable accuracy
curve of TCN indicates improved learning efficiency and reduced fluctuations, reflecting its
better capacity to capture temporal dependencies in physiological signals. The gap between
training and validation accuracy remains minimal, further confirming stable generalisation
under the stricter block-wise evaluation setting.

 

(a) 

 
(b) 

Figure 3. Accuracy vs. Epochs for (a) TCN (top) and (b) Bi-LSTM (bottom) for valence classification.
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Dynamic learning rate adjustment strategies played a crucial role in enhancing model
convergence and overall performance. Adaptive scheduling effectively fine-tuned network
parameters, preventing overshooting and improving stability during training. As seen
in the accuracy vs. epochs plot, the learning curve exhibits distinct step-like increases
in accuracy, which align with scheduled reductions in the learning rate. These jumps
indicate moments when the optimizer adjusts step sizes, allowing the model to escape local
minima and refine its weight updates more effectively. Such adaptive techniques helped
mitigate overfitting by ensuring a balanced optimisation process. The results emphasise the
importance of learning rate management in training deep neural networks for physiological
signal-based emotion recognition.

4.5. Ablation Study Results

The ablation study (Table 3) was conducted to evaluate the contribution of each
physiological modality to the performance of the proposed TCN model. As shown, the
model trained using EEG only achieves a baseline validation accuracy of 80.5%, indicating
that central nervous system activity alone provides meaningful but limited discriminative
information for emotion recognition.

Table 3. Validation accuracies for different modality combinations for valence classification.

Modalities Train Acc (%) Validation Acc (%)

EEG only 85.6% 80.5%

EEG + EOG + EMG 88.2% 81.8%

EEG + EOG + EMG + SKT 93.3% 85.3%

All modalities 92.9% 88.42%

When peripheral modalities (EOG and EMG) are added, the validation accuracy
increases to 81.8%, demonstrating that ocular and muscular signals contribute complemen-
tary temporal features that enhance classification capability. Further inclusion of SKT leads
to a more substantial improvement, raising validation accuracy to 85.3%. This indicates
that thermoregulatory responses provide additional discriminative information that is not
captured by EEG and facial-related signals alone.

The full multimodal configuration achieves the highest validation accuracy (88.42%),
confirming that combining central (EEG) and multiple peripheral physiological signals
yields the most robust performance. Although the training accuracy slightly decreases
compared to the previous configuration (92.9% vs. 93.3%), the validation accuracy improves,
suggesting better generalisation and reduced overfitting.

Overall, the ablation results demonstrate that each additional modality contributes
complementary information, validating the effectiveness of the early-fusion strategy
adopted in the TCN framework and highlighting the importance of multimodal phys-
iological integration for emotion recognition.

4.6. Impact of Evaluation Protocols and Temporal Leakage

To investigate the influence of temporal information leakage on emotion recogni-
tion performance, several evaluation strategies were examined, including conventional
window-wise validation, leakage-reduced block-wise validation, non-overlapping block-
wise validation, and strict trial-wise validation, summarised in Table 4.
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Table 4. Impact of evaluation protocols on validation accuracy for valence classification.

Evaluation Protocol
Window

Size
Step Size

Block
Size

Train–Validation
Leakage

Validation
Accuracy (%)

Window-wise 256 16 - High 93.67

Block-wise 256 16 8 High 88.42

Block-wise 256 128 8 Reduced 73.2

Non-overlapping
Block-wise 256 256 8 Minimal 69.71

Trial-wise 256 16 - None 68.13

The results indicate that performance decreases as stricter evaluation protocols are
adopted. While conventional window-wise validation achieves the highest accuracy, it
is susceptible to temporal information leakage caused by highly overlapping windows.
Increasing the step size and employing block-wise partitioning reduces leakage and pro-
duces more conservative performance estimates. The trial-wise protocol provides the most
rigorous evaluation by ensuring complete separation of trials between training and valida-
tion sets, thereby offering the most realistic assessment of model generalisation. Although
trial-wise evaluation yields lower accuracy than window-wise and block-wise approaches,
the resulting performance estimates are more reliable because they better reflect the model’s
ability to generalise to unseen trials. This observation is particularly important for the
DEAP dataset, where the number of independent trials is limited, making leakage-aware
evaluation essential for obtaining realistic and reproducible performance estimates.

4.7. Comparison with Previous Studies

Direct comparison between emotion recognition studies remains challenging because
reported accuracies are strongly influenced by the adopted evaluation methodology, includ-
ing segmentation strategy, overlap configuration, subject dependency, and data partitioning
protocol. Recent reviews have highlighted that evaluation protocols can substantially affect
reported performance and that studies employing different validation strategies should
not be compared directly. In particular, conventional window-wise and random within-
subject partitioning approaches may introduce temporal information leakage when highly
overlapping windows are distributed across both training and validation sets, leading
to overly optimistic performance estimates. Conversely, rigorous evaluation protocols,
including non-overlapping, block-wise, trial-wise, cross-subject, cross-domain, and subject-
independent approaches, provide more conservative but more reliable assessments of
model generalisation.

To facilitate a fair comparison, previous studies are divided into two categories ac-
cording to their evaluation methodology. Table 5 summarises studies that employed
conventional evaluation protocols susceptible to temporal information leakage, whereas
Table 6 presents studies adopting more rigorous evaluation and generalisation-oriented val-
idation strategies. Following recent recommendations in the literature, studies employing
fundamentally different evaluation protocols are reported separately to avoid misleading
direct comparisons. Although all studies were evaluated using the DEAP dataset, dif-
ferences in preprocessing pipelines, modality selection, feature extraction methods, and
validation protocols should be considered when interpreting the reported accuracies.
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Table 5. Comparison with previous studies using conventional evaluation protocols. Bold values
indicate the best performance among the compared methods.

Ref Modalities Evaluation Protocol Accuracy (%)

Wang et al. [22] EEG Subject-dependent 91.9–92.3 (V)

Alhagry et al. [17] EEG, EMG, EOG Within-subject 90.74 (V)

Qiu et al. [20] EEG + Peripheral
Signals Within-subject 88.51 (V)

Proposed TCN EEG, EOG, EMG,
SKT, GSR, RR, PPG

Overlapping
Block-wise (16,8) 88.42 (V), 86.35 (A)

Proposed TCN EEG, EOG, EMG,
SKT, GSR, RR, PPG Window-wise 93.67 (V)

91.24 (A)

Table 6. Comparison with studies employing rigorous evaluation protocols. Bold values indicate the
best performance among the compared methods.

Study Modalities Evaluation Protocol Accuracy (%)

Lei et al. [31] EEG Trial-wise 67.0 ± 18.0 (V)

He et al. [36] EEG Cross-domain 64.33 (V)

Sartipi et al. [40] EEG Cross-subject 61.00 (V)

Proposed TCN EEG, EOG, EMG,
SKT, GSR, RR, PPG

Non-overlapping
Block-wise 69.71 (V)

Proposed TCN EEG, EOG, EMG,
SKT, GSR, RR, PPG Trial-wise 68.13 (V)

The studies presented in Table 5 generally report high recognition accuracies; however,
their evaluation protocols may permit temporal information leakage between training and
validation sets, particularly when highly overlapping windows are employed. This can
result in overly optimistic estimates of model performance and may partially explain the
exceptionally high accuracies reported by several studies.

Compared with the studies presented in Table 5, the accuracies reported in Table 6
are noticeably lower. However, these results provide a more realistic estimate of model
generalisation because they are obtained under stricter evaluation protocols that reduce or
eliminate temporal information leakage. The studies in Table 6 adopt rigorous validation
methodologies, including trial-wise, cross-subject, cross-domain, and leakage-aware block-
wise evaluation, all of which aim to provide more reliable performance estimates than
conventional window-wise validation. The proposed framework achieved 68.13% accuracy
under strict trial-wise validation and 69.71% under non-overlapping block-wise evalua-
tion, demonstrating competitive performance compared with other rigorous evaluation
approaches. Furthermore, the substantial performance difference between Tables 5 and 6
highlights the influence of evaluation methodology on reported emotion recognition accu-
racy. Although the trial-wise and non-overlapping block-wise accuracies are lower than
those obtained using conventional window-wise validation, they offer a more reliable
assessment of real-world performance. This observation is particularly important for the
DEAP dataset, where the number of independent trials is limited, and the use of highly
overlapping windows can otherwise lead to inflated performance estimates.

A further limitation of the present study is that the primary experiments were con-
ducted under a within-subject evaluation framework. Although within-subject validation
reduces inter-subject variability and enables a focused assessment of temporal modelling
performance, it does not fully capture the challenges associated with generalising emotion
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recognition models to unseen individuals. Physiological responses to emotional stim-
uli can vary substantially across participants, making cross-subject emotion recognition
considerably more difficult. Consequently, future research should further investigate
subject-independent and cross-subject validation strategies to evaluate the robustness and
practical applicability of the proposed framework in real-world scenarios.

5. Conclusions

Recognising emotions through multiple physiological modalities simultaneously is cru-
cial for enabling real-time emotion recognition and improving classification accuracy. While
traditional approaches often rely on single-modality signals, limiting their robustness and
generalisability, this study addresses key gaps in the field—namely, the lack of effective fu-
sion strategies for diverse physiological inputs, the challenge of handling high-dimensional
time-series data, and the underutilization of efficient temporal modelling techniques.

To address these challenges, we proposed a deep learning framework that integrates
EEG, PPG, GSR, EOG, EMG, RR, and SKT using an early-fusion strategy combined with
advanced temporal modelling. A TCN was employed as the primary architecture and
benchmarked against Bi-LSTM to evaluate sequential modelling effectiveness.

A key contribution of this work is the investigation of leakage-aware evaluation
strategies, including block-wise and trial-wise validation protocols, to reduce information
leakage caused by highly overlapping windows and provide a more realistic assessment of
model generalisation.

Experimental results on the DEAP dataset demonstrate that the proposed TCN model
achieves a validation accuracy of 88.42% for valence and 86.35% for arousal under the
stricter block-wise protocol, outperforming the Bi-LSTM baseline. In addition, the modality-
wise ablation study confirms that integrating peripheral physiological signals alongside
EEG progressively improves classification performance, with the full multimodal configura-
tion achieving the highest validation accuracy. These findings highlight the complementary
nature of central and peripheral signals and validate the effectiveness of the proposed
fusion framework.

Furthermore, an additional investigation was conducted to examine the influence of
evaluation protocols and temporal information leakage on emotion recognition perfor-
mance. The results demonstrated that classification accuracy decreases as increasingly
rigorous validation strategies are adopted, with trial-wise and non-overlapping block-wise
protocols providing more conservative but more reliable estimates of model generalisation.
These findings highlight the importance of leakage-aware evaluation methodologies and
suggest that conventional window-wise validation may overestimate performance when
highly overlapping windows are used.

While the proposed framework demonstrates strong performance, certain limitations
should be acknowledged. The study relies on a relatively small sample size and employs a
within-subject evaluation protocol, which may restrict generalisation to unseen participants.
Future work will focus on expanding the dataset by collecting custom multimodal physio-
logical recordings and exploring cross-subject validation to further enhance the robustness
and applicability of the model in real-world scenarios.
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Abstract: When trained on long-tailed distributions, deep neural networks often suffer
performance degradation and model bias due to the dominance of head classes. Exist-
ing reweighting and sampling strategies have significant limitations, such as reliance on
fixed heuristics and inability to adapt to dynamic sample difficulty and class imbalance.
Additionally, they fail to integrate sample-level granularity with class-level balance, fur-
ther inadequately addressing the global imbalance issue. Motivated by these challenges,
we introduce the Progressive Hierarchical Adaptation for Sample-Efficient rebalancing
(PHASE) training framework, which employs a double-layer tuning paradigm to opti-
mize performance under long-tailed distributions. Specifically, the double-layer tuning
paradigm adopted by PHASE runs as follows: (1) an early-stage difficulty-aware mech-
anism targets those difficult-to-classify samples to guide representation learning; and (2)
a later-stage multi-scale reweighting strategy integrates class distribution statistics with
sample characteristics. This method ensures fine-grained adaptability and global balance,
and thus outperforming those static or localized techniques. Extensive experiments on
CIFAR10-LT, CIFAR100-LT, and ImageNet-LT datasets demonstrate that PHASE can signifi-
cantly improve the accuracy of tail classes without degenerating head class performance,
and acquire state-of-the-art classification results. PHASE provides a novel paradigm for
long-tailed image recognition.

Keywords: long-tailed distribution; class imbalance; sample reweighting; difficulty-aware
learning; double-layer tuning; representation learning

1. Introduction

In recent years, deep neural networks have made significant advancements in various
computer vision tasks, such as image classification, object detection, and semantic segmen-
tation. These advancements have been largely attributed to the availability of meticulously
annotated [1–3] and well-balanced benchmarks like ImageNet [4], COCO [5], and Places [6].
These datasets play a crucial role as they provide a solid training foundation with evenly
distributed classes and ample samples, facilitating the learning of comprehensive and
transferable feature representations by the models. However, real-world data typically
exhibit a long-tailed distribution, where a small number of classes (head classes) contain
the majority of samples, leaving the remaining classes (tail classes) significantly under-
represented. This class imbalance leads to a bias in training, where standard models tend
to prioritize learning the dominant head classes, resulting in skewed decision boundaries
and declined performance on the under-sampled tail classes. This bias poses a particular
challenge in critical domains like medical diagnosis [7] and autonomous driving [8], where
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misclassification or neglect of rare yet crucial categories can have severe consequences. To
tackle this issue, researchers have explored various strategies, including advanced data
augmentation methods, class-aware resampling techniques, and specific loss function
designs. The objective of these approaches is to enhance recognition rates for minority
classes while maintaining overall accuracy levels.

The most commonly utilized technique for addressing class imbalance in machine
learning is resampling, which involves adjusting the class distributions in training data
through either under-sampling the majority classes or over-sampling the minority classes.
Despite its popularity, resampling has notable limitations: under-sampling can diminish
the diversity and generalization capabilities of the majority classes, while over-sampling
may result in overfitting the minority classes [9].

In contrast to resampling, reweighting presents a more direct and computationally
efficient solution by assigning varying weights to the training loss of each class, thereby
adjusting their relative importance during training. Traditional reweighting methods
typically employ fixed weight allocation strategies based on the sample sizes of each
class [10]. However, these static weights do not meet the dynamic training requirements of
learning models, thereby constraining the adaptability and generalization of the model.

Motivated by aforementioned issue, we present a novel dynamic reweighting frame-
work called Progressive Hierarchical Adaptation for Sample Effective rebalancing (PHASE)
which is specifically designed to meet the challenges associated with long-tailed data
distributions. PHASE adaptively tunes the weights of both head and tail classes through-
out the entire training process for ensuring that each class is sufficiently represented. By
dynamically balancing the contributions of both majority and minority classes, PHASE
effectively lowers the inherent biases in long-tailed datasets, further enhancing overall per-
formance and robustness of the learning model. Extensive experiments on three benchmark
long-tailed image recognition datasets demonstrate that the proposed PHASE framework
significantly improves recognition accuracy for tail classes, and meanwhile, improves the
generalization of the overall model. It successfully overcomes the limitations of traditional
resampling and static reweighting techniques, and provides a robust and extended solution
for treating long-tailed data learning issues.

Three main contributions of this study can be summarized as follows:

(1) By combining sample-level difficulty tuning with class-level weight allocation, PHASE
systematically reconfigures optimization strategies tailored for long-tailed scenarios.
Theoretically, PHASE achieves dynamic adaptation of local weights and equilibrium
of global weights, creating a multi-stage, multi-scale adaptive optimization system
that enhances learning model performance on long-tailed datasets.

(2) In the initial phase, PHASE incorporates a dynamic tuning factor utilizing sample
prediction probabilities to establish a Difficulty-Aware Weighting (DAW) framework.
This framework enables the adjustment of the learning impact of individual samples,
enhancing the model’s sensitivity to the intricate sample distributions of tail classes. It
actively redirects the trajectory of representation learning, further constructing a more
robust feature space. In the second phase, a Multi-Scale Reweighting (MSR) approach
is introduced. MSR integrates statistical patterns obtained from class distributions
with the intrinsic data characteristics of each class. This approach effectively merges
local and global class weight assignments, dynamically balancing the optimization
paths of head and tail classes. It alleviates the adverse effects of weight competition-
induced negative transfer between classes.

(3) Extensive experiments are performed on three commonly utilized long-tailed datasets:
CIFAR10-LT, CIFAR100-LT, and ImageNet-LT. The results indicate that PHASE out-
performs existing state-of-the-art long-tailed reweighting approaches in terms of both
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overall classification accuracy and tail class recognition accuracy. Moreover, when
integrated with data augmentation methods, PHASE achieves better or comparable
accuracy than/to those of the current state-of-the-art techniques, indicating its efficacy
and superiority in addressing tasks involving imbalanced data distributions.

The rest of this paper is organized as follows. Section 2 briefly reviews some previous
work closely associated with this study, including reweighting methods and decoupling rep-
resentation techniques. In Section 3, we describe the proposed method in detail. Section 4
provides the experimental results and the corresponding analysis to verify the effectiveness
and superiority of the proposed method. Finally, Section 5 concludes this study.

2. Related Work

2.1. Reweighting

Reweighting methods generally involve two different types: loss weighting and logit
adjustment. Loss weighting balances the model’s focus between head and tail classes by
assigning different loss weights to samples belonging to different classes. Such methods
include Class-Balance Loss [11], which uses the number of samples as weights, and Focal
Loss [12], which emphasizes those difficult-to-learn samples by adjusting weights based
on prediction probabilities. Logit adjustment techniques [13], on the other hand, allocate
larger margins to tail classes, further alleviating imbalance. Additionally, methods such
as Label-Distribution-Aware Margin (LDAM) loss [14], which enforces class-dependent
margins, and Vector-Scaling (VS) loss [15], which combines additive and multiplicative
logit adjustments, have also been proposed. These reweighting strategies effectively reduce
bias towards head classes and improve classification performance of tail classes.

2.2. Decoupling Representation

Recent advancements in long-tailed visual recognition have emphasized using de-
coupling representation learning to enhance performance. The first method in such type,
LDAM-DRW [14], adopts a two-phase training strategy, in which the first phase concen-
trates on learning robust feature representations, and the second phase employs delayed
reweighting to refine decision boundaries. This approach significantly improves long-tailed
prediction accuracy, although its underlying mechanisms could not be fully understood at
that time. The foundational work on decoupled training [16] introduced this double-stage
framework, and explained how it is different from traditional end-to-end paradigms. In the
initial phase, various sampling strategies are empirically tried to search the most effective
one for representation learning. In the second phase, the feature extractor is first fixed, and
then different training strategies are evaluated and compared. Results indicate that the
best choice is to use random sampling for optimizing representation learning and classi-
fier re-adjustment as the training strategy, as this combination can significantly improve
long-tailed recognition performance.

Based on these findings, MiSLAS [17] has been proposed. It adopts data augmentation
by mix-up techniques in the first phase to strengthen representation learning, and employs
a label-aware smoothing strategy in the second phase to improve classifier generaliza-
tion. The improvements on both stages help to yield superior classification performance
on long-tailed datasets. More recent studies have further refined the classifier training
phase to alleviate specific challenges induced by long-tailed distributions. For example,
SimCal [18] proposed a double-layer class balancing sampling strategy for dealing with
long-tailed instance segmentation issue. It is helpful for calibrating the classification head
and reinforcing the classifier training procedure.

These strategies have consistently shown superior classification performance on the
aforementioned long-tailed datasets. To more clearly situate our proposed PHASE frame-
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work within the existing landscape and highlight its unique contributions, we provide a
comparative summary of main characteristics between PHASE and several representative
state-of-the-art methods [12,14,19,20] in Table 1.

Table 1. A comparative summary of main characteristics between PHASE and several representative
state-of-the-art methods.

Method
Training
Paradigm

Focus on Stage 1 Focus on Stage 2
Sample-Level
Difficulty Awareness?

Intra-Class
Characteristic
Consideration?

Focal Loss [12] Single-stage N/A N/A Yes (via modulating
factor) No

LDAM-DRW [14] Two-stage
Minimize
class-adjusted
margin-based loss

Reweight by class
frequency Indirectly (via margin) No

AREA [19] Two-stage Standard
cross-entropy loss

Reweight by
“effective area” of
classes

No Yes (via class feature
distribution)

SURE [20] (conceptually) Single-stage N/A N/A Yes (via loss
reweighting)

Implicitly (via robust
optimization)

PHASE (Ours) Two-stage Difficulty-Aware
Weighting (DAW)

Multi-Scale
Reweighting (MSR)

Yes (explicitly
via DAW)

Yes (explicitly
via MSR)

As illustrated in Table 1, while existing methods often focus on a single aspect—
such as sample difficulty (Focal Loss [12], SURE [20]), class-level margins (LDAM-
DRW [14]), or intra-class distribution (AREA [19])—the PHASE framework is uniquely
designed to systematically and explicitly integrate these complementary strategies in a
progressive manner.

Unlike LDAM-DRW [14], which applies a static margin and delayed reweighting,
PHASE introduces a dynamic, sample-level difficulty-aware weighting in the first stage to
guide a more robust representation learning.

Unlike AREA [19], which uses a fixed feature distribution for reweighting in the
second stage, PHASE proposes a multi-scale reweighting strategy that combines global
class imbalance statistics with local, dynamic intra-class characteristics.

This progressive hierarchical adaptation—first refining features by sample difficulty,
then refining the classifier by both class and intra-class balance—constitutes the novel
contribution of PHASE, enabling a more fine-grained and effective handling of long-
tailed distributions.

3. Methods

In this section, we introduce PHASE that is a novel approach designed to address
long-tailed distributions issue in visual recognition tasks. Specifically, PHASE comprises
two core components: DAW and MSR. Section 3.1 describes the primary challenges of
long-tailed learning, followed by detailed descriptions of DAW in Section 3.2 and MSR
in Section 3.3.

3.1. Preliminaries

The most critical challenge in long-tailed learning lies in effectively learning under
inherently imbalanced class distributions. Consider a training set D =

{
(xi, yi)}N

i = 1
composed of N samples, where each sample xi associates with a label yi ∈ {1, 2, . . . , C}.
If the dataset exhibits a highly imbalanced class distribution (N1, N2, . . . , NC), where Nj

denotes the number of training instances in the j-th class, and typically the classes with
fewer samples are less represented than those with more samples, it is considered a
long-tailed dataset. This imbalance poses significant challenges to conventional training
paradigms. The large discrepancy in the number of samples across different classes leads to
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representation biases, making learning models focus more on the head classes, but neglect
the tail classes. To address the core challenges in long-tailed learning outlined above,
we propose the PHASE framework. It is built on a progressive hierarchical adaptation
paradigm, whose core idea is to decouple and sequentially optimize two critical aspects:
robust feature representation learning and balanced classifier calibration.

3.2. Difficulty-Aware Weighting Framework

We propose DAW framework that prioritizes those challenging instances during
representation learning. Inspired by asymmetric focal-like paradigms [21], the DAW
framework reduces the weights of easily classified samples and meanwhile, emphasizes
those more difficult ones, thereby providing valuable information for later training. By
adaptively tuning weights based on sample recognition difficulty level, it lays a solid
foundation for further weight optimization at second stage, as illustrated in Figure 1.

 
Figure 1. The difficulty-aware module dynamically guides representation learning to construct a
robust feature space.

The model predicts a probability distribution p(xi) = [p1(xi), p2(xi), . . . , pc(xi)]
�

satisfying the condition of ∑i pj(xi) = 1, where pj(xi) denotes the predicted probability
that xi belongs to the class j. Then it can be used to calculate the following asymmetric
loss (‘ASL’):

LASL = − 1
N ∑N

i=1

[
w+

i log pyi (xi) + ∑j 
=yi
w−i,jlog

(
1− pj(xi)

)]
(1)

where w+
i and

(
w−i,j

)
represent dynamic weights for positive and negative samples, respec-

tively. These weights can be defined as:

w+
i =

(
1− pyi (xi)

)γ+

, w−i,j =
(

pj(xi)
)γ− (2)

where γ+ and γ− are hyper-parameters which are used to control the degree of gradient
decay. The positive sample weight w+

i decreases with the increase in pyi (xi), which can
be used to lower the contribution of easily classified samples, while the negative sample
weight w−i,j reduces for small pj(xi), which can be used to avoid excessive penalties on
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well-separated negative samples. To unify the gradient tuning mechanism for both positive
and negative samples, we introduce a weight correction function A(xi, j) as follows:

A(xi, j) =
(
1− pj(xi)

)γ+ ·I(j = yi)+γ−·I(j 
= yi) (3)

where I(·) is an indicator function that is used to distinguish positive samples (j = yi) and
negative samples (j 
= yi). With A(xi, j), the ASL Loss can be rewritten as:

LASL = − 1
N ∑N

i=1 ∑C
j=1 A(xi, j) · ti,j · log pj(xi) (4)

where ti,j is the one-hot label distribution of xi. To further improve the model’s robustness
to tail-class samples and label noise, we also adopt the label smoothing technique to
transform the one-hot label ti,j into a smoothed distribution t′i,j as follows:

t′i,j =

⎧⎨⎩1− ε +
ε

C
, if j = yi

ε

C
, if j 
= yi

(5)

where ε ∈ [0, 1] is the smoothing parameter that is used to balance the probabilities between
the real class and other classes. By incorporating label smoothing, the final loss function
can be expressed as:

L f inal = − 1
N ∑N

i=1 ∑C
j=1 A(xi, j) · t′i,j · log pj(xi) (6)

The optimization objective for the first stage is then defined as:

Θ(1) = argmin
Θ

E
(x,y)∼D(1)

train

[
L f inal(x, y; Θ)

]
(7)

where D(1)
train represents the training dataset used at the first stage. After finishing the

training of the first stage, the model parameters Θ(1) have been optimized, and would be
then fixed to provide stable feature representations for the second stage.

The complete procedure of the proposed ASL-based Difficulty-Aware Weighting
(DAW) is summarized in Algorithm 1.

Algorithm 1: DAW

Input: Training set D(1)
train =

{
(xi, yi)}N

i=1 , the number of classes C, the positive and
negative focusing parameters γ+, γ−, the label smoothing parameter ε

Output: Optimized feature extractor parameters Θ(1)

Procedure:
1. Initialize the model with γ+, γ− and ε;
2. Define the log-softmax function for output normalization;
3. For each training instance (xi,yi)

(a) Calculate predicted class probabilities p(xi) using softmax;
(b) Generate one-hot label vector ti,j;
(c) Calculate asymmetric weights A(xi,j) as defined in Equation (3);
(d) Apply label smoothing to obtain smoothed labels t′i,j according to Equation (5);

4. Aggregate the instance-wise losses to obtain the final loss Lfinal;

5. Optimize model parameters Θ(1) by minimizing the expected loss on D(1)
train as defined

in Equation (7).
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3.3. Multi-Scale Reweighting

In long-tailed distributions, relying solely on static reweighting based on sample
quantities always fails to adequately capture the complex intra-class feature distributions.
To address this issue, we propose a Multi-Scale Reweighting (MSR) method and conduct it
at the second stage of training. Specifically, MSR combines global weights tuning based
on sample quantities with local dynamic weights tuning based on the effective area [19],
which is illustrated in Figure 2.

 
Figure 2. The weight allocation mechanism combines class distribution statistics with sample
characteristics to balance the optimization between head and tail classes.

Both tunings are conducted at the class level to dynamically determine the integrated
weight of each sample for enhancing the learning quality of tail classes. First, to address
the imbalance issue existing in sample quantities among classes, we define a global tuning
weight w(n)

j to balance the contributions of different classes. Let Nj denote the number of
samples in class j, and C represent the number of classes. The global tuning weight can be
defined as follows:

w(n)
j =

(
Nj

∑C
c=1 Nc

)−γ

(8)

where γ > 0 is a hyperparameter that is used to control the sensitivity of the weight
distribution to sample quantities. This formulation is inspired by the concept of effective
number of samples [11]. The parameter γ governs the trade-off between alleviating head-
class bias and maintaining training stability. As γ → 0 , w(n)

j → 1 , the loss reduces to a
standard balanced loss, treating all classes equally but failing to address the imbalance.
As γ → ∞ , the weight for the smallest class becomes excessively large, which may lead
to overfitting on tail classes and instability. Thus, an appropriate γ is chosen to smoothly
amplify the gradient contributions of tail classes during backpropagation without causing
divergence. Here, classes with fewer samples (i.e., tail classes) are generally assigned larger
weights to amplify their contributions to the overall optimization. Furthermore, the global
weight should be normalized as:

w̄(n)
j =

w(n)
j

∑C
c=1 w(n)

c

· C (9)

Although the global tuning alleviates inter-class imbalance, it cannot fully capture
the diversity within each class. To model the discrepancy among intra-class distributions,
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we further introduce a local dynamic tuning mechanism based on the similarity among
samples within each class. Using the feature extractor that has been fixed at the first stage,
we compute the feature representation of a sample xi, denoted as ϕ(xi) ∈ Rd. For a specific
class j, the class feature center μj is calculated by:

μj =
1
Nj

∑xi∈J| ϕ(xi) (10)

where J| = {i | yi = j} is the set of indices for indicating which samples belong to the
class j. Based on the feature deviation Δϕ(xi) = ϕ(xi)− μj, the similarity between a sample
xi and another sample xk within the same class can be calculated as follows:

rik =
Δϕ(xi)

�Δϕ(xk)

|Δϕ(xi)|·|Δϕ(xk)| (11)

where ‖ · ‖ denotes the Euclidean norm. By using these similarity scores, the local dynamic
tuning weight for the sample xi is defined as:

w(e)
j (xi) =

( 1
Nj

∑k∈J| rik

)−1
(12)

This equation highlights those samples which deviate more significantly from the
class center or have weaker relationships with other samples, making the model better
handle the diverse feature distribution within each class. To combine global tuning and
local dynamic tuning, we define the integrated class-level weight wj(xi) as:

wj(xi) = α · w̄(n)
j + (1− α) · w(e)

j (xi) (13)

where α ∈ [0, 1] is an tradeoff factor that controls the relative contributions of global and
local weight tunings. The convex combination in Equation (13) is crucial for stability.
The factor α balances trust between global class-level statistics and local sample-level
characteristics. Setting α = 1 relies solely on robust global statistics but may ignore intra-
class diversity. Setting α = 0 focuses entirely on intra-class similarity, which might be
sensitive to feature noise. A value 0 < α < 1 harnesses the complementary strengths of
both. Importantly, this formulation ensures the integrated weight wj(xi) is bounded, i.e.,

min
(
w(n)

j , w(e)
j
) ≤ wj

(
xi
) ≤ max

(
w(n)

j , w(e)
j
)
, preventing gradient explosion or vanishing

that could arise from uncontrolled weight scaling, thereby enhancing training stability. At
the second stage of training, the model uses the integrated weight wj(xi) to optimize the
classifier. The objective function is defined as:

Θ(2) = arg min
Θ

1
N ∑N

i=1 wyi (xi) · LCE(xi, yi; Θ) (14)

where LCE(xi, yi; Θ) represents the cross-entropy loss. The loss function in Equation (14) is
a weighted empirical risk minimization. Since the feature extractor is fixed in stage two,
the weights wyi (xi) > 0 are positive and bounded scalars determined prior to classifier
training. Given that the cross-entropy loss LCE is smooth and differentiable with respect to
the classifier parameters θ, the gradient of LMSR remains Lipschitz continuous. Therefore,
when optimized using standard stochastic gradient descent (SGD) with a suitable learning
rate schedule (as in Section 4.1), the training process is expected to converge to a stationary
point [22,23], consistent with the convergence guarantees of the underlying optimizer. The
role of MSR is to reshape the loss landscape for more balanced learning without altering
these fundamental convergence properties. By integrating the global weight tuning based
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on sample quantity with the local weight tuning based on intra-class similarity, MSR
can effectively enhance the learning quality of tail classes, and meanwhile preserve the
diversity within class distributions, helping achieve a more balanced optimization for
long-tailed distributions.

The procedure of the proposed MSR algorithm is summarized in Algorithm 2.

Algorithm 2: MSR

Input: Training set D =
{
(xi, yi)}N

i = 1 ; the sample counts of each class
{

Nj
}C

j = 1; the
feature extractor ϕ(·); the hyper-parameter γ > 0; the tradeoff factor α ∈ [0, 1]
Output: The integrated class-level weights

{
wj(xi)}N

i = 1
Procedure:

1. Calculate the global tuning weight w(n)
j for each class j ∈ {1, 2, . . . , C} by using

Equation (8) and normalize it via Equation (9);
2. Obtain the fixed feature representations ϕ(xi) for all training samples by using the

pre-trained feature extractor;
3. For each class j, calculate its class center μj by using Equation (10);
4. For each instance xi with class label yi = j:

(a) Compute the feature deviation Δϕ(xi) = ϕ(xi)− μj

(b) For each sample xk in the same class, calculate their cosine similarity rik by
using Equation (11);

(c) Calculate local dynamic weight we
j (xi) by using Equation (12);

5. Calculate the integrated weight wj(xi) by using Equation (13);
6. Use wj(xi) to reweight cross-entropy loss during the second-stage classifier training

via Equation (14);
7. Output final sample weights

{
wj(xi)}N

i = 1 .

4. Experiments

In this section, we conducted a comprehensive evaluation of the performance of
the proposed PHASE framework on three widely used long-tailed image classification
benchmark datasets: CIFAR10-LT, CIFAR100-LT, and ImageNet-LT. These datasets exhibit
varying degrees of class imbalance and serve as standard benchmarks for assessing the
robustness and generalization capabilities of long-tailed learning approaches. To gain a
deeper understanding of the specific contributions of each component within the PHASE
framework, we also performed extensive ablation studies. These analyses enable us to
independently assess the impact of individual modules and investigate the interactions
between different components, offering valuable insights into the internal mechanisms
and design decisions of the PHASE framework. Furthermore, we conducted comparative
evaluations against several state-of-the-art long-tailed learning methods. The comparative
results show the efficacy of our proposed approach across datasets with diverse levels of
class imbalance, thereby confirming the superior performance of PHASE in addressing
real-world long-tailed recognition tasks.

4.1. Experiment Settings

To assess our proposed approach thoroughly, we initially generated various long-
tailed versions from both CIFAR-10 and CIFAR-100 datasets using an exponential decay
sampling method [24] applied to the original balanced datasets. An imbalance factor
(IF = Nmax

Nmin
) was defined, in where Nmax and Nmin represent the sample counts in the most

and least represented classes, respectively. By adjusting the IF, we could precisely manage
the degree of imbalance in the resulting dataset. Subsequently, CIFAR10-LT (Figure 3a) and
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CIFAR100-LT (Figure 3b) each produced five training subsets with varying imbalance ratios
in {200, 100, 50, 20, 10}. Furthermore, we utilized ImageNet-LT (Figure 3c), a subset of the
ImageNet dataset comprising 200 classes and 100,000 images resized to 64 × 64 pixels.
ImageNet-LT demonstrates an imbalance factor of 256, providing a more demanding
benchmark for assessing the resilience and generalization capabilities of the proposed
method. Detailed information regarding these long-tailed datasets is available in Table 2.
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Figure 3. Class-wise image distributions of three long-tailed benchmark datasets: (a) Cifar10-LT,
(b) Cifar100-LT, and (c) ImageNet-LT. Each curve represents the number of images per class under a
specific imbalance ratio (IR). The figure illustrates the severity of class imbalance, where head classes
contain significantly more samples than tail classes.

Table 2. The detailed information of the used long-tailed datasets.

Dataset Imbalance Ratio
Number of
Training Samples

Number of
Testing Samples

Number of Classes Size of Max Class Size of Min Class

CIFAR10-LT 200, 100, 50, 20, 10 11,203~50,000 10,000 10 5000 25~500
CIFAR100-LT 200, 100, 50, 20, 10 9502~50,000 10,000 100 500 2~500
ImageNet-LT 256 115,846 50,000 1000 1280 5

In our experiments, all models were trained using the PyTorch (v2.0.1) framework [22]
on a GeForce RTX 3090 GPU(NVIDIA Corporation, Santa Clara, CA, USA). We utilized the
ResNet-32 architecture as the backbone for training on both CIFAR10-LT and CIFAR100-
LT datasets, following the configuration specified in [19]. The models were trained for
200 epochs using standard SGD with a momentum of 0.9 and weight decay 5× 10−4. The
initial learning rate was 0.1 with a linear warmup schedule [25], which was subsequently
reduced to 1× 10−3 at epoch 160 and further decreased to 1× 10−5 at epoch 180 to facilitate
convergence. For experiments on the ImageNet-LT dataset, we employed ResNet-50 as
the backbone, with an initial learning rate of 0.1 and weight decay of 2× 10−4. To ensure
fair comparisons with baseline methods, consistent data augmentation techniques such as
random horizontal flipping and random cropping were applied to all models.

4.2. Long-Tailed Benchmark Results

To validate the effectiveness and superiority of our proposed method, we con-
ducted comprehensive comparative experiments on multiple long-tailed image recognition
datasets. Given the rapid advancements in this field, we selected various state-of-the-art
methods for comparison, including single-stage reweighting methods and double-stage
decoupled representation approaches. For instance, the Class-Balanced Loss method [11]
adjusts the loss function by inversely weighting it based on the effective number of samples,
thus ensuring a balanced training influence across different classes. In contrast, methods
like LDAM-DRW [14] and AREA [19] employ a double-stage training approach, which
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consists of initial training followed by subsequent rebalancing, aiming to improve clas-
sification performance on long-tailed datasets. These strategies have consistently shown
superior classification performance on the aforementioned long-tailed datasets.

It is notable that methods utilizing double-stage decoupled representation strategies
exhibit a closer association with our PHASE approach. We conducted extensive experiments
on the CIFAR10-LT and CIFAR100-LT datasets to assess the performance of our method,
PHASE, in comparison to several state-of-the-art baseline approaches [11,12,14,19,26,27],
across five different imbalance factors (10, 20, 50, 100, 200). Table 3 displays the Top-1
accuracy of each approach on these datasets. The results of our experiments demonstrate
that class-based reweighting techniques, such as DRW [14] and AREA [19], notably improve
model accuracy regardless of the degree of class imbalance when combined with DAW.
Particularly, integrating DAW with DRW and/or AREA yields substantial enhancements
in accuracy, underscoring the efficacy of the proposed DAW component.

Table 3. Comparison results on CIFAR10/100-LT datasets. Top-1 accuracy (%) are reported, with the
highest accuracy on each dataset have been highlighted in bold.

Dataset CIFAR-10 CIFAR-100

IF 200 100 50 20 10 200 100 50 20 10

Cross-Entropy 65.68 70.36 74.81 82.23 86.39 34.84 38.32 43.85 51.14 55.71
Focal [12] 65.29 70.38 76.71 82.76 86.66 35.62 38.41 44.32 51.95 55.78
LDAM [14] - 73.35 - - 86.96 - 39.6 - - 56.91
L2RW [26] 66.25 72.23 76.45 81.35 82.12 33.00 38.90 43.17 50.75 52.12
CB [11] 68.89 74.57 79.27 84.36 87.49 36.23 39.60 45.32 52.59 57.99
LDAM-DRW [14] 73.52 77.03 81.03 - 88.16 38.91 42.04 47.62 - 57.99
IB [27] 73.96 78.26 81.70 85.80 88.25 37.31 42.14 46.22 52.63 57.13
AREA [19] 74.99 78.88 82.68 85.99 88.71 43.85 48.83 51.77 57.02 60.77

Our methods

DAW
+DRW 74.81 78.73 82.53 86.13 88.94 44.46 48.96 52.52 57.67 61.10
+AREA 75.70 79.32 83.08 86.19 88.86 44.52 48.97 52.60 57.73 61.11
+MRS 75.93 79.37 83.18 86.30 89.04 44.84 49.07 52.79 57.76 61.23

Also, we observe that integrating DAW with MSR in our proposed PHASE method
yields additional performance enhancements. In comparison to the leading reweighting
method AREA, PHASE demonstrates accuracy improvements of {0.94%, 0.49%, 0.96%,
0.31%, 0.33%} on the CIFAR10-LT dataset and {0.99%, 0.24%, 1.02%, 0.74%, 0.46%} on the
CIFAR100-LT dataset.

The consistent improvements observed in both datasets with all imbalance levels
clearly verify that PHASE is superior to existing reweighting strategies. Besides enhancing
overall accuracy, the detailed class-wise performance depicted in Figure 4 demonstrates
that PHASE significantly improves the recognition accuracy of tail classes, which are often
underrepresented in long-tailed distributions. It verifies the effectiveness of PHASE in
addressing class imbalance and facilitating balanced feature learning, indicating that it is
particularly suitable for long-tailed visual recognition tasks.

Next, an extensive assessment of PHASE was conducted to compare its performance
with current state-of-the-art baseline methods on the ImageNet-LT dataset. The results in
Table 4 demonstrate that PHASE achieves a Top-1 accuracy of 49.96% on the ImageNet-LT
dataset, outperforming all existing reweighting techniques. To comprehensively evaluate
the impact of PHASE on long-tailed distributions, we implemented a categorization ap-
proach based on the number of training samples as suggested in [28]. Specifically, classes
in the ImageNet-LT dataset were categorized into three groups: head classes (more than
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100 samples per class), medium classes (20 to 100 samples per class), and tail classes (fewer
than 20 samples per class). Subsequently, the average accuracy was calculated for each
group to assess whether the PHASE model can specifically enhance the performance of
tail classes.

Figure 4. Classification accuracy and sample count of each class on CIFAR100-LT dataset (IF = 200).

Table 4. Comparison results of various methods on ImageNet-LT dataset, in where the highest
accuracy has been highlighted in bold.

Method Top-1 Accuracy

Cross-Entropy 38.88
Focal Loss [12] 30.50
Class-Balanced Loss [10] 40.85
LDAM [14] 41.86
LDAM-DRW [14] 45.74
Decoupling [16] 47.30
VS + TLA + ADRW [29] 48.21
PHASE 49.96

The results presented in Figure 5 demonstrate that PHASE consistently outperforms
the double-stage method VS + TLA + ADRW [29] by 1.14%, 4.22%, and 6.78% in terms
of Top-1 accuracy for head, medium, and tail classes, respectively. Additionally, PHASE
shows significant superiority over the CE baseline by 16.10% and 27.74% in terms of Top-1
accuracy for medium and tail classes, with a minor decrease of 4.36% for head classes.
These results suggest that PHASE effectively enhances the performance of tail and medium
classes without compromising the performance of head classes, indicating its efficacy and
superiority in managing long-tailed distribution data.
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Figure 5. Comprehensive results on ImageNet-LT dataset.

4.3. Ablation Study

To rigorously assess the effectiveness of the proposed PHASE method, we conducted a
series of thorough ablation experiments using the CIFAR100-LT dataset with an imbalance
factor of 200. These experiments were carefully designed to systematically evaluate the
individual contributions of each component within the PHASE framework. By analyzing
each component both independently and in combination, the ablation study aims to deepen
our understanding of the specific functional roles and interactions between DAW and MSR
in addressing the class imbalance issue. This method enables us to not only determine
the impact of each module on performance enhancement but also to explore how their
integration results in synergistic benefits that surpass the capabilities of each component in
isolation. The outcomes of this analysis further confirm the robustness, modularity, and
efficacy of the PHASE framework, indicating its relevance to long-tailed visual recognition
tasks characterized by highly skewed class distributions.

In Equation (13), we introduced a hyper-parameter, denoted as α, to balance the trade-
off between two factors, w(n)

j and w(e)
j . To assess the impact of α on model performance, we

present the accuracy–weight variation curve in Figure 6. In this curve, α varies from 0 to 1
with an increment of 0.1. The results depicted in Figure 6 indicate that the performance
initially improves with an increase in α. However, once it reaches an optimal value, the
performance starts to decline. This observation aligns with our expectation that both
weights are crucial for improving the performance of the model. Furthermore, we find
that an optimal α setting can significantly improve the performance of the model. Notably,
when α is set to 0.8, it enhances the performance by 0.15% and 0.32% compared to using
w(n)

j and w(e)
j independently, respectively.

As previously outlined, the PHASE framework comprises two main modules: DAW
and the MSR. To assess the efficacy of these two components individually and in combina-
tion, we conducted an ablation study using the CIFAR100-LT dataset with an imbalance
factor of 200. The results, detailed in Table 5, indicate that both DAW and MSR, when
employed separately, significantly enhance classification performance compared to the base-
line approach. Furthermore, the integration of these two components within the PHASE
framework leads to additional performance improvements, highlighting a synergistic rela-
tionship between the two strategies. These results not only confirm the effectiveness of each
component in mitigating class imbalance challenges, but also verify the overall robustness
of the unified PHASE framework in addressing long-tailed visual recognition tasks.
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Figure 6. Impact of the parameter α at classification accuracy on CIFAR-100-LT (IF = 200) dataset.

Table 5. Ablation results of two main components of PHASE, where the best classification accuracy (%)
on CIFAR100-LT (IF = 200) dataset has been highlighted in bold. Specifically,

√
and × denote the

corresponding component is involved or not, respectively.

DAW MSR Accuracy (%)

× × 34.79√ × 37.93
× √

44.02√ √
44.84

4.4. Comparison with SOTA Methods

In our initial experiments, we utilized a ResNet-32 architecture with 16 filters in the
initial convolutional layer. However, recent state-of-the-art (SOTA) methods [20,30] suggest
that employing deeper ResNet-32 architectures with 64 filters in the initial layer enhances
classification performance. To ensure a fair comparison with these SOTA methods and
fully maximize the potential of our proposed model, we also implemented a ResNet-32
architecture with the same number of channels. Furthermore, we integrated the Sharpness-
Aware Minimization (SAM) technique [23] to enhance the optimization capability for tail
classes. This technique assists in steering clear of saddle points and reaching flatter minima,
thereby improving the overall performance [31].

In addition to the optimization techniques mentioned above, we also implemented
various advanced image augmentation techniques [32], such as random cropping, horizon-
tal flipping, and color jittering. These techniques aim to enhance input diversity, thereby
enhancing the generalization ability of learning models in practical settings. We still con-
ducted experiments on CIFAR100-LT dataset, with IF in range of {10, 50, 100}, respectively.
The results presented in Table 6 demonstrate that the enhanced PHASE framework can
achieve classification accuracy that is equal to or better than those state-of-the-art (SOTA)
methods [20,30,33–35], thus confirming its efficacy and superiority. Specifically, PHASE
performs best on CIFAR100-LT with IF = 100, and takes the second places on two other
IF settings (only performs a little worse than SURE [32]). The results show that PHASE is
robust enough as it performs excellent even if the class imbalance level is excessively high.
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Table 6. Compared results with current SOTA methods on CIFAR100-LT dataset with IF in range of
{10, 50, 100}, in where the highest accuracy on each IF setting has been highlighted in bold.

Method IF = 100 IF = 50 IF = 10

GML [33] 54.00 58.10 67.00
DeiT-LT [34] 55.60 60.50 -
MDCS [35] 56.10 60.10 -
GLMC [30] 57.11 62.32 72.33
SURE [20] 57.34 63.13 73.24
PHASE 58.00 62.51 72.44

5. Conclusions

In this paper, we introduced PHASE, a novel progressive hierarchical adaptation
framework for sample-efficient rebalancing in long-tailed classification. PHASE is designed
around a two-stage tuning paradigm that systematically addresses both sample-level
difficulty and class-level imbalance.

The effectiveness of PHASE is strongly demonstrated by our extensive experimental
results. On CIFAR-100-LT with a high imbalance factor (IF) of 200, PHASE achieved a top-1
accuracy of 44.84%, significantly outperforming the state-of-the-art AREA method (43.85%).
More notably, on the large-scale ImageNet-LT dataset, PHASE reached a top-1 accuracy
of 49.96%, surpassing the previous best reweighting techniques and demonstrating a sub-
stantial improvement over the CE baseline (38.88%). A detailed analysis revealed that these
gains were particularly pronounced for medium and tail classes, confirming PHASE’s capa-
bility to alleviate model bias without compromising head class performance. The consistent
superiority of PHASE across multiple benchmarks and imbalance ratios underscores the
validity of its core design principle: decoupling difficulty-aware representation learning
from multi-scale classifier rebalancing.

These findings highlight that adaptive, hierarchical tuning is a highly promising
direction for long-tailed visual recognition. The PHASE framework provides a robust and
effective baseline for future research in this area.

In future work, we plan to explore more efficient approximations for the MSR compu-
tation to enhance scalability. Furthermore, we will prioritize investigating the application
of the PHASE paradigm to more complex and noisy real-world scenarios, as well as
other challenging vision tasks suffering from data imbalance, such as object detection and
semantic segmentation.
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Abbreviations

The following abbreviations are used in this manuscript:

ASL Asymmetric Loss
PHASE Progressive Hierarchical Adaptation for Sample-Efficient rebalancing
DAW Difficulty-Aware Weighting
MSR Multi-Scale Reweighting
LDAM Label-Distribution-Aware Margin
VS Vector-Scaling
SGD Stochastic Gradient Descent
SAM Sharpness-Aware Minimization
SOTA State-of-the-art
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Abstract: In this paper, the concept of symmetry is utilized to evaluate the distribution
characteristics of flow fields—that is, flow fields with balanced displacement generally
exhibit good spatial symmetry. In the late stage of water-flooding reservoir development,
identifying flow field distribution and implementing targeted adjustments are crucial for
improving development efficiency and enhancing oil recovery. This study establishes
a quantitative evaluation index system integrating both static geological and dynamic
production factors to comprehensively characterize flow field distribution in ultra-high
water-cut reservoirs. The system incorporates residual oil potential abundance, water-
flooding ratio, and water influx intensity as key indicators. A flow field classification
method based on the K-Means clustering algorithm was proposed, with the Davies–Bouldin
index applied to evaluate clustering validity. The approach was validated using the Egg
model, where the flow field was effectively classified into four types: inefficient retention
field, effective displacement field, dominant displacement field, and extreme displacement
field. Adjustment measures were then applied based on classification results. The findings
demonstrate that the proposed method weakens dominant displacement areas while
expanding effective and inefficient displacement zones, leading to a 1.1 percentage point
increase in recovery factor. This research provides a practical and quantitative tool for
flow field diagnosis and adjustment, offering valuable technical guidance for managing
ultra-high water-cut reservoirs.

Keywords: ultra-high water-cut period; flow field; residual oil advantage potential
abundance; K-Means clustering algorithm; Davies–Bouldin index

1. Introduction

Most mature oilfields in eastern China have entered high or ultra-high water-cut
development stages. Long-term water flooding has significantly altered the properties
of reservoir fluids, the pore structure of the formation, and the distribution of remaining
oil [1]. The original reservoir heterogeneity has further intensified, leading to pronounced
differences in oil–water flow capacities within the reservoirs. The underground flow
field distribution exhibits significant heterogeneity, with dominant flow channels easily
developing in local high-permeability zones and strong flow regions, which exacerbates the
uneven utilization of crude oil in the reservoir. The problem of inefficient and ineffective
water injection circulation is evident, significantly impairing the effectiveness of reservoir
development [2,3]. Therefore, it is of great guiding significance for improving the recovery
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rate to effectively identify the distribution of flow fields in ultra-high water-cut reservoirs
and take targeted flow field adjustment measures [4].

To reflect the changing law of underground fluids, Chen (1998) first introduced the
concept of flow field into petroleum engineering [5]. He described the state of fluid flow
and proposed that the reservoir flow field not only serves as a storage space for reservoir
fluids but also as the medium through which fluids move. Domestic and foreign scholars
have carried out a large number of related studies on the identification and description of
reservoir flow fields. Liu et al. (2010) proposed the concept of flow field intensity index by
using the inter-well distribution factor and swept volume, and carried out the identification
and evaluation of reservoir flow field based on the statistical analysis of the concept [6].
Chen (2011), Ma (2019), and others selected three parameters, namely water flow rate,
fluid velocity, and water saturation, and quantitatively describe the reservoir flow field
by coupling the analytic hierarchy process and fuzzy comprehensive evaluation method
to calculate flow field intensity [7,8]. Bai et al. (2017) used pore volume, permeability,
water saturation, and water-oil mobility ratio as the four key factors for the formation
of the dominant flow field as evaluation factors, and established the discrimination stan-
dard of the dominant flow field through fuzzy comprehensive evaluation and streamline
numerical simulation technology [4]. Zhang (2014) proposed to use the surface flux as
the only parameter to characterize the flow field intensity and established the flow field
intensity classification standard [9]. Lu et al. (2020) further selected the four parameters
of permeability, formation pressure gradient, oil saturation, and surface flux as the main
characterization parameters of the reservoir flow field, and established a quantitative char-
acterization method of the reservoir flow field by combining the analytic hierarchy process
and fuzzy mathematics theory [10]. The above flow field evaluation methods mostly use
fuzzy comprehensive evaluation methods to evaluate the flow field intensity. This method
has a lot of subjective factors and cannot objectively reflect the impact of each evaluation
index on the reservoir flow field [10].

During development, reservoirs with obvious seepage differences should belong to
different flow fields, and the same flow field has similar characteristics on water flooding
and residual oil distribution [11]. Streamline numerical simulation is based on streamline
theory, the most important features of which are high computational efficiency and flow
field identification. Streamlines can more intuitively reflect the instantaneous flow field
distribution and reservoir utilization conditions [11–13]. In recent years, scholars have
conducted extensive research on flow field identification and characterization in high
water-cut reservoirs. By extracting spatial trajectories and attribute data from streamlined
simulation results, multidimensional quantitative indicator systems for reservoir flow fields
have been established. Combined with clustering, machine learning, and dimensional-
ity reduction techniques, these approaches have achieved hierarchical identification and
quantitative evaluation of complex reservoir flow fields. Jia and Deng [14] constructed a
streamlined feature database by extracting spatial positions and flow property parameters
from streamlined simulation results. Using artificial intelligence methods based on stream-
lined clustering, they effectively identified and classified flow field types in high water-cut
reservoirs, overcoming the subjectivity and boundary ambiguity of traditional methods.
Building upon this, Guo et al. [15] proposed a flow field optimization method based on ar-
tificial intelligence algorithms. By analyzing the hierarchical features of streamlined fields,
they dynamically optimized and adjusted displacement effect partitions within reservoirs.
Zhao et al. [16] developed a vector flow field characterization and reconstruction method
based on streamline simulation. By considering the complex seepage characteristics of high
water-cut reservoirs and analyzing streamlined trajectories and attributes, they achieved
dynamic description and visualized displacement processes, effectively revealing dominant
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flow channels and residual oil distribution patterns during late-stage water flooding. Li
et al. [17], using unsupervised machine learning techniques, integrated multiple parameters
such as streamline density, flow velocity, and pressure fields to objectively classify and
hierarchically evaluate complex reservoir flow field types. Liu et al. [18] combined principal
component analysis (PCA) with clustering algorithms to perform dimensionality reduction
and feature extraction on high-dimensional, multi-variable flow field data, improving the
computational efficiency for large-scale, high-dimensional reservoir flow field processing.
Through clustering analysis, they completed flow field partitioning and identification,
significantly enhancing the adaptability and computational efficiency of complex reservoir
flow field characterization. The flow field evaluation method based on clustering algo-
rithms comprehensively considers the dynamic percolation characteristics and the space
physical characteristics of the reservoir, dividing the flow field with obvious differences
in oil and water seepage well [11]. However, the above methods cannot fully reflect the
underground flow field distribution of the actual reservoir, especially for a region with
potential flow space but no fluid flow at a certain moment, as they only use the extracted
characteristic parameters to streamline clusters. In addition, these methods cannot finely
distinguish different types of flow fields, because they treat each streamline as a single
sample point. Regions with obviously different flow capacities in the same streamline will
be classified as one type. How to comprehensively and accurately distinguish the flow
field of high water-cut reservoirs is still a challenging problem.

To address the above issues, this study fully considers the complexity of reservoir
flow fields during the high water-cut stage, which are jointly controlled by static geological
characteristics and dynamic seepage patterns. Using actual reservoir geological model
grids as characterization units, a comprehensive set of multidimensional feature parameters
is systematically extracted for each spatial grid cell, covering aspects such as the material
basis of the flow field, displacement efficiency, and water-flooding status. A grid-scale
flow field characterization index system is then established to comprehensively reflect the
current development status and flow field characteristics of the reservoir. On this basis, an
unsupervised clustering algorithm is introduced to develop a flow field characterization
and evaluation method suitable for reservoirs in the high water-cut stage. Unlike traditional
clustering approaches based on streamlined clusters, this method treats all geological model
grid cells as independent samples and establishes a data-driven flow field partitioning
approach based on multidimensional feature data. This enables effective identification
of potential flow pathways and regions with differences in seepage capacity, overcomes
misjudgments caused by streamlined cross-regional flow in conventional methods, and
significantly improves the accuracy and rationality of reservoir flow field partitioning.

2. Construction of Flow Field Characterization Indices

The flow field of a reservoir is a complex system in which multiple factors influence
and interact with each other. During the water-flooding development, the flow field will
undergo uneven changes. It is difficult to comprehensively characterize and evaluate
the flow field of an ultra-high water-cut reservoir using a single attribute factor [7]. The
flow field characteristics of ultra-high water-cut reservoir are not only related to the static
heterogeneity of the reservoir, but also to the dynamic heterogeneity of reservoir develop-
ment [10]. Therefore, a comprehensive and quantitative characterization of the flow field
is performed by taking into full consideration the static and dynamic flow field factors
of an ultra-high water-cut reservoir, combined with the characteristics of severe reservoir
heterogeneity, and constructing an evaluation index system from three dimensions: flow
field material basis, displacement degree, and water-flooding status.
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2.1. Residual Oil Advantage Potential Abundance

Affected by multiple geological and development factors, the underground seepage
field of the ultra-high water-cut reservoir has become more uneven, and the reservoir
heterogeneity and the dispersion of remaining oil have become more prominent. The
uneven distribution of the flow field is the main reason for the dispersion of remaining oil
and low injection-production efficiency. Saturation used to be the only indicator for flow
field characterization, which can only reflect the flow field distribution or water-flooding
state in the reservoir, but cannot quantify its potential.

Taking full account of the oil-water distribution and flow characteristics of the reservoir
in the ultra-high water-cut period, the movable oil advantage potential abundance is
introduced as one of the flow field potential evaluation indicators. The calculation formula
is as follows:

VOI =
μwKro

μoKrw
· [So − Sor] · φ · h · NTG (1)

where, VOI is the movable oil advantage potential abundance, mPa·s; μw is the formation
water viscosity, mPa·s; μo is the formation oil viscosity, mPa·s; Kro is the oil relative perme-
ability; Krw is the water relative permeability; So is the oil saturation; Sor is the residual oil
saturation; ϕ is the porosity; h is the reservoir thickness, m; NTG is the net-to-gross ratio.

After long-term water injection and flushing, the reservoir physical properties, pore
structure, fluid properties, and seepage characteristics of the ultra-high water-cut reservoir
have undergone significant changes. The static and dynamic heterogeneity of the reservoir
has further increased, resulting in a sharp increase in the difference in capacity in oil-
water diversion [19]. A different water-flooding degree means a huge difference in oil-
water diversion capacity. The semi-logarithmic relationship curve between the oil-water
relative permeability ratio and water saturation no longer shows a completely linear
relationship, but shows a downward bend [20,21]. In order to characterize the downward
bend phenomenon of the oil-water relative permeability ratio curve in the ultra-high
water-cut period, based on previous research [22], a new relative permeability curve
characterization relationship is proposed:

ln(Kro/Krw)= a + bln(Sw)+2ln(c− Sw) (2)

where, Sw is water saturation; a, b, and c are fitting parameters, and c = 1 − Sor when the
residual oil saturation Sor is known.

Four-phase permeability curve data of a block in the literature [21,23] were selected
and fitted using the new characterization relationship (2). As shown in Figure 1, the
four-phase permeability curves have an obvious downward bending. The new phase
permeability characterization relationship (2) achieves high-precision fitting of the four-
phase permeability curve data throughout the process, and the correlation coefficients R2

reach 0.9989, 0.9997, 0.9983, and 0.9982, respectively, which verifies the accuracy of the new
phase permeability characterization formula.

Substituting the new phase permeability curve characterization relationship (2) into
Equation (1), we can get the following:

VOI =ea μw

μo
· (c− Sw)

2 · [So − Sor] · Sw
b · φ · h · NTG (3)

The movable oil advantage potential abundance can not only characterize the size
of the movable remaining oil reserves underground, but also reflect the different oil-
water diversion capacities in ultra-high water-cut reservoirs. The higher the movable oil
advantage potential abundance index value, the greater the potential for reservoir flow
field adjustment.
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Figure 1. Curves of fitted new formulas in different blocks.

2.2. Water-Flooding Ratio

The water-flooding ratio is an important cumulative indicator reflecting the evolution
of the flow field. It is defined as the volume ratio of accumulating injected water to
unit pore volume. It is a concentrated reflection of the water drive intensity and the
flushing volume of the injected water in the flow field [7]. After entering the high water-
cut state, as the water-flooding ratio increases, the reservoir properties such as porosity,
permeability, and mud content change, resulting in changes in the flow field [24]. Therefore,
the water-flooding ratio is selected as an important indicator for flow field evaluation. The
expression is

Nw =

(
Wi
Vφ

)
=

(
Wi
Viφ

)
(4)

where Nw is the water-flooding ratio; Wi is accumulated water injection, m3; Vϕis the pore
volume flowing through the cell, m3; Vi is the volume flowing through the cell, m3.

Assuming that the flow of oil-water phases in the process of water-flooding oil com-
plies with Darcy’s law, and the effects of gravity and capillary force are not considered. The
oil and water phase flow equation can be obtained:

qw = qo
μoKrw

μwKro
(5)

where, qo is the oil flow rate, m3/d; qw is the water flow rate, m3/d.
Substituting Equation (1) into the above equation, we can get

qw = qo
μo

μw
e−aSw

−b(c− Sw)
−2 (6)

Integrating Equation (6) with respect to production time, we can get the cumulative
water production of the stage:

Wp =
∫ t

0
qwdt = e−a

∫ t

0
qo

μo

μw
Sw
−b(c− Sw)

−2dt (7)

where, Wp is the cumulative water production of the stage, m3.
The cumulative oil production of the stage can be expressed as

Np = N
(

1− So

1− Swi

)
=

N
1− Swi

(Sw − Swi) = Vφ(Sw − Swi) (8)

where, Np is the cumulative oil production of the stage, m3; Swi is the initial water satura-
tion; N is the reserves of crude oil, m3.
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Taking the derivative of both ends of Formula (8) with respect to time t, the relationship
between oil phase flow rate and cumulative oil production of the stage is:

qo =
dNp

dt
= Vφ

dSw

dt
(9)

Substituting Formula (9) into Formula (6), we can get

Wp = e−aVφ
μo

μw

∫ Sw

Swi

x−b(c− x)−2dx (10)

Further derivation:

Wp = e−aVφ
μo

μw

∫ Sw

Swi

[
1

c2xb +
2c− 1

c2(c− x)2

]
dx (11)

Further integration and sorting can get the relationship between cumulative water
production of the stage:

Wp = e−aVφ
μo

c2μw

[
Sw

1−b − Swi
1−b

1− b
+

(2c− 1)(Sw − Swi)

(c− Sw)(c− Swi)

]
(12)

According to the material balance principle, when the injection-production balance is
maintained, the cumulative water injection volume of a stage is equal to the sum of the
cumulative oil production and the cumulative water production of the stage. Therefore,
the cumulative water injection volume of a stage can be expressed as

Wi = Wp + Bo Np (13)

where, Wi is the cumulative water injection volume of the stage, m3; Bo is the oil formation
volume factor.

Substituting Equations (8) and (12) into Equation (13), we can get

Wi = e−aVφ
μo

c2μw

[
Sw

1−b − Swi
1−b

1− b
+

(2c− 1)(Sw − Swi)

(c− Sw)(c− Swi)

]
+ BoVφ(Sw − Swi) (14)

Substituting Equation (14) into Equation (4), we can get the following expression for
calculating the water flow ratio:

Nw = e−a μo

c2μw

[
Sw

1−b − Swi
1−b

1− b
+

(2c− 1)(Sw − Swi)

(c− Sw)(c− Swi)

]
+ Bo(Sw − Swi) (15)

According to Equation (15), the water flow ratio is closely related to water saturation,
and water saturation reflects the water-flooding effect. When the initial water saturation is
constant, the water-flooding intensity is high in the area with high flow field intensity. The
larger the water flow ratio, the smaller the residual oil saturation.

2.3. Water Influx

Water influx can be used to assess the relative water-oil flow capacity and sweep
status in the reservoir. By analyzing the changes in water influx, the dynamic evolution
characteristics of the reservoir flow field distribution can be captured. Without considering
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the effects of capillary force and gravity, the calculation formula for water influx (i.e., water
content) is as follows:

fw =
1

1 + μw
μo

Kro
Krw

(16)

where, fw is the water influx.
Substituting Equation (2) into Equation (16), we can get

fw =
1

1 + μw
μo

eaSw
b(c− Sw)

2 (17)

The increasing water influx represents the improvement of the flow capacity of injected
water. The water phase occupies an increasingly higher proportion in the flow process
and gradually becomes the dominant mobile phase in the underground flow field, further
indicating the degree of water washing of the reservoir and the formation of a dominant
flow field.

3. Establishment of Flow Field Evaluation Method

Taking the actual reservoir geological model grid as the characterization unit, the
characteristic parameters of each grid are extracted according to the reservoir numerical
simulation results. Including areas with potential flow space but no fluid flow, three
evaluation indicators are calculated to comprehensively characterize the reservoir flow
field distribution, such as the remaining oil potential abundance, water flow ratio, and
water influx. The flow field characteristics of any spatial grid unit can be portrayed by
these three indicators. The data need to be normalized to eliminate the dimensional and
numerical range difference, which can influence the evaluation results. The remaining oil
potential abundance is a positive indicator, while the water flow ratio and water influx are
negative indicators. The normalization formula is as follows:

VOI =
VOI −VOImin

VOImax −VOImin
(18)

Nw =
Nwmax − Nw

Nwmax − Nwmin
(19)

fw =
fwmax − fw

fwmax − fwmin
(20)

where, VOI is the normalized residual oil advantage potential abundance; Nw is the
normalized water-flooding ratio; fw is the normalized water influx; VOImax and VOImin

are the maximum and minimum values of residual oil advantage potential abundance,
respectively; Nwmax and Nwmin are the maximum and minimum values of water-flooding
ratio, respectively; f wmax and f wmin are the maximum and minimum values of water influx,
respectively.

For the actual reservoir model with n grid units, there is a sample set D formed by n
data samples of the flow field. Every sample is composed of an attribute set {VOI, Nw, fw}
of normalized three evaluation indicators with the dimension of three.

Cluster analysis is a typical unsupervised learning technology that is used to divide
data samples of unknown categories into several clusters according to the data’s internal
relationships. It has been successfully applied to data clustering problems in different
fields [24]. Based on the flow field distribution represented by grid units, the clustering
algorithm can identify different flow field areas with different characteristics, and classify
them into different types. The flow field evaluation method for ultra-high water-cut
reservoirs is established, providing effective guidance for the formulation of subsequent
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flow field adjustment measures. As the most popular clustering algorithm, the K-Means
clustering algorithm has an efficient clustering effect for large data sets. Compared with
other clustering algorithms, it has been widely used due to its simple principle, good
clustering effect, and high clustering efficiency [25,26].

Generally, the K-Means clustering algorithm selects Euclidean distance to measure the
similarity between data samples, and uses the sum of squared error (SSE) as the objective
function [27]. By minimizing the objective function, data samples are divided into k clusters
according to their distance from the cluster center [26]. The core idea [25] is: (1) specify the
initial number of clusters k; (2) and randomly select k data samples from the data sample
set as the initial cluster centers and calculate the Euclidean distance between other data
samples and each cluster center; (3) find the cluster center closest to the target data sample,
and assign the data sample to the cluster corresponding to the cluster center; (4) calculate
the average value of the data samples in each cluster as the new cluster center and perform
the next iteration; and (5) the clustering ends when the clusters no longer change or the
objective function converges.

The Euclidean distance calculation formula between the data sample and the cluster
center is

d(x, ci) =

√√√√ 3

∑
j=1

(
xj − cij

)2 (21)

where, x is the data sample in the data sample set D, x =
{

VOI, NSw , fw

}
; ci is the i-th

cluster center, 1 ≤ i ≤ k; xj and cij are the j-th attribute values of the data sample x and the
cluster center ci, respectively.

SEE of an entire data set can be calculated by formulation:

SSE =
k

∑
i=1

∑
x∈Ci

|d(x, ci)|2 (22)

where, Ciis the i-th data sample cluster; k is the number of clusters.
The flowchart of the flow field evaluation method for high water-cut reservoirs based

on the K-means clustering algorithm is shown in Figure 2.
The number k of clusters is used to be determined in advance. However, it is difficult

to determine the k value due to excessive data volume and lack of experience in practical
applications. If the k value is too small, the data samples within the same cluster will be
very different, making it difficult to capture the effective feature information hidden in
the cluster data samples; if the k value is too large, the data samples between different
clusters will not have much differences, increasing the difficulty of data analysis. Therefore,
many scholars have proposed clustering effectiveness evaluation functions as a criterion
for determining the optimal number of clusters [14,28]. This paper selects the Davies–
Bouldin (DB) index [29] as the clustering effectiveness evaluation function. The k value
corresponding to the minimum DB index is automatically searched as the optimal number
of clusters within the possible range. The DB index is an indicator that evaluates clustering
quality by the average distance ratio of clusters and the density within the cluster. It
comprehensively considers the similarities inside each cluster and the differences among
clusters. The smaller the value is, the better the clustering result reaches. Compared with
the Silhouette coefficient and Calinski–Harabasz index [28], the Davies–Bouldin (DB) index
exhibits lower sensitivity to outliers and isolated points under high-dimensional and multi-
cluster conditions, effectively reducing the interference of extreme samples on clustering
evaluation results and ensuring the stability and reliability of clustering outcomes. In
particular, when dealing with large-scale, high-dimensional, strongly heterogeneous, and
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complex-flow reservoir grid flow field feature datasets, the DB index can objectively and
accurately measure the compactness and separation of clustering partitions. It provides a
robust criterion for assessing the objectivity, rationality, and scientific validity of flow field
partitioning results in highly heterogeneous reservoirs during the high water-cut stage.

Figure 2. Flowchart of Flow Field Evaluation Method for High Water-Cut Reservoirs Based on
K-Means Clustering Algorithm.

4. Case Study

The flow field evaluation method was used for testing and analysis on the Egg
model [30,31] as the actual case. The Egg model is a small heterogeneous synthetic reservoir
model. The model is an oil-water two-phase model without associated gas or dissolved gas.
The grid dimension of the Egg model is 60 × 60 × 7, with a total of 25,200 grids. The edge
of the model is a dead grid, and there is a total of 18,553 valid grids. The permeability and
well-location distribution of the Egg model are shown in Figure 3. The high-permeability
area is distributed in a river channel shape. The relative permeability ratio curve of the Egg
model is shown in Figure 4. The curve has an obvious downward bend. The curve fitting
correlation coefficient R2 reaches 0.9983, using the new relative permeability characteriza-
tion relationship (2), which achieves high-precision fitting of the entire process. The fitting
coefficients are a = −3.61, b = −8.6366, and c = 0.8177. The Egg model has a total of four
production wells and eight water injection wells. After 10 years of simulated water injection
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development, the recovery rate of the model reached 58.1%, and the comprehensive water
content reached 97.5%, entering the ultra-high water-cut state.

Figure 3. Permeability Distribution Map of the Egg Model.

Figure 4. Curve fitting of phase permeability ratio for the Egg model.

4.1. Result

The 18,553 effective grids of the Egg model were used as characterization units, and
the characteristic parameters of each grid were extracted. After 10 years of production and
injection. Three flow field characterization indices, the residual oil advantage potential
abundance, water-flooding ratio, and water influx, were calculated according to the numer-
ical simulation results. To ensure that the clustering results possess good representativeness
and interpretability, and to avoid excessive clustering leading to overly fine partitioning of
flow field categories, which would weaken the practical value of flow field analysis, the
number of clusters in this study is limited to no more than five. This constraint keeps the
number of flow field partitions within a reasonable range, thereby facilitating subsequent
flow field feature extraction and dominant zone identification. The relationship between
the DB index values and the number of clusters is presented in Figure 5. Table 1 shows the
flow field characterization and classification evaluation result of the ultra-high water-cut
Egg model, using the novel flow field evaluation method. After entering the ultra-high
water-cut stage, from the distribution of oil saturation and the abundance of remaining oil
advantage potential shown in Table 1, the remaining oil retained underground still has great
development potential. There are still some unaffected areas inside the oil layer, especially
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the top layer with richer remaining oil and higher potential abundance, which is also the
material basis for future flow field adjustment. The distribution of the water-flooding ratio
shows that the water-flooding ratio is extremely large near the water injection well, as the
driving intensity is large, while it is small when far away from the water injection well with
a small water-flooding ratio. The displacement within and between layers is extremely
unbalanced, and the water-flooding development can be affected by various geological
and development factors. A single factor can only qualitatively analyze the displacement
status and roughly judge the local potential area. It is hard to accurately identify and finely
distinguish flow field areas with different characteristics through a single factor.

Figure 5. Relationship between the DB index values and the number of clusters.

Table 1. Reservoir flow field characterization and classification evaluation results for the Egg model.

Oil Layer So VOI Nw
Flow Field
Categories

1

2

3
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Table 1. Cont.

Oil Layer So VOI Nw
Flow Field
Categories

4

5

6

7

type I: inefficient field; type II: effective field; type III: dominant field; type IV: extreme field.

The new flow field evaluation method automatically identifies the flow field of the
ultra-high water-cut Egg model into four types. Table 2 shows the four types of flow field
clustering by cell attribute with its proportions. The flow field classified results of the
Egg model simulated water injection development for 10 years show that the evaluation
indices of different flow field types, like the regional remaining oil advantage potential
abundance, water flow multiples, and water flow, have obvious differences. The new
method captures the attribute characteristics of different flow field types accurately, and
distinguishes the flow fields effectively, which is conducive to identifying flow field areas
with development potential. According to the attribute characteristics with development
potential, the flow field is divided into four types: inefficient field (type I), effective field
(type II), dominant field (type III), and extreme field (type IV). Based on this, further
analysis of different categories of flow fields was conducted using symmetry theory. Under
ideal conditions of balanced displacement, the water-flooding flow field between injection
and production wells exhibits a radially symmetrical distribution. However, under certain
extreme heterogeneity conditions, effective displacement zones or inefficient displacement
zones may disappear. Taking the flow field classification results of Sub-layer 1 in Table 1
as an example, the different types of flow field zones between injection well INJECT4
and production well PROD2 show a concentric ring-like symmetrical distribution, which,
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from the core to the periphery, are arranged sequentially as extreme displacement zone,
dominant displacement zone, effective displacement zone, and inefficient displacement
zone, indicating an overall balanced displacement process. Between injection well INJECT1
and production well PROD1, the inefficient displacement zone disappears, while the
other types of flow field zones display an approximately axisymmetric distribution, with
a relatively balanced displacement. In contrast, under certain extreme heterogeneity
conditions, such as between injection well INJECT7 and production well PROD3, the
distribution of different types of flow field zones significantly deviates from the principal
axis of the injection-production well pair. This is manifested as an abnormal deviation in
the distribution structure of displacement capability zones or an attenuation of symmetry.
Such zoning characteristics are closely related to reservoir heterogeneity features and the
injection-production configuration, and the analysis results can provide theoretical support
and technical guidance for water-flooding development adjustment and remaining oil
potential tapping.

Table 2. Clustering attributes of different flow field categories.

Classes

Properties Mean Residual Oil Advantage
Potential Abundance

Mean Water-Flooding
Ratio

Mean Water
Influx

Field Proportion

inefficient field 229.56 0.30 22.2% 10.0%
effective field 18.66 0.47 46.3% 31.0%

dominant field 6.66 0.60 62.9% 42.7%
extreme field 2.09 0.82 77.1% 16.3%

From the identification and classification results of different types of flow fields in Ta-
bles 1 and 2, the flow field distribution of the reservoir is extremely complex after entering
the ultra-high water-cut state, with the dominant field and the extreme field accounting
for 59%, the effective field accounting for 31%, and the extreme field accounting for 10%.
The extreme field is mainly developed in the area near the injection wells and the local
high-permeability zone between wells. For instance, the extreme fields existing between
INJECT2, INJECT5, and production Wells PROD2, are formed due to long-term water
flooding in high-permeability zones. The residual oil saturation in this type of flow field
is extremely low, the mean water influx reaches 77.1%, the mean residual oil advantage
potential abundance is only 2.09, and the development adjustment potential is low. Com-
pared with the dominant field, the effective field has a lower regional average permeability,
leading to a lower mean water-flooding ratio and mean water influx. However, the ef-
fective field has higher residual oil saturation and mean residual oil advantage potential
abundance, contributing to higher development adjustment potential. The inefficient field
is more complex in distribution, mainly near the diversion line area between injection and
production wells, the local low permeability areas, or the top small layers. Injected water
can be harder to spread but the residual oil is enriched, with mean residual oil advantage
potential abundance reaching 229.56. It is the main area for potential exploitation of late
flow field adjustment, as the abundance is much higher than the other three types. The
high-potential areas are mainly distributed near the diversion line between the injection
and production wells, and the flow field model is small. Although the dominant field
and the effective field in the flow field model have a large area, there is little potential
for well-infilling. As a result, the dominant field and extreme field are supposed to be re-
strained, while the inefficient field and effective field are supposed to be enhanced. Priority
is given to adjusting the flow field through strategies like increasing injection, liquid lifting,
injection and production optimization, profile control, and separate injection.
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4.2. Discussion

According to the flow field distribution, the injection and production parameter
optimization countermeasures are used to carry out the flow field adjustment study for
the Egg model. The comparison of the working system of each well before and after the
adjustment is shown in Figure 6. The figure shows that the water injection wells adopted
a unified working strategy before the adjustment. After the injection and production
parameter optimization countermeasures were adopted, the water injection wells in the
area with a large local flow field intensity were liquid controlled, and the water injection of
wells in the area with a large local flow field potential was increased. The same goes for the
oil production wells.

Figure 6. Comparison of fluid injection/production rates before and after flow field adjustment.

From the comparison table of clustering attributes of four types before and after flow
field adjustment given in Table 3, after adjustment, the dominant field and extreme field
areas were suppressed, and the effective field and inefficient field areas were strengthened.
The original dominant flow field area was relatively weakened, and the proportion of the
dominant field and extreme field areas decreased from 68% to 48.24%, and the proportion of
the effective field and inefficient field areas increased from 25.76% and 6.23% to 43.18% and
8.57%, respectively. By comparing the flow field clustering attribute parameters before and
after the adjustment, the average remaining oil dominant potential abundance of different
flow field area types decreased significantly, which was only about 50% of that before
the adjustment, indicating that the flow field adjustment effectively released the potential
of different flow field types. Figure 7 shows a comparison of the comprehensive water
content of the model after simulating production for 5 years before and after the flow field
adjustment. After the flow field of the reservoir was adjusted during the ultra-high water-
cut period, the development effect was significantly improved, the comprehensive water
content decreased significantly, and the recovery factor increased by 1.1 percentage points.

123



Symmetry 2025, 17, 901

Table 3. Comparison of clustering attributes for 4 flow field types before and after adjustment.

Classes

Properties
Mean Residual Oil Advantage

Potential Abundance
Mean Water-Flooding

Ratio
Mean Water Influx Field Proportion

Before After Before After Before After Before After

inefficient field 182.07 98.13 0.30 0.372 21.7% 32.6% 6.23% 8.57%

effective field 15.51 9.10 0.49 0.557 49.6% 58.2% 25.76% 43.18%

dominant field 5.49 3.54 0.63 0.700 65.7% 71.3% 45.08% 38.99%

extreme field 1.86 0.97 0.85 0.974 78.1% 82.9% 22.92% 9.25%

Figure 7. Comparison of comprehensive water cut before and after flow field adjustment.

The validation based on the Egg model demonstrates that the proposed method ex-
hibits good adaptability and stability under different heterogeneity conditions and complex-
flow field states. It provides a novel technical approach for the fine characterization of flow
fields in highly heterogeneous reservoirs during the high water-cut stage. The research
outcomes can offer reliable technical support for well pattern adjustment and optimization,
chemical flooding deployment, and the optimization of remaining oil recovery strategies
during reservoir development, possessing significant theoretical guidance and engineering
application value. In particular, the method shows promising applicability and broad
prospects in addressing challenges such as complex-flow field characteristics, pronounced
differences in seepage capacity, and difficulties in identifying potential flow zones in highly
heterogeneous reservoirs during high water-cut stages.

5. Conclusions

In this study, a novel flow field partitioning and characterization method for high
water-cut reservoirs was proposed, addressing the complexity of flow field evolution jointly
controlled by static geological properties and dynamic seepage behavior. By systematically
extracting multidimensional characteristic parameters that reflect the material foundation
of the flow field, displacement efficiency, and water-flooding status, a grid-scale flow
field characterization index system was constructed to comprehensively depict the current
development status and flow field characteristics of the reservoir.

Distinct from conventional methods based on streamline clustering or fuzzy logic—
which rely heavily on subjective thresholds and are prone to misclassification due to
streamlines crossing multiple regions—the proposed method treats all geological grid cells
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as independent samples. It employs a K-Means clustering algorithm for objective flow
field classification, with the Davies–Bouldin index used for cluster validity evaluation.
This approach effectively overcomes limitations such as streamlining overlapping-induced
misjudgment and clustering subjectivity, achieving fine-scale identification of different
flow field types and accurate capture of flow field characteristics, thereby significantly
improving the accuracy and rationality of flow field partitioning.

Validation using the benchmark Egg model demonstrated the method’s strong adapt-
ability and stability under different heterogeneity conditions and complex-flow field sce-
narios. The approach successfully identified potential flow paths and regions with varying
seepage capacities, classifying them into four flow field types: low-efficiency displacement,
effective displacement, dominant displacement, and extreme displacement fields. Subse-
quent flow field adjustment based on these classifications led to a weakened dominant
displacement region, enhanced effective and low-efficiency displacement zones, and an
increase in overall oil recovery by 1.1 percentage points.

Compared with existing clustering-based flow field partitioning techniques, the pro-
posed method leverages the advantages of multidimensional feature-driven analysis, avoid-
ing the arbitrary threshold setting and subjectivity issues associated with fuzzy logic ap-
proaches, while also resolving the partitioning ambiguity and misclassification problems
caused by streamline crossing in traditional streamline-based methods. This method is par-
ticularly suitable for high-dimensional, large-scale, and strongly heterogeneous reservoir
grid flow field data analysis. It provides a robust, objective, and efficient technical tool
for flow field identification and high water-cut reservoir development decision-making,
offering significant theoretical value and practical application potential for well pattern
adjustment, chemical flooding deployment, and remaining oil exploitation optimization in
complex heterogeneous reservoirs.

While validated on synthetic models such as the Egg model, further testing on di-
verse real-field data sets is necessary to fully confirm its generalizability and practical
utility. Future work will focus on addressing these limitations by exploring more advanced
clustering algorithms, integrating multi-source reservoir data, and conducting extensive
field validations.
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Abstract: The deep learning-based gravity anomaly inversion method addresses the
complex challenge of deriving subsurface density variation models from surface grav-
ity anomaly data. In order to generate various geological environments and their corre-
sponding surface gravity anomaly datasets, three-dimensional density models considering
different spatial locations and density variations are created in this paper. At the same
time, the residual module and spatial attention mechanism are introduced into the U-Net
architecture to improve the learning ability and inversion accuracy of complex geological
structures. Experimental results demonstrate that the proposed method achieves the high-
precision reconstruction of density variation models in complex anomaly environments,
with a model residual error lower than 3%. Additionally, the inversion results of the
density change and the gravity change in the Longshoushan fault zone show that the 2022
Menyuan MS6.9 earthquake is in the middle of the positive and negative density changes,
which verifies the applicability of the U-Net network in the field of gravity change data,
highlighting the method’s value in the real-world environment.

Keywords: density variation; U-Net; gravity anomaly

1. Introduction

Gravity inversion, a classical non-unique inverse problem, has seen significant
progress through the development of various regularization techniques aimed at improv-
ing its stability and accuracy. Minimum volume constraints and their refinements have
effectively restricted the solution space, resulting in more compact and interpretable in-
version models [1–7]. Similarly, inversion methods that incorporate minimum gradient
support constraints have greatly enhanced the sharpness and compactness of reconstructed
structures [8–10]. The integration of depth-weighting functions into objective functions has
helped mitigate the “skin effect”, thereby improving the vertical resolution of subsurface
models [11,12]. Furthermore, the incorporation of the velocity model has significantly im-
proved the reconstructions of density models by aligning inversion results with plausible
geological environments [13].

Despite these advancements, challenges remain due to the reliance on initial models,
susceptibility to local minima, and limitations in computational efficiency and stabil-
ity. These issues are particularly pronounced in complex geological structures, where
constructing accurate initial models is both technically challenging and computationally
intensive [14].
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Overcoming these challenges requires innovative methodologies to enhance the appli-
cability of gravity inversion in complex subsurface systems. The integration of big data
technologies and artificial intelligence has led to substantial advancements in geophysical
data processing. Machine learning techniques, such as clustering [15,16], decision trees [17],
support vector machines [18], Bayesian methods [19,20], and artificial neural networks
(ANNs) [21], have gradually replaced the traditional reliance on initial models and sensi-
tivity matrices. Its powerful global optimization capability makes machine learning one of
the key research directions in geophysics [22].

Deep learning (DL), a specialized subset of machine learning, has tackled ill-posed
inverse problems through hierarchical feature extraction [23,24]. This approach eliminates
the need for manual feature engineering while improving the approximation of complex
functions [25]. Studies by Kim and Nakata have demonstrated deep learning’s effectiveness
in addressing intricate data challenges in large-scale inversion tasks [26]. In the geophysical
data processing, deep learning algorithms have significantly improved the resolution and
adaptability in reconstructing complex geological structures [27–29]. For instance, Wang
et al. developed a novel method for magnetotelluric data inversion using genetic neural
networks, significantly enhancing accuracy [30]. Pusyrev employed fully convolutional
neural networks (FCNs) for the two-dimensional inversion of vertical magnetic dipole
source data from boreholes [31]. Additionally, Pusyrev and Swidinsky applied deep learn-
ing to improve the precision and efficiency in the one-dimensional inversion of marine
controlled-source electromagnetic data [32]. Noh et al. successfully integrated convolu-
tional neural networks (CNNs) into airborne electromagnetic data inversion [33]. Li et al.
utilized FCNs to reconstruct velocity models from seismic data, optimizing both resolution
and efficiency [34]. Zhang et al. applied an optimized U-Net architecture to analyze gravity
and gravity gradient data and achieved the accurate detection of density anomalies with
improved efficiency [35].

The main challenge faced by deep learning in the inversion of gravity data is the
difficulty in obtaining real underground spatial data, compounded by the potential for
simulated data to deviate from real physical laws. To address this, this paper employs
forward modeling to ensure that the results adhere to real physical laws. Additionally,
deep learning models often exhibit a poor generalization to unseen data, necessitating
transfer learning tailored to the specific requirements of different scenarios. Despite these
challenges, the trained model demonstrates high efficiency, strong nonlinear mapping
capabilities, and end-to-end automation.

This study employs a U-Net architecture to develop a nonlinear mapping model that
directly links gravity anomaly inputs to density variation anomaly outputs. U-Net is a
classical deep learning model, and its symmetry plays important roles, such as image seg-
mentation and geophysical inversion. Two important mathematical properties—reflection
symmetry and scale invariance—endow the model with an excellent robustness and gen-
eralization ability. Through supervised training and validation on a targeted dataset, this
approach effectively inverts observed gravity data, realizes the time-varying gravity data
inversion of three-dimensional density variation, completes accurate model reconstruction,
and offers an advanced solution for exploring complex geological systems.

2. Dataset Construction

In this study, a sample dataset generator is developed to simulate three-dimensional
structural anomalies and their corresponding gravity anomalies. This addresses the chal-
lenge of obtaining accurate and comprehensive real subsurface interface data. The generator
can be configured with parameters that closely reflect subsurface conditions, enabling the
creation of density variation anomalies with specific shapes, sizes, and spatial distributions,
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while simultaneously modeling the resulting surface gravity anomalies. Specifically de-
signed for training deep learning networks, this tool facilitates the generation of realistic
and representative training datasets, thereby enhancing model performance. The dataset in-
cludes both density variation anomalies and forward-simulated surface gravity anomalies,
ensuring the validity and reliability of the simulation process.

2.1. Construction of 3D Density Variation Anomaly Models

A sample dataset representing a density variation anomaly model in a subsurface
half-space is constructed. This initiative aims to mitigate overfitting and address potential
issues arising from insufficient datasets during training. The generated data were then
used to compute surface gravity anomalies through numerical simulations, ultimately
constructing a comprehensive gravity anomaly dataset.

Model Space Construction

The subterranean half-space is systematically divided into multiple uniform cuboidal
modeling units, as shown in Figure 1. The influence of each individual unit on surface
observation points is calculated sequentially. The surface gravity anomaly is the cumulative
contribution of all the grid units in the subsurface half-space to the surface.

Figure 1. Three-dimensional half-space grid.

When selecting the location of the abnormal body in the model, the crust above
the Moho surface where shallow earthquakes usually occur is selected, and 50 km is
selected here.

Based on the seismogenic range associated with pre-earthquake gravity anomalies,
a horizontal extent of 100 km is selected. After several calculations and considering the
computational load, a grid size of 1 km is chosen to ensure model accuracy. The subsurface
half-space selected for this study is 100 km × 100 km × 50 km, and the size of each grid
is 1 km × 1 km × 1 km. This configuration is chosen to accurately simulate the density
variation anomaly of the subsurface region where the earthquakes occurred.

2.2. Forward Modeling of 3D Models
2.2.1. Model Generation

In the subsurface half-space of 100 km× 100 km× 50 km, a total of 8100 single density
variation anomalies are systematically generated and used as the foundational dataset
for training deep learning models, as shown in Figure 2. Using a 4090 graphics card, an
Intel 19-13900K CPU, and 128 GB of RAM are used to generate the model with MATLAB
2022. The total processing time is 7 min and 6 s. Each density variation anomaly is set as
16 km × 16 km × 8 km. These anomalies are spaced 5 km in x and y directions, and 4 km
vertically in z direction. At each spatial location, 10 distinct density anomalies, ranging
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from −0.5 g/cm3 to +0.5 g/cm3, are generated, ensuring an even distribution of density
variation anomalies in the entire subsurface half-space.

Figure 2. Generation of single density anomaly body. Anomalous body is located at (25, 40, 5) km,
and density variation interval is 0.1 g/cm3.

2.2.2. Model Combination

In this study, a deep learning model training dataset is created. Standard models
with varying numbers of anomalies are selected based on the characteristics of real gravity
changes, rather than simply providing more shapes. This approach ensures that the model
maintains a strong generalization ability and does not lose representativeness due to
overfitting in real-world environments. A three-dimensional density variation anomaly
model is constructed by integrating random selection with spatial constraints, the boundary
test and random offset are used to ensure that the positions of anomalous bodies do not
overlap and do not exceed the subsurface half-space, allowing for realistic and complex
anomaly shape simulations. A diverse and intricate composite model is systematically
developed by selecting multiple anomalies from a pre-generated independent outlier
dataset and superimposing them onto a target composite grid. Using a 4090 graphics card,
an Intel 19-13900K CPU, and 128 GB of RAM the single anomalous body model is combined
into models with 2, 3, and 5 anomalous bodies, respectively. The total processing time is
1 h, 32 min, and 5 s.

Spatial consistency is maintained through the implementation of a placement algo-
rithm that randomly selects offsets within the grid while verifying placement locations to
prevent anomalies overlapping. If a conflict occurs, the algorithm dynamically recalibrates
the positions until a valid configuration is achieved. Additionally, a filtering mechanism is
employed to eliminate density variation anomalies that exceed the mesh size.

The generated anomaly bodies in the x, y, and z spaces exhibit varying characteristics
including positive and negative values, orders of magnitude, spatial positions, and quanti-
ties. The anomalies include single-layer positive density anomalies at a depth of 10 km, as
shown in Figure 3a; two density variation anomaly bodies at a depth of 40 km, as shown
in Figure 3b; and different positive and negative density variation magnitudes, as shown
in Figure 3c,d. Additionally, there are anomaly bodies located at depths of −20 km and
−40 km, as well as more complex anomaly bodies characterized by simultaneous positive
and negative densities, varying magnitudes, and deep differences in Figure 3d. These
anomaly bodies are used as input for model training.
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(a) (b) 

  
(c) (d) 

Figure 3. Density anomaly in subsurface assembly: (a) single density variation anomaly body; (b) two
density variation anomaly bodies; (c) three density variation anomaly bodies; and (d) five density
variation anomaly bodies.

Adopting a batch processing strategy can effectively mitigate memory overflow is-
sues that arise when generating large volumes of data rapidly. This approach addresses
challenges related to computational efficiency and memory management. Furthermore, it
facilitates the generation of combination exceptions within a controlled time frame, thereby
enhancing overall system performance. By dynamically adjusting batch sizes (MATLAB
provides memory commands (Windows only) to monitor available memory; these com-
mands are used to dynamically resize a batch, set a minimum memory threshold of 2 GB,
and release memory when the threshold is reached) and utilizing garbage collection mech-
anisms (when the memory usage is too large to run, the batch size is actively reduced to
run), the method significantly reduces memory consumption and enhances computational
stability, facilitating the efficient processing of large datasets. These strategies ensure the
efficient handling of large datasets while maintaining computational stability.

The resulting composite anomaly model is stored in .npy format for seamless integra-
tion into subsequent analysis pipelines. This approach not only provides a comprehensive
and diverse dataset for training and evaluating deep learning models but also establishes
an advanced framework for constructing complex, high-fidelity data, advancing anomaly
detection and geophysical interpretation.

2.2.3. Data Forward Modeling

The theoretical formulation for the forward computation of gravity anomalies at the
observation point P(x,y,z), corresponding to a single cuboid model element, is presented
as follows:

g = G∑
x

∑
y

∑
z

ρVz
r3 (1)

r =
√
(x− x0)

2 + (y− y0)
2 + (z− z0)

2 (2)

132



Symmetry 2025, 17, 523

where r represents the distance between the observation point P(x,y,z) and the grid center of
gravity (x0,y0,z0), g is the surface gravity value, and G is the universal gravitation constant,
which is approximately 6.67430 × 10−11 m3/kg/s2. P is the density of the anomaly body,
V is the volume of the anomaly body, and z is the depth perpendicular to the surface.

Figure 4 shows the gravitational effects of one, two, three, and five underground
anomaly bodies as calculated using Equation (1), corresponding to Figure 3. We have
established a vertical range for the anomaly bodies that extends 50 km below the surface in
order to ensure the applicability of density variation anomalies within the real-space Moho
surface and above. Using a 4090 graphics card, an Intel 19-13900K CPU, and 128 GB of
RAM accelerates parallel computing using CUDA in python. The total processing time is
11 h, 5 min and 3 s.

 
(a) (b) 

 
(c) (d) 

Figure 4. The surface forward modeling data: (a) the surface gravity effect of a single positive
anomaly body; (b) the surface gravity effect of two positive anomaly bodies with a density difference;
(c) the surface gravity effect of three positive/negative anomaly bodies; and (d) the surface gravity
effect of five distinct density variation anomaly bodies.

When multiple anomaly bodies are present simultaneously with significant depth
disparities, the surface gravity effect of a variation anomaly body characterized by low
density variation may be obscured by the weight force effect from high-value density
variation anomalies at the surface. This phenomenon, illustrated in Figure 4b, occurs when
the distance between two positive density anomalies is small and the magnitude difference
is significant. In this case, surface gravity anomalies generated by smaller anomalies can
be masked by larger ones, which poses considerable challenges for future inversion work
related to our model.

3. Inversion of Network Architecture

Compared to traditional gravity inversion methods, deep learning offers a direct
approach to learning the complex nonlinear mapping between gravity anomalies and
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subsurface density distribution through end-to-end training. This approach eliminates the
need for explicit mathematical modeling or prior assumptions. In this paper, a neural net-
work structure based on U-Net is constructed, which adopts coding–decoding architecture
to hierarchically extract and reconstruct underground density features. By training on a
large dataset of high-precision theoretical models, the network can automatically learn
density distribution patterns under various geological structures and effectively adapt to
complex underground environments.

3.1. The Main Architecture of U-Net

Long et al. introduced the Fully Convolutional Network (FCN) method by transform-
ing the fully connected layers of traditional Convolutional Neural Networks (CNNs) into
convolutional layers, thus enabling end-to-end learning [36]. This innovation significantly
reduces the number of hyper-parameters associated with nodes, enhancing computational
efficiency. Furthermore, it mitigates the data loss typically linked to fully connected layers,
preserving critical information necessary for optimizing output predictions and enabling
accurate and efficient dense pixel prediction.

Building upon U-Net, a well-known convolutional neural network architecture, this
study introduces a novel and streamlined network design that optimizes both computa-
tional efficiency and model performance. Specifically, the proposed architecture reduces
the overall depth of the network and minimizes the number of convolutional channels,
thereby decreasing memory consumption and accelerating training while maintaining high
accuracy in the label classification at the output stage.

A key innovation of the architecture is the removal of traditional skip connections,
which helps speed up the network training process. However, this enhancement comes at
the expense of some fine-grained details, as the attention mechanism prioritizes dominant
spatial features over local variations. Despite this trade-off, the overall performance of the
model benefits from the improved feature representation, resulting in more robust and
stable inversion results.

This study integrates a carefully designed residual module that compensates for the
absence of skip connections by facilitating an effective gradient flow. This modification
directly addresses the gradient vanishing issues that often hinder the training of deep
networks, thereby accelerating convergence and improving stability during optimization.

Moreover, we introduce a spatial attention mechanism to further refine feature extrac-
tion. Unlike conventional convolutional layers that process all spatial features uniformly,
the spatial attention module adaptively highlights important regions, enabling the net-
work to focus on more relevant spatial structures in gravity field inversion. By doing so,
the model can better capture large-scale patterns in the input data, which is crucial for
improving the accuracy of spatial dimension reconstruction.

Additionally, the inclusion of residual modules enhances the network’s nonlinear
approximation capabilities, allowing for a more precise reconstruction of spatial dimensions.
As demonstrated in Figure 5, the proposed network outperforms conventional U-Net-based
architectures, offering a more effective and efficient solution for geophysical applications.

The network is designed to train as much data as possible within a computing resource-
constrained environment. For complex underground structural scenes, training focuses
more on capturing the shapes and spatial locations of anomaly bodies rather than getting
bogged down in intricate details. The incorporation of residual structures effectively
addresses overfitting issues prevalent in small datasets, enhances model generalization
capabilities, and produces smoother results.
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Figure 5. U-net network.

The Conv2D layer in the shortcut path is used to resize the input layer to a different
dimension; in order to achieve the role of the interlayer transfer, the dimension is still
unified. Notably, the Conv2D layer within this shortcut path does not incorporate any
nonlinear activation functions, ensuring that the dimensions align correctly when adding
the values from the shortcut residual block back to the main pathway (similar to the
effect achieved by matrix multiplication with WSW_SWS). This layer applies a linear
transformation to reduce the size of the input, ensuring compatibility with the subsequent
addition steps, as shown in Figure 6 [37].

 

Figure 6. Residual module.

Ultimately, this design aims to enhance training stability and efficiency by mitigat-
ing issues related to vanishing gradients. It seeks to improve training performance and
streamline optimization processes for deep networks. Furthermore, it ensures that the
characteristics of underground anomalies are sufficiently minimized for effective extraction.

Placing the spatial attention mechanism between the encoder and decoder offers
distinct advantages. This design leverages high-dimensional semantic features extracted by
the encoder to further optimize feature distribution through spatial attention mechanisms
prior to entering the decoder [38]. This approach enhances feature representation in critical
regions while mitigating interference from irrelevant areas. Given that the encoder has
already captured rich contextual information, introducing a spatial attention mechanism
at this stage allows for a more precise provision of sensitive features related to the target
region, thereby facilitating detail recovery during the decoding phase. In the context of
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high-precision tasks, such as the 3D reconstruction addressed in this paper, implementing
an attention mechanism before model dimensionality can significantly enhance model
performance, preserve structural compactness, and maximize local feature retention while
ensuring computational efficiency, as shown in Figure 7.

 

Figure 7. Spatial attention mechanism.

3.2. Regularization

In deep learning, the generalization ability of a U-Net network pertains to its predictive
performance on previously unseen data [39,40]. Typically, datasets are divided into training
and test sets, with network generalization assessed via test error metrics. To improve
U-Net’s generalization performance, two key factors must be considered. First, minimizing
loss function values; and second, reducing discrepancies between training errors and test
errors. An excessively high loss function may result in under-fitting, a condition that can
be rectified by adjusting either the U-Net architecture or its training algorithm. Conversely,
a significant gap between the training error and test error indicates overfitting within the
model. For environments involving ample data availability, regularization methods present
an effective solution.

Dropout is a widely employed regularization technique in the training of U-Net mod-
els. It randomly deactivates a subset of neuronal connections during each training iteration,
primarily within the encoders and decoders of the U-Net architecture. This method miti-
gates the model’s reliance on the co-adaptation between specific nodes, thereby simplifying
the model structure and effectively reducing the risk of overfitting [41]. Additionally, Batch
Normalization is frequently employed between convolutional layers in U-Net architectures.
This regularization method serves to stabilize network performance and accelerate model
convergence throughout the training process.

The study employs Dropout and Batch Normalization as regularization techniques,
which are widely recognized for enhancing the generalization capability of neural networks.
This enhancement improves the model’s adaptability to diverse datasets. Consequently,
this approach ensures that our experiments can more accurately process complex surface
gravity data in real geological environments, ultimately leading to improved inversion
results for subsurface density variation anomaly bodies.

3.3. Loss Function

Mean Square Error (MSE) is employed as the loss function to align with the inherent
continuity of underground spatial representations. This selection ensures smooth and
continuous reconstruction by minimizing differences between predicted and true values. In
this implementation, MSE functions as the primary loss metric for quantifying discrepancies
between predicted 3D data (i.e., model output) and target 3D data. Specifically, MSELoss is
computed as follows:

MSELoss =
1
N

N

∑
i=1

(yi − ŷi)
2 (3)
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where yi represents the actual target value (ground truth), and ŷi denotes the target 3D
data in this code. It signifies the predictive output of the model. N indicates the number of
data samples.

This study introduces regional root-mean-square errors to address the disproportion-
ate impact of high-error regions in traditional Root Mean Square Error (RMSE) assessments.
The proposed method enhances the accuracy of the loss function within local contexts by
independently evaluating the performance across sub-regions or subsets. It effectively
mitigates the effects of spatial randomness in the distribution of subsurface anomaly bodies,
where variations in size and location can result in significant errors in certain areas while
causing only minor deviations elsewhere.

RMSEi,j,k =
1

BH × BW × BD
∑BH−1

x=0 ∑Bw−1
y=0 ∑BD−1

z=0

(
Pi,j,k(x, y, z)− Ti,j,k(x, y, z)

)2
(4)

where B represents the unit block of the RMSE calculation, x,y,z represents the length,
width. And depth of each block, Pi,j,k represents the target value of the i,j,k block, and Ti,j,k

represents the predicted output value of the i,j,k block model.

3.4. Algorithm Selection

This study adopts the Adaptive Moment Estimation (Adam) algorithm to enhance
the training process of the 3D underground density reconstruction network. Traditional
Stochastic Gradient Descent (SGD) with a globally uniform learning rate frequently en-
counters challenges [42]. Given that each variable’s dependency on the loss function varies,
inappropriate learning rate settings can lead to a slow convergence for some variables and
oscillations for others. To address this issue, the AdaGrad algorithm adjusts learning rates
individually for each variable, allowing for more precise tuning. However, AdaGrad has a
limitation: the rapid accumulation of squared gradients results in a progressively decreas-
ing learning rate over time, which hinders the model’s ability to reach an optimal solution.

RMSProp improves upon AdaGrad by using an exponentially decaying average of
squared gradients, thereby enabling continuous training and preventing the algorithm
from getting stuck in a local minimum. Building on RMSProp, Adam further incorporates
momentum through the calculation of first-order and second-order moment estimates of
the gradients [43]. This combination provides more robust update directions and helps
stabilize the training process. Thanks to its momentum-enhancing features, Adam not
only stabilizes training but also accelerates the optimization process, making it particularly
effective for large datasets requiring hyper-parameter tuning. With its high computational
efficiency and fast convergence, Adam is especially well-suited for complex 3D network
training tasks.

Simultaneously, the ReduceLROnPlateau method is employed as a dynamic learning
rate adjustment strategy. This approach monitors specific indicators, such as the losses
on validation sets, to determine if they have plateaued during the model training process.
If these monitored metrics do not show significant improvement over a defined period,
the ReduceLROnPlateau mechanism automatically decreases the learning rate, thereby
facilitating the more stable convergence of our three-dimensional inversion model.

3.5. Network Configuration

In this study, the activation function employed is the widely adopted Rectified Linear
Unit (ReLU), as presented in Equation (5). Additionally, an enhanced variant proposed
by Xu et al. is utilized [44]. ReLU is favored for its capability to induce sparsity and
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alleviate the vanishing gradient problem, ensuring rapid convergence and minimizing
computational cost.

fReLu(t) = max(t, 0) (5)

fleakyReLU(x) =

{
x i f x ≥ 0
αx i f x < 0

(6)

For the output layer, the Leaky ReLU function (depicted in Equation (6)) is imple-
mented. This activation function effectively mitigates the dying ReLU issue, facilitating
smooth gradient propagation and enhancing flexibility in capturing nonlinear features,
making it particularly suitable for three-dimensional reconstruction tasks.

To extract features, this study adopts maximum pooling as the pooling strategy.
Compared with average pooling, maximum pooling more effectively highlights salient
features [45], which is essential for retaining critical information during feature extraction.
This method significantly contributes to the construction of underground three-dimensional
anomaly weights.

4. Inversion and Discussions

4.1. Single Anomaly Body Inversion

During each training epoch, the input data were processed by the U-net architecture,
which is based on convolutional neural networks (CNNs). The input images and target
body data were loaded in batches, with each batch containing 32 samples. RMSE losses
were computed for smaller blocks consisting of 10 × 10 × 5 voxels. This block-by-block
comparison with the target data allowed for the quantification of the difference between
the predicted output and the target using the RMSE. This approach reduced computational
requirements while maintaining the accuracy of local data.

4.1.1. Classification Results

A total of 50 epochs were conducted throughout the training process. After each
epoch, training losses, validation losses, and the current learning rate were calculated
and documented. Initially, a modest learning rate of 10−5 was established alongside the
ReduceLROnPlateau learning rate scheduler; this approach entails halving the learning rate
when no further reduction in validation loss occurs. This strategy aims to enhance training
stability while mitigating overfitting risks. Additionally, an early stopping criterion was
implemented during the training process: if there was no significant improvement in the
validation loss for five consecutive epochs, training would be terminated prematurely to
prevent overfitting.

In the training of a single anomaly body, the utilization of the Adam optimizer
markedly accelerates convergence, mitigates fluctuations during training, and substantially
reduces the overall convergence time, as shown in Figure 8a. The model exhibits com-
mendable characteristics throughout the training process: it achieves rapid convergence
within the first five epochs with a significant reduction in the loss function. As training
progresses, by the 10th epoch, the rate of loss declines, plateaus, and the model stabilizes.
By the 30th epoch, the training process is essentially complete, with successful convergence.
Ultimately, the residual error is maintained below 2%, which underscores the model’s
superior fitting capability and provides robust assurance for subsequent applications, as
shown in Figure 8b.
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(a) (b) 

Figure 8. Single model network training: (a) single model training learning rate and (b) single model
network training loss.

4.1.2. Forecast Results

Under the inversion framework based on deep learning, the results obtained from
inverting a single anomaly body demonstrate remarkable effectiveness. In comparison to
traditional inversion methods, deep learning-based approaches exhibit significant advan-
tages. Deep learning models possess the capability to learn complex nonlinear mapping
relationships from extensive training datasets, which enhances their flexibility when ad-
dressing anomaly bodies situated within heterogeneous or intricate backgrounds.

Particularly in environments involving a solitary anomaly body, as shown in Figure 9,
these models can accurately capture the density distribution characteristics of the anomaly
by optimizing the loss function and even detect subtle variations. On the horizontal slice,
there is no diffusion at all, the model size is good, and there is some upward diffusion on
the z direction, but the overall shape and size are intact. This proficiency allows the model
not only to reconstruct the overall structure of the anomaly body but also to maintain a
high level of precision regarding its finer details.

The model demonstrates a commendable performance in both the recovery of form
and the spatial position reconstruction of the anomaly body. It presents a clear and com-
plete geometric structure, with calculated values closely approximating real values and
exhibiting minimal errors. This outcome validates that the model can accurately invert
anomalous bodies under known conditions while maintaining high stability and accuracy,
irrespective of whether the density of these bodies is positive or negative. The recon-
struction results for both positive and negative density anomalies indicate that the model
effectively captures the density distribution characteristics associated with different types
of anomaly bodies, thereby circumventing the reliance on specific density intervals typical
of traditional methods. In contrast to conventional gravity inversion techniques, deep
learning models do not depend on prior simplified assumptions; instead, they adaptively
learn complex feature distributions related to both positive and negative anomalies through
training. This inherent flexibility not only enhances their efficacy in detecting individual
positive and negative anomaly bodies but also lays a robust foundation for addressing
intricate geological challenges involving abnormal bodies with diverse properties in future
research. Overall, the deep learning-based inversion model exhibits significant flexibility
and adaptability. It efficiently identifies both the nature and spatial distribution of singular
abnormal entities while simultaneously offering theoretical possibilities for subsequent
inversions involving multi-density structures as well as actual surface gravity data.
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(d) (e) (f)  

Figure 9. Inversion results: (a) single positive density variation anomaly body, anomalous bodies
exhibiting density variation of 0.5 g/cm3, and center situated at (60, 60, −32) km; (b) horizontal
slice of inversion results in (a), and slice position is z = −30 km; (c) vertical slice of inversion result
in (a), and slice position is at x = 60 km; (d) single negative density variation anomaly body, and
anomalous bodies exhibiting density variation of −0.5 g/cm3 and center situated at (60, 60, −32) km;
(e) horizontal slice of inversion results in (d), and slice position is at z = −30 km; (f) vertical slice of
inversion result in (d), and slice position is x = 60 km.

4.2. Inversion of Multiple Classified Anomaly Bodies

In this study, datasets containing varying numbers of anomalies (1, 2, 3, and 5) were
combined to generate a total of 32,000 forward and inverse models with different anomaly
counts (8000 of each type). The approach was employed to evaluate the robustness of
the network across diverse model configurations and to assess the performance of com-
plex models. The block RMSE loss function was utilized during network training. The
primary objective was to enable the model to accurately predict anomalies within three-
dimensional data.

During each training epoch, the input data were processed by the U-Net architecture,
which is based on convolutional neural networks (CNNs). The input images and target
body data were loaded in batches, with each batch containing 96 samples. RMSE losses
were computed for smaller blocks consisting of 10 × 10 × 5 voxels. This block-by-block
comparison with the target data allowed for the quantification of the difference between
the predicted output and the target using the RMSE. This research seeks to enhance the
predictive accuracy for anomalies present in three-dimensional datasets while managing
computational efficiency through localized error calculations. The inversion of the standard
model for complex subsurface anomaly bodies was achieved.

4.2.1. Classification Result

A total of 50 epochs were conducted during the multiple anomaly bodies training
process. After each epoch, the training losses, validation losses, and current learning
rate were calculated and recorded. Initially, a small learning rate of 10−5 was set, and
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the ReduceLROnPlateau learning rate scheduler was employed. When the validation
loss ceased to decrease, the learning rate was halved. This strategy aimed to enhance
training stability and mitigate overfitting. Additionally, an early stopping criterion was
implemented during the training process: if there was no significant improvement in the
validation loss for five consecutive epochs, training would be terminated prematurely to
prevent overfitting.

During the training process, the Adam optimizer significantly enhances the conver-
gence rate of the model, minimizes fluctuations during training, and substantially reduces
the time required for convergence, as shown in Figure 10a. The model exhibits favorable
training characteristics: it achieves rapid convergence within the first 10 epochs with a
marked decrease in the loss function. As training progresses, the rate of decline in the loss
function stabilizes, and the model reaches stability by the 30th epoch. By the 40th epoch,
the training process is essentially complete, and the model successfully converges. The
final residual error of the model is maintained below 5%, demonstrating its superior fitting
performance and establishing a robust foundation for subsequent applications, as shown
in Figure 10b.

  
(a) (b) 

Figure 10. Combinatorial model network training: (a) combinatorial model training learning rate
and (b) combinatorial model network training loss.

4.2.2. Forecast Results

1. Two anomalies

A two anomaly body characterized by significant differences in burial depth is em-
ployed to evaluate the model. This design aims to simulate the features of geological
anomalies at varying depths, thereby allowing for a comprehensive assessment of the
model’s adaptability in addressing complex variations in burial depth. The combination
of high and low buried depth differences effectively verifies the sensitivity and inver-
sion accuracy of the model, providing a solid foundation for the further optimization of
the algorithm.

The inversion results of the model are commendable, as shown in Figure 11. As it
accurately restores the primary geometric features, the two anomalous bodies have no
diffusion, size, and range inversion effects in the horizontal direction and the z direction
is good. Regarding positional accuracy, the inversion model effectively captures both the
horizontal and vertical positions of these anomalies, with depth errors maintained within a
minimal range. This demonstrates the model’s superiority in spatial analytical capabilities.
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(d) (e) (f)  

Figure 11. Inversion results of two anomaly bodies: (a) Two positive density variation anomaly bodies,
characterized by density variations of 0.2 g/cm3 and 0.5 g/cm3, respectively. First body is centered
at coordinates (45, 45, −35) km and second body is centered at (80, 80, −20) km; (b) horizontal slices
of inversion results in (a) and slices’ positions are at z = −35 km and z = −20 km; (c) vertical slices of
inversion result in (a), and slices’ positions are at x = 45 km and x = 80 km; (d) density (a) forward
surface data; (e) inversion results of surface gravity data; and (f) residuals of (d,e).

In terms of density distribution characteristics, the inversion results provide detailed
insights into the internal structure and boundary changes in both anomalies. The transition
between density values for these anomalies and their surrounding background is remark-
ably smooth. Furthermore, the characterization of boundaries for each anomaly body is
distinctly clear, indicating that the input data have been well restored by the model.

It is noteworthy that not only do these inversion results accurately recover both
the shape and relative positioning of the two anomaly bodies, they also reveal potential
patterns regarding their underground interaction characteristics. For instance, a gradual
change in relative density gradients between these two bodies suggests that the model
can sensitively detect anomaly signal characteristics even within complex environments.
Additionally, a satisfactory resolution at depth ensures the preservation of fine structures
within both anomaly bodies in a vertical context—providing an effective reference for
multi-layer geological body inversions in intricate settings.

In the process of verifying the inversion results, it was observed that the residuals
remain stable within ±5 μGal when comparing ground gravity observations with values
generated by the inversion. Furthermore, the distribution of these residuals is uniform, ex-
hibiting no significant systematic bias or concentrated areas of error. This strongly indicates
that the model’s inversion results possess a robust capability to accurately represent the
ground gravity signal, demonstrating a high degree of consistency between observation
and simulation data. Such findings further validate both the physical binding force and
stability inherent in the model. Additionally, the smooth distribution observed in the
residual region suggests that the inversion process effectively mitigates the unnecessary
amplification of noise, thereby minimizing its impact on the result accuracy.
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2. Three anomaly bodies

When testing complex model tests involving three anomaly bodies, a scenario was
designed that incorporated both positive and negative anomalies while preserving the
depth variations among them. The design not only increased the data diversity but also
introduced more challenging targets, thereby substantially enhancing the complexity of the
inversion process. This approach was intended to comprehensively evaluate the model’s
adaptability to complex geological structures.

The model exhibits a strong capacity for reverse signal capture, as shown in Figure 12.
The abnormal body with density variations of −0.2 g/cm3 and +0.2 g/cm3 in the shal-
low layer has no diffusion and deformation in its contour boundary and its value in the
horizontal direction and depth direction. The abnormal body with a density variation of
+0.3 g/cm3 in the deep layer has a certain diffusion boundary deformation ambiguity due
to the influence of the abnormal body with a relatively close horizontal distance in the
shallow layer, but the overall shape and value are correct. The model accurately restores the
characteristics of both positive and negative anomaly bodies while effectively representing
the main geometric features, depth distribution, and density variation anomalies within the
subsurface model over time. Regarding positional accuracy, the inversion model success-
fully captures both horizontal and vertical positions of the three anomalies; furthermore,
the depth errors are maintained within a minimal range—highlighting the superiority of
this model in spatial analytical capabilities.

   
(a) (b) (c)  

   
(d) (e) (f)  

Figure 12. Inversion results of three anomaly bodies: (a) Three positive density variation anomaly
bodies, characterized by density variations of −0.2 g/cm3, 0.2 g/cm3, and 0.5 g/cm3, respectively.
First body is centered at coordinates 24, 24, −10 km, and second body is centered at 50, 60, −12 km.
Third body is centered at 64, 64, −42 km; (b) horizontal slices of inversion results in (a), and slices’
positions are at z = 10 km and z = −42 km; (c) vertical slices of inversion result in (a), and slices’
positions are at x = 30 km, x = 48 km, and x = 70 km; (d) density (a) forward surface data; (e) inversion
results of surface gravity data; and (f) residuals of (d,e).
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Concerning the density distribution characteristics, the inversion results provide
detailed insights into the internal structures and boundary changes associated with the
three anomalies. The transition between the density values among these anomalies and
their surrounding background is smooth without any abrupt shifts or abnormal high/low
density readings. Additionally, while there is a minor overflow observed locally at certain
points the overall shape stability is preserved, thus ensuring that input data models are
restored effectively.

In the process of verifying the inversion results, the residuals remain stable within
±2 μGal when comparing ground gravity observations with the values generated by the
inversion. The distribution is uniform, exhibiting no significant systematic bias or concen-
trated areas of error. The model demonstrates an enhanced performance in environments
where both positive and negative density signals are present, resulting in a surface residual
that is lower than that observed for the two anomaly bodies.

The random introduction of three outliers adds complexity to the verification process
by incorporating both positive and negative values along with deep differences. This
effectively showcases the model’s superior capability in handling complex environments.
The findings indicate that the model not only sensitively captures subtle features within
intricate scenes but also maintains an excellent performance amidst variations in depth and
noise suppression. These attributes establish a robust foundation for the extensive applica-
tion of this model in practical geological exploration, further validating its effectiveness
and applicability for multi-objective and multi-level geological body inversion tasks.

3. Five anomaly bodies

In the complex density variation model test involving five anomaly bodies, a carefully
designed scenario was established in which both positive and negative anomaly bodies
coexisted, thereby comprehensively assessing the model’s adaptability to intricate and
realistic geological structures. This design not only enhances data diversity but also presents
a more challenging target for analysis. Particularly, when confronted with both positive and
negative anomalies alongside varying signal gradients within the region, the complexity of
inversion is significantly heightened.

The test results indicate that the model’s recognition capability remains exceptional
even in complex situations, as shown in Figure 13. From −5 km near the surface to −40
km below the deep layer, the lowest density variation in the anomalous body is −0.5
g/cm3, and the largest density variation is 0.4 g/cm3, and the density variation is not as
significant as −0.1 g/cm3, which achieves the inversion effect. The shape boundary of
the deepest anomalous body is fuzzy, but the shape integrity is still accurate. For positive
anomalies, the density distribution effectively highlights high-value regions, while for
negative anomalies, the inversion results accurately restore both the depth and extent
of low-value areas. This demonstrates that the model can adeptly manage differences
between positive and negative densities while maintaining high accuracy and preventing
diffusion or the blurring of edge values. The precise inversion of both positive and negative
density characteristics further substantiates its performance potential when dealing with
multi-source heterogeneous signals in intricate geological contexts.

Moreover, it is noteworthy that the model exhibits a commendable resolution in verti-
cally inverted high and low anomaly bodies. Particularly, within environments involving
deep structural anomalies, variations in high and low-density gradients are meticulously
restored, with corresponding transition zones exhibiting a remarkable degree of conti-
nuity. This level of detail underscores the model’s ability to sensitively capture minor
structural changes along the vertical axis while providing an extensive characterization
across multiple geological layers.
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Figure 13. Inversion results of five anomaly bodies: (a) three positive density variation anomaly
bodies, characterized by density variations of 0.4 g/cm3, 0.4 g/cm3, −0.1 g/cm3, −0.3 g/cm3, and
−0.5 g/cm3, respectively. First body is centered at coordinates 12, 48, −40 km, second body is
centered at 78, 32, −18 km, third body is centered at 50, 16, −10 km; fourth body is centered at 80, 78,
−16 km; fifth body is centered at 48, 64, −42 km; (b) horizontal slices of inversion results in (a), and
slices’ positions are at z = −4 km, z = −15 km, and z = −40 km; (c) vertical slices of inversion result
in (a), and slices’ positions are at x = 20 km, x = 48 km, and x = 72 km; (d) density (a) forward surface
data; (e) nversion results of surface gravity data; and (f) residuals of (d,e).

A performance worthy of in-depth analysis is observed in the intersection region of the
anomaly bodies characterized by drastic density changes. In this context, the model demon-
strates remarkable resilience against signal mixing, effectively delineating the boundaries
of each independent anomaly body with a high degree of stability. Despite these complex
conditions, the model maintains an impressive level of attention to local details, indicating
that its structural design is adept at managing various regional disturbances. Moreover,
the model exhibits both stability and adaptability across different testing environments, in-
cluding environments involving random arrangements of positive and negative anomalies
as well as unique distributions characterized by varying elevations. This flexibility enables
it to address inversion requirements in straightforward situations while consistently de-
livering reliable results under more intricate conditions. Additionally, these experiments
unveil potential expansion capabilities within the model framework, thereby supporting
future practical applications in multi-domain geological inversion.

In summary, this study validated the model through randomly generated five anomaly
bodies featuring unequal positives and negatives alongside alternating high and low lev-
els. The inversion outcomes reaffirmed both the adaptability and accuracy inherent in
this methodology; it exhibited exceptional sensitivity in feature detection while maintain-
ing stability and precision when addressing complex geological structures. Collectively,
these test results establish a robust foundation for practical applications in geological
inversion and further substantiate the efficacy of this approach when confronted with
challenging environments.
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5. Model Application and Verification

The gravity measurement data around the Longshoushan fault zone, collected from
2020 to 2021 by the Gravity Branch of the China Earthquake Administration, were subjected
to inversion analysis, by integrating these data with the tectonic dynamic background of
the northeastern margin of the Qinghai–Tibet Plateau [46]. We conducted a comprehensive
analysis of density fluctuations and subsurface attributes preceding seismic events, thereby
substantiating the practical applicability and intrinsic value of our model. According to
information from the USGS, the Menyuan MS 6.9 earthquake in 2022 occurred in a region
characterized by long-term, left-lateral, and strike-slip shear and vertical uplift, with a focal
depth of 15 km. The inversion results indicated significant density variation anomalies
at various depths within the study area. The observation area spans 100 km × 100 km,
while the surface gravity data interpolation is conducted at a resolution of 1 km × 1 km,
aligning with the input parameters for our model. The subsurface was divided into cuboid
units measuring 100 km × 100 km × 50 km, each unit being sized at 1 km × 1 km × 1 km.
High-precision inversion research was conducted utilizing the U-Net network framework.
The distribution pattern of residual errors within experimental data indicates that the
peak values for surface gravity residual errors reach up to 15 μGal but progressively
decrease from peripheral areas towards the center of the investigation. In proximity to
the epicenter, residual errors fall below 5 μGal—well within acceptable limits—and exert
minimal influence on the interpretations regarding underground structures in this region.
This observation underscores that our model possesses strong regional focusing capabilities
which effectively diminish secondary interference while minimizing impacts from external
density variation anomalies on local inversions within our study area. However, in practical
applications, the influence of density anomalies outside the region introduce interferences,
leading to a poor spatial edge effect in the trained model and a slight reduction in the
overall accuracy. Meanwhile, the limitations of single gravity inversion, such as poor shape,
also exist in deep learning inversion. Overall, this network demonstrates high accuracy and
adaptability when detecting large-scale anomalies as well as complex subterranean features.

Based on the available data, the U-Net network employed in this study was utilized
to conduct the inversion analysis of the target region. A significant positive density
anomaly of 0.2 g/cm3 was identified at depths of 20–30 km northwest of the Tolai Mountain
fault zone. In contrast, a negative density anomaly of 0.3 g/cm3 was detected at depths
ranging from 15 to 25 km southeast of the Lenglongling fault zone. These anomalies
are horizontally distributed and parallel along their respective fault zones, with stress
effects aligning with the orientations of these faults. This alignment exhibits a strong
consistency with the left-lateral strike-slip characteristics observed by the USGS during
the Menyuan MS 6.9 earthquake event at a focal depth of 15 km. Figure 14d illustrates
the distribution of 20 km underground sections, faults, and earthquake aftershocks in
the epicentral area. The distribution of earthquake aftershocks was consistent with the
inversion results. By relying on the spatial relationship between fault zones and density
changes, the U-Net-based inversion results effectively explain pre-earthquake gravity
variations. Additionally, the distribution of density changes correlates with the strike of
the Lenglongling fault zone, showing an increase on the northwest side and a decrease
on the southeast side of the epicenter. These findings align with the focal mechanism
solution and epicenter shift reported by Dai et al., as well as the spatial extent of major
aftershock distributions [47]. Furthermore, regional gravity anomalies reveal fluctuating
characteristics in the Moho surface, indicating substantial changes at approximately 50 km
of depth. The results demonstrate that the enhanced U-Net network successfully captures
complex gravity signals while significantly reducing secondary interference, showcasing
robust generalization capabilities across diverse geological contexts. This provides reliable
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technical support and valuable tools for investigating density variations and intricate
subsurface structures.

    
(a) (b) (c)  

    
(d) (e) (f)  

Figure 14. Gravity anomaly and underground structure: (a) measured gravity anomalies within
100 km of gate source, × is the aftershock and the red hemisphere is the main shock; (b) inversion
results of measured gravity anomalies within 100 km of gate source; (c) residuals of (a,b); (d) earth-
quake with respect to fault location and underground 20 km density changes abnormally, and black
cross is Menyuan aftershock of MS6.9 earthquake, red star represents MS6.9 earthquake, TLS is
Tuolaishan fracture, MY-DMY is Minle-Damaying fracture, LLL is Lenglongling fracture; (e) vertical
slice of inversion result in (a); and (f) horizontal slices of inversion results in (a), and black dot is
Menyuan MS6.9 earthquake.

In summary, this study demonstrates the feasibility of applying the U-Net-based
gravity anomaly inversion approach in real-world geological investigations. The improved
network effectively captures complex gravitational signatures, mitigates secondary influ-
ences, and effectively generalizes across diverse subsurface environments, providing robust
support for practical geological challenges.

6. Conclusions

In this study, the U-Net network model is employed for the inversion of underground
anomaly bodies. Compared with traditional seismic inversion methods, this model can au-
tomatically extract features from a broad range of gravity anomaly data, thereby eliminating
the reliance on manual feature extraction and prior assumptions inherent in conventional
approaches. This capability significantly enhances both the efficiency and flexibility of the
inversion process, making it particularly well suited for complex geological environments.

1. During the theoretical model testing phase, a RMSE loss function based on partition
calculations is introduced. This method takes into account the spatial distribution
characteristics of underground anomaly bodies and effectively optimizes inversion
accuracy.
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2. In model tests, not only are the shape, size, and boundaries of subsurface anomalies
accurately constrained, but also the residual gravity from the surface flow is main-
tained below 5 μGal. These results further validate both the feasibility and superiority
of using U-Net networks for gravity anomaly inversion.

3. In practical applications, U-Net networks have successfully addressed inversion chal-
lenges in geological contexts, as demonstrated by their ability to identify underground
density variation changes preceding the Menyuan MS 6.9 earthquake. The focal depth
matches the one produced by the USGS while keeping surface gravity residuals
within 15 μGal. Additionally, the distribution and focal mechanisms of aftershocks
are consistent with those obtained using other researchers’ GNSS methods, thereby
demonstrating U-Net’s capability in addressing non-unique gravity inversion issues.

Whether in theoretical testing or real-world earthquake case studies, U-Net networks
have proven to be accurate and robust for gravity anomaly inversion, offering innovative
methodologies for exploring density changes in complex geological environments.
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Abstract: In the design of fluid systems, rapid iteration and simulation verification are
essential, and reduced-order modeling techniques can significantly improve computational
efficiency and accuracy. However, traditional Physics-Informed Neural Networks (PINNs)
often face challenges such as vanishing or exploding gradients when learning flow field
characteristics, limiting their ability to capture complex fluid dynamics. This study presents
an enhanced reduced-order model (ROM): Physics-Informed Neural Networks based on
Residual Networks (Res-PINNs). By integrating a Residual Network (ResNet) module into
the PINN architecture, the proposed model improves training stability while preserving
physical constraints. Additionally, the model’s ability to capture and learn flow field states
is further enhanced by the design of a symmetric parallel neural network structure. To eval-
uate the effectiveness of the Res-PINNs model, two classic fluid dynamics problems—flow
around a cylinder and Vortex-Induced Vibration (VIV)—were selected for comparative
testing. The results demonstrate that the Res-PINNs model not only reconstructs flow field
states with higher accuracy but also effectively addresses limitations of traditional PINN
methods, such as vanishing gradients, exploding gradients, and insufficient learning capac-
ity. Compared to existing approaches, the proposed Res-PINNs provide a more stable and
efficient solution for deep learning-based reduced-order modeling in fluid system design.

Keywords: fluid system; Res-PINNs; flow around a cylinder; vortex-induced vibration

1. Introduction

Modeling and simulation (M&S) of fluid systems involve using computational tech-
niques to represent the varying states and key behavioral characteristics of fluids. By
solving system model equations through computer simulations, detailed information such
as velocity fields, pressure distributions, and temperature distributions can be obtained.
This approach enables iterative validation, performance testing, and identification of po-
tential issues in the design system without the need for physical experiments, thereby
enhancing safety and reliability. However, in computational simulations, spatial flow
field regions are typically discretized using grids. Increasing the number of grids signif-
icantly raises computational costs. Moreover, due to the complexity of fluid dynamics
equations—especially in cases involving complex fluid behaviors like multiphase flows and
turbulence—more computational resources are required, making it challenging to achieve
rapid solutions for fluid problems [1,2]. Consequently, ROM methods are necessary to
accelerate simulation speed and reduce the complexity of solving fluid dynamics problems.

ROM is a well-established method for reducing computational time, proposed sev-
eral years ago [3]. ROM simplifies the original system into a lower-order system that
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retains key behaviors and characteristics, thereby decreasing computational resources and
increasing efficiency while accurately capturing the system’s dynamic behavior. Proper
Orthogonal Decomposition (POD) and Dynamic Mode Decomposition (DMD) are the most
conventional ROM methods that help to lower computational costs while maintaining
sufficient accuracy [4] and have been widely applied in related fields. In recent years,
with the significant improvements in computational power, Artificial Intelligence (AI) tech-
niques such as deep learning (DL) have been extensively applied to surrogate modeling
and ROM [5]. Deep-learning methods effectively reduce the dimensionality of system
models, reconstructing high-dimensional model characteristics into lower-dimensional
features, thus enabling more efficient system simulation and analysis. These methods
are now widely used across multiple engineering fields, such as aerospace [6], materials
engineering [7], and structural engineering [8], demonstrating substantial advantages. For
example, Halder [9] successfully used a Recurrent Neural Network (RNN) model to predict
the force at the next time step based on the current aileron motion state in a wing-gust and
aeroelastic interaction system, proving the effectiveness of DL in dynamic system modeling.
Similarly, Zhang [10] utilized a Deep Neural Network (DNN) to predict force variations
in a vortex-induced vibration system given fluid parameters and boundary conditions,
further validating the potential of DL in complex fluid dynamics problems. Additionally,
Li [11] employed a Long Short-Term Memory (LSTM) network to capture the dynamic char-
acteristics of airfoil pitching and plunging systems in transonic flow across multiple Mach
numbers, enabling rapid acquisition of force and motion responses, and demonstrating
its value in various flow states. Despite the significant progress achieved by DL methods
in surrogate modeling for fluid dynamics and structural engineering, these approaches
typically reconstruct only partial information about the flow field state. For more complex
simulation problems, such as fluid control or fluid–structure interactions, it is necessary
to fully reconstruct the entire flow field state, as it represents essential parameters for
the system’s response. Furthermore, due to the inherently “black-box” nature of neural
networks, which lack explicit constraints based on physical laws, there are limitations in
objectively describing physical phenomena.

To enhance the interpretability of DL models, Raissi et al. [12] proposed a PINN frame-
work that embeds Partial Differential Equations (PDEs) or other differential equations
directly into the neural network. PINNs integrate physical equations into the neural net-
work, ensuring that the model learns not only from data but also remains consistent with
the underlying physical laws, driven by both data and physical equations [13]. When simu-
lating fluid system problems, the governing equations of fluid dynamics can be embedded
into the neural network as prior knowledge. The model can then utilize spatiotemporal
discrete data of flow field states and structural movements to reconstruct the changes in
flow fields and structural responses [14]. Currently, substantial research has been con-
ducted worldwide using PINN models to address fluid dynamics problems. For instance,
Bararnia [15] extended the application of PINN to solve problems involving viscous and
thermal boundary layers. They selected three benchmark problems for thermal boundary
layers and explored the impact of equation nonlinearity and unbounded boundary con-
ditions on adjusting the network’s width and depth to obtain reasonable solutions. Tang
et al. [16] proposed a transfer learning-enhanced PINN that reconstructs flow field and
structural information using varying numbers of training sets. They also introduced a step-
wise iterative training strategy to train the PINN model, effectively reducing the model’s
dependence on large datasets and lowering training costs. Similarly, Arzani et al. [17]
combined mathematical equations of blood flow with measurement data, using PINN to
reconstruct near-wall blood flow and wall shear stress in arterial flow. However, when
applying PINN to ROM, gradient vanishing or exploding problems frequently occur. These
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issues often arise because the physical constraints—such as PDEs—embedded into the
loss function during network training can introduce diversity and complex nonlinearities.
This causes the gradient of the loss function to exhibit extremely large or small variations
in certain regions. Additionally, when dealing with high-dimensional physical problems,
the network may need to learn complex nonlinear mappings. The characteristics of these
high-dimensional problems make neural networks prone to falling into “flat regions” or
“saddle points”, leading to vanishing gradients, or encountering regions with extreme
variations, resulting in sudden large increases in gradients. Consequently, the network fails
to accurately learn from the data, leading to unsatisfactory results. Moreover, this increases
both the training time and computational costs.

To address the aforementioned challenges, this study proposes PINNs based on resid-
ual modules, named Res-PINNs. The approach begins by designing a parallel neural
network grounded in the concept of symmetry, which transmits sparse spatiotemporal
state information of the flow field—divided across different dimensions—into the network.
This improves both the accuracy and stability of the model when tackling complex prob-
lems. Additionally, residual neural network modules are incorporated into the model to
mitigate gradient vanishing or explosion issues during training, thereby enhancing the
reconstruction accuracy of high-dimensional flow field states and enabling more precise
capture of the flow dynamics. To assess the effectiveness of the proposed model, it was
applied to classical fluid dynamics problems, including flow around a cylinder and VIV.
The results demonstrate that the model not only alleviates the gradient vanishing and
explosion problems commonly encountered in traditional PINN training, but also achieves
a more accurate flow field reconstruction. This substantially improves the model’s overall
performance and generalization capability. The proposed approach enriches ROM methods
and provides a fresh perspective on fluid system modeling and simulation. In comparison
to existing research, this study makes three key contributions: (1) Embedding ResNet
modules into the PINN framework: The study introduces ResNet modules into the PINN
framework to address gradient vanishing and explosion issues during training, thereby
enhancing the model’s stability and reliability. (2) Utilizing a parallel neural network
architecture: This study adopts a symmetric parallel neural network architecture, which
comprehensively learns data across multiple dimensions, improving the accuracy of the
Res-PINNs model’s reconstruction and reducing errors. (3) Application to classical fluid
dynamics problems: The Res-PINNs model is applied to classical fluid dynamics prob-
lems, such as flow around a cylinder and vortex-induced vibration, in the development of
ROM for various scenarios. This application not only validates the model’s applicability
and effectiveness but also provides an innovative solution for spacecraft system design,
simulation validation, and iterative optimization, with significant practical implications.

2. Materials and Methods

This section will provide a detailed overview of the fundamental concepts related to
the PINN neural network model, as well as the proposed model and its improvements in
this study.

2.1. Neural Network Model

Neural network models, with their powerful nonlinear mapping and feature extraction
capabilities, can approximate any bounded continuous function to arbitrary precision, as
stated by the universal approximation theorem. This capability reduces the complexity of
the original function, providing an effective approach for establishing ROM of systems.
Among these models, the Fully Connected Neural Network (FCNN) is the most classical
structure. An FCNN primarily consists of an input layer, an output layer, and one or
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more hidden layers. The neurons in these layers, along with their interconnections, form a
directed graph representing the neural network:

zl = fl(Wl
Tzl−1 + bl) (1)

In this context, Zl represents the l-th hidden layer, while Wl and bl denote the weight
matrix and bias vector for the l-th layer, respectively. The function fl represents the nonlinear
activation function, with common choices including the Rectified Linear Unit (ReLU)
function, the sigmoid function, and others. The activation function’s purpose is to transform
a linear equation into a nonlinear one, thereby enhancing the expressiveness of the neural
network and improving its ability to handle nonlinear problems. Neural network models
require training only on the weight and bias parameters, which reduces computational cost
while maintaining the accuracy of the results, thus providing an approximate solution for
complex problems.

When solving problems using a neural network, a black-box model is typically con-
structed to map the input-output relationship. The solving process can be represented
as follows:

U(x, t, θ) ≈ •
U(x, t, θ) = zl(x, t, θ, W, b) (2)

Here, θ represents the parameters in the equation that need to be trained, U(x, t, θ)

denotes the exact or true outcome, and
•
U(x, t, θ) represents the result computed by the

neural network. This result is obtained by minimizing the loss function, which can be
expressed as follows:

L(W, b) = 1
N |U(x, t, θ) − zl(x, t, θ, W, b)|2

W∗, b∗ = argmin
W,b

L(W, b)
(3)

Here, L(W, b) represents the loss of the training data, W∗, b∗ denotes the weights
and biases that need to be optimized during the neural network training process, and N
indicates the number of training data samples.

Although FCNNs have strong nonlinear representation capabilities and can learn
complex nonlinear problems, increasing the model’s depth often leads to issues such as
vanishing or exploding gradients. These problems cause network degradation during
the later stages of training, making it difficult for the network to converge to an optimal
solution. To address these challenges, He et al. [18] proposed the ResNet model, which
achieved a breakthrough in training a very deep neural network, with hundreds of layers,
by embedding shortcut connections into the FCNN structure. These shortcut connections
allow the model to bypass one or more layers, enabling gradients to flow more easily
through the network and mitigating the vanishing or exploding gradient problem. As a
result, ResNet models can maintain training stability and improve performance even at
significant depths.

The core of the ResNet model is its residual structure, as illustrated in Figure 1, which
shows the output after passing through two hidden layers. In this structure, the input
is defined as x, and the output as H(x). The shortcut connection a key component of
the residual structure adds the input of the network directly to the output obtained after
passing through the hidden layers. This output is then processed by an activation function.
This design significantly alleviates the issues of vanishing and exploding gradients during
training, providing a more robust foundation for the model’s learning accuracy and con-
vergence. By allowing the gradients to flow more easily through the network, the shortcut
connections enable deeper networks to be trained more effectively. The introduction of
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ResNet has opened new directions for the development of deep neural networks, providing
a powerful solution to the challenges encountered when training very deep networks.

Figure 1. Structure of the ResNet neural network.

2.2. PINN Model

The PINN model is a type of neural network that incorporates physical knowledge into
its framework, as shown as Figure 2. It enhances problem-solving capabilities by adding a
physics-based loss function term to the data loss function of an FCNN. This additional loss
term is derived from physical equations, ensuring that the predictions made by the neural
network conform to the laws of physics during training. In the study of transient fluid flow
characteristics, the PINN can reconstruct changes in the flow field state by updating the
neural network with additional fluid control equations. This approach enables the network
to account for the underlying physics governing fluid dynamics, leading to more accurate
and physically consistent predictions. Its loss function can be defined as follows:

LPINN(W, b) = λDATALDATA + λICLIC + λBCLBC + λEQLEQ

LIC =
1

NIC

NIC
∑

n=1

∥∥∥∥Un −
•

Un

∥∥∥∥
LBC =

1
NBC

NBC
∑

n=1

∥∥∥∥Un −
•

Un

∥∥∥∥
LDATA =

1
NIC

NDATA
∑

n=1

∥∥∥∥Un −
•

Un

∥∥∥∥
LEQ =

1
Nr

Nr
∑

n=1
‖ rn‖

(4)

u ve
x y

∂ ∂= +
∂ ∂

u u u p u ue u v
t x y x Re x y

∂ ∂ ∂ ∂ ∂ ∂= + + + − +
∂ ∂ ∂ ∂ ∂ ∂

v v v p v ve u v
t x y y Re x y

∂ ∂ ∂ ∂ ∂ ∂= + + + − +
∂ ∂ ∂ ∂ ∂ ∂

PINN DATA DATA IC IC BC BC EQ EQL L L L Lλ λ λ λ= + + +

Figure 2. Structure of the PINN neural network model.

Here, λDATA, λIC, λBC, λEQ represents the coefficients for the loss functions corre-
sponding to the different components, such as the training data, initial conditions, boundary
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conditions, and the physical knowledge equation. These coefficients determine the relative
importance of each component in the total loss function. NR, NIC, NBC, NDATA denotes the
training data for the different terms, which may include observed values or measurements

that the neural network aims to learn from UN ,
•
UN represents the exact or true results, as

well as the results predicted by the neural network model. The difference between these
two is minimized during training to improve the model’s accuracy. rn indicates the residual
of the r-th physical knowledge equation at the n-th data point.

While the PINN offers a promising approach for constructing an ROM of fluid systems,
it often encounters network “degradation” during training [19]. This degradation occurs
because the physical constraints involved typically exhibit high diversity and complex
nonlinear characteristics, which can cause sharp fluctuations in the gradients of the loss
function in certain regions, resulting in extreme maxima or minima. Such fluctuations can
destabilize the gradients, leading to issues like vanishing or exploding gradients during
the training process. Moreover, when dealing with high-dimensional physical problems,
the PINN must learn complex nonlinear mappings, further increasing the difficulty of
training. The nature of these high-dimensional problems makes the neural network prone
to “flat regions” or “saddle points”, where the gradient values are very small or nearly
zero, preventing the model from effectively learning the critical features of the input
data. Conversely, in regions where the gradients suddenly increase, the model may over-
adjust its parameters, leading to inaccurate learning outcomes. These phenomena not only
reduce the model’s accuracy and stability but also significantly increase training time and
computational costs. Therefore, to enhance the performance of PINNs, effective strategies
must be employed to mitigate these challenges.

2.3. Res-PINNs Model

To effectively address the problem of performance degradation during neural network
training and to achieve comprehensive and accurate extraction of flow field state infor-
mation, this study proposes a multidimensional parallel PINN neural network, termed
Res-PINNs. This model is based on the integration of the PINN and the ResNet model. The
overall framework of the network structure is illustrated in Figure 3.

u ve
x y

∂ ∂= +
∂ ∂

u u u p u ue u v
t x y x Re x y

∂ ∂ ∂ ∂ ∂ ∂= + + + − +
∂ ∂ ∂ ∂ ∂ ∂

v v v p v ve u v
t x y y Re x y

∂ ∂ ∂ ∂ ∂ ∂= + + + − +
∂ ∂ ∂ ∂ ∂ ∂

loss DATA DATA IC IC BC BC EQ EQL L L L Lλ λ λ λ= + + +

Figure 3. Structure of the Res-PINNs neural network.
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According to the findings of Jagtap [20], segmenting the training data can reduce the
overall loss function value, allowing for better extraction of flow field features and more
accurate predictions of system changes. Inspired by previous studies, this study proposes
an innovative architecture based on a symmetric parallel neural network to address the
challenges posed by the complexity of flow field data. The network structure consists of
three symmetric parallel neural networks, each responsible for processing flow field data at
different dimensional levels: low, middle, and high. This symmetric network design effec-
tively avoids the computational cost and time overhead associated with training large-scale,
high-dimensional data simultaneously, while significantly enhancing the stability and ro-
bustness of the model during training. During the training process for each dimension, the
individual neural networks operate independently. Thus, if one network encounters issues
such as gradient vanishing or explosion, the other networks can continue training normally,
preventing problems in one dimension from negatively affecting the entire model. To
further optimize data processing, this study employs a Random Split (RS) algorithm to par-
tition the spatial grid coordinates. The RS algorithm introduces randomness in partitioning
by generating random indices based on a specified seed, which effectively reduces potential
patterns or sequences in the data that could interfere with model training. In this study,
the inflow velocity of the velocity field serves as a reference for partitioning, dividing the
spatial grid coordinates into low-dimensional, middle-dimensional, and high-dimensional
groups. During training, flow field state information is fed into the corresponding neural
network models, which process the data according to their designated dimensional levels.
To enhance the model’s expressiveness and accuracy, this study incorporates a ResNet
structure into the FCNN. This addition enables the network to more effectively capture
the complex features of the flow field across different dimensions. The outputs from
the networks at each dimensional level are integrated to represent the overall flow field
state. This multidimensional training and output integration strategy allows the model
to more comprehensively and accurately capture the intricate features of the flow field,
thus significantly improving its performance. The proposed approach effectively addresses
the challenges of processing high-dimensional flow field data, demonstrating superior
accuracy and stability compared to traditional methods. The limited-memory Broyden
Fletcher Goldfarb Shanno (L-BFGS) optimization algorithm, a quasi-Newton method, is
designed for solving large-scale unconstrained optimization problems. Unlike gradient
descent algorithms, L-BFGS does not require a global learning rate; it automatically adjusts
the step size at each iteration using second-order information, making the optimization
process more robust and automated. In this study, the loss function, established using both
training data and physical equations, is employed to compute the loss [21]. The Adam
optimizer and L-BFGS algorithm are used to perform backpropagation and parameter
optimization, completing a single training cycle of the neural network. Notably, the loss
values at the flow field boundary points are only trained in the low-dimensional neural
network, and the initial and training data input into the three neural networks do not
overlap. This neural network framework not only enables better extraction and learning
of flow field feature information but also improves the model’s performance during loss
computation, reducing occurrences of gradient vanishing and explosion during training.
It offers a useful approach and perspective for developing reduced-order models and
applications in fluid systems.

3. Application of Res-PINNs

This section is divided by subheadings. It provides a concise and precise description
of the experimental results, their interpretation, and the experimental conclusions that can
be drawn.
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3.1. Application of Res-PINNs to the Flow Around a Cylinder Problem

The flow around a cylinder problem is a classic case in Computational Fluid Dynamics
(CFD), where different physical phenomena emerge in the flow field at various Reynolds
numbers. In this case study, the objective is to reconstruct the flow field state of a two-
dimensional flow around a cylinder using limited, discrete flow field data and a neural
network model embedded with physical knowledge. A ROM for the flow around the
cylinder is established, and the reconstruction results of the proposed Res-PINNs model
are compared with those of the standard PINN model to validate the effectiveness of
the network structure. In the flow around a cylinder problem, the Navier–Stokes (N-S)
equations and the continuity equation typically serve as constraints. For two-dimensional,
unsteady, incompressible fluid flow, the governing equations are generally expressed
as follows:

∂u
∂x

+
∂v
∂y

= 0 (5)

∂u
∂t

+ u
∂u
∂x

+ v
∂u
∂y

+
∂p
∂x
− 1

Re
(

∂2u
∂x2 +

∂2u
∂y2 ) = 0 (6)

∂v
∂t

+ u
∂v
∂x

+ v
∂v
∂y

+
∂p
∂y
− 1

Re
(

∂2v
∂x2 +

∂2v
∂y2 ) = 0 (7)

Here, (x,y) are the spatial coordinates of points in the flow field, and t represents time.
The variables u and v denote the velocity components of the fluid: u(x,y,t) is the velocity in
the direction of the fluid inflow (denoted as IL), and v(x,y,t) is the velocity perpendicular to
the fluid inflow direction (denoted as CF). The variable p represents the absolute pressure
at each spatial point in the flow field, p(x,y,t). The term Re stands for the Reynolds number,
which is a dimensionless parameter characterizing the flow regime, indicating the relative
influence of inertial forces to viscous forces in the fluid.

In this case study, the numerical simulation method from CFD is used to obtain
training data samples. The computational domain is illustrated in Figure 4, where the
overall flow field region is a rectangular area. The left side serves as the velocity inlet,
while the right side is the pressure outlet. The upper and lower boundaries are set with
no-slip boundary conditions. The inlet velocity on the left is set to u0 = 0.09 m/s, and
the absolute pressure at the right outlet is 0 Pa. The dynamic viscosity of the fluid is
μ = 1.5 × 10−5 kg/m·s, the density is set to 1 kg/m3, and the cylinder diameter is D = 0.05,
resulting in a Reynolds number of Re = 300; we chose the laminar flow model in the Ansys
simulation model for the computational analysis.
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Figure 4. Computational domain for the flow around a cylinder problem.

An O-type grid method was employed for the grid partitioning of the flow field region,
as show in Figure 5. The grid cell size was specified as 7.5 mm, and the height of the first
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layer in the boundary layer grid was set to 2 mm, with a total of seven layers and a growth
rate of 1.15. The computational domain was divided into 40,064 cells in total. According
to the grid quality evaluation results, 98.08% of the grids were classified as high quality.
This grid partitioning approach ensures both the accuracy and stability of the calculations,
providing a solid foundation for subsequent numerical simulations. The simulation time
step is set to 0.005 s, and the PISO algorithm is used for transient solution calculations.

 

Figure 5. Mesh generation results for the flow field.

After 50 s from the start of the simulation, a stable vortex shedding phenomenon
is observed. The flow field state information between 60 to 65 s is selected as the data
collection period for training purposes. A training dataset is constructed using time
slices of 0.1 s each. The spatial coordinates at each time instant are discretized, and the
Latin hypercube sampling (LHS) algorithm is used to sample the spatial coordinates of
the flow field region. During random sampling of the data, each time slice is processed
independently. For each time slice, 1000 coordinate points are randomly sampled, and
the corresponding flow field state information is used as training data for input into the
training model. The data are then reset to a time frame of 0 to 5 s. The sampling results are
shown in Figure 6.

 
Figure 6. Results of LHS.

For both the PINN model and the Res-PINNs model, the input consists of the spa-
tiotemporal coordinates {tn, xn, yn} of the sparse flow field, and the output includes the
velocity and pressure information {pn, un, vn} at each coordinate point within the flow
field. After transformation, the equation for the loss function is expressed as follows:

e1 = ∂u
∂x + ∂v

∂y

e2 = ∂u
∂t + u ∂u

∂x + v ∂u
∂y + ∂p

∂x − 1
Re (

∂2u
∂x2 +

∂2u
∂y2 )

e3 = ∂v
∂t + u ∂v

∂x + v ∂v
∂y + ∂p

∂y − 1
Re (

∂2v
∂x2 +

∂2v
∂y2 )

(8)
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The total loss function is composed of two parts: the loss for the flow field state
information and the loss for the governing control equations. The flow field state informa-
tion includes the velocity components in the IL direction and CF direction, as well as the
pressure information. The total loss function can be expressed as follows:

Ldata = λIN
1

NIN

NIN
∑

n=1
|u(xn, yn, tn)− un| 2 + λIC

1
NIC

NIC
∑

n=1
|u(xn, yn, tn)− un| 2 + λBC

1
NBC

NBC
∑

n=1
|u(xn, yn, tn)− un| 2

Lequ = λequ
3
∑

i=1

N
∑

n=1
| ei|

2
(9)

In the above expressions, NIN , NIC, NBC denotes the grid points within the flow
field, at the initial time, and along the boundary. u(xn, yn, tn), un represents the data
obtained from neural network training and the reference data. Lequ denotes the residuals
of the governing equations. λIN , λIC, λBC, λequ represents the flow field information at
interior points, initial time flow field information, boundary point flow field information,
and the weights for the loss function. Based on the analysis results from reference [22],
the loss function weights for the Res-PINNs neural network are set to λIN = 1, λIC = 1,
λBC = 1, λequ = 75, while the loss function weights for the PINN neural network are set
to λIN = 1, λIC = 1, λBC = 1, λequ = 150. These loss functions are then incorporated
into the neural networks for model training. To avoid overfitting during the network
training process, a dropout layer was added before the network output to reduce the
interdependence between neurons, with the dropout rate set to 0.3. The DNN are trained
using the machine learning framework TensorFlow on an NVIDIA GeForce RTX 3080 Ti
GPU. After approximately 11 h of training, the model converged. Figure 7 shows the
training loss as a function of the number of training steps. After 14,000 iterations, the
training error converged to less than 0.01.

Iteration

Lo
ss

Figure 7. Results of the model loss function.

In this case study, the model’s effectiveness is evaluated by reconstructing the flow
field state at 5.5 s using sparse flow field information learned from 0 to 5 s. The recon-
struction results are shown in Figure 8, where Figure 8a presents the reconstruction results
using the PINN model; Figure 8b shows the reconstruction results using the Res-PINNs
model. Within both Figure 8a,b, the first column displays the simulation results obtained
from Ansys Fluent, which serve as a reference for evaluating the model’s accuracy. The
second column shows the reconstructed flow field results from the ROM. The third column
illustrates the error between the reference simulation results and the ROM reconstructions.
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From top to bottom, each row represents the pressure field contour plot, the velocity field
contour plot in the IL direction, and the velocity field contour plot in the CF direction.
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Figure 8. Flow field reconstruction results of PINN and Res-PINNs model. (a) PINN reconstruction
results; (b) Res-PINNs reconstruction results.
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Based on the computational analysis of the results, for the PINN model, the relative
error in the pressure field reconstruction is 10.9%; the relative errors in the velocity fields
along the IL and CF directions are 38.8% and 39.2%, respectively; and the larger errors
in the velocity fields are mainly concentrated around the cylinder wall region and the
wake region. This discrepancy may be due to gradient vanishing or exploding during
training, causing minimal changes in the loss function value as the number of iterations
increases. Consequently, the network becomes less sensitive to learning the flow field states.
In contrast, for the Res-PINNs model proposed in this study: The relative error in the
pressure field is reduced to 7.8%; the relative errors in the velocity fields along the IL and
CF directions are significantly reduced to 4.1% and 6.3%, respectively; and the Res-PINNs
model demonstrates a more accurate reconstruction of the flow field state, particularly
around the cylinder and in capturing vortex shedding features. This indicates that the
model achieves more comprehensive learning of the flow characteristics, offering more
reliable results for flow field modeling and reconstruction.

Overall, the results show that the Res-PINNs model significantly outperforms the
standard PINN model in terms of accuracy and error reduction, particularly in regions
with complex flow features. This highlights the effectiveness of the Res-PINNs framework
in providing more accurate and stable solutions for fluid dynamics problems.

The analysis above indicates that the Res-PINNs model performs significantly better
than the standard PINN model when dealing with complex flow fields. The Res-PINNs
model demonstrates a more sensitive and comprehensive ability to capture state changes
within the flow field. Although there are still some errors in certain regions of the flow field,
overall, the Res-PINNs model exhibits a superior performance in flow field reconstruction
compared to the standard PINN model.

Based on the reconstructed flow field data, the pressure and velocity gradient dis-
tributions on the cylinder surface can be integrated to compute the lift coefficient and
drag coefficient of the cylinder. These coefficients are key parameters in characterizing the
aerodynamic forces acting on the cylinder. The formulas for calculating these coefficients
are as follows:

FL =
∫

Γ

[
1

Re
(

∂u
∂y

+
∂v
∂x

)nx +
2

Re
∂v
∂y

ny − pny

]
ds

FD =
∫

Γ

[
1

Re
(

∂u
∂y

+
∂v
∂x

)ny +
2

Re
∂u
∂x

nx − pnx

]
ds

(10)

In the equations, Γ represents the boundary of the cylinder’s surface. nx and ny are the
components of the unit normal vector on the cylinder surface. The dimensionless formulas
for calculating the lift coefficient and drag coefficient are as follows:

CL/D =
FL/D

0.5ρu02D
(11)

Figure 9 illustrates the reconstruction results of the pressure and lift coefficient based
on the flow field data. In the figure, the black line represents the results obtained from
CFD simulation. The blue line indicates the predicted values from the Res-PINNs model.
The red line shows the predicted results from the PINN model. From the results, it can be
observed that for the prediction of CD, the ROM results have a smaller error compared to the
CFD simulation results. In contrast, the PINN model shows a larger amplitude difference
compared to the CFD simulation results. This may be due to the gradient vanishing
problem in the neural network model during the flow field reconstruction process, making
it less sensitive to changes in the flow field state around the cylinder wall and failing to
learn relevant flow characteristics, resulting in biased predictions in subsequent processes.
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The Res-PINNs prediction results are closer to the CFD simulation results; for the prediction
of CL, both the PINN and Res-PINNs models show some phase differences compared to the
CFD simulation results. However, the Res-PINNs model, being more sensitive to changes
in the flow field gradients, yields predictions that are closer to the CFD simulation results
compared to the PINN model. The above analysis leads to the conclusion that, compared to
the PINN model, the results of the flow field state reconstructed by the Res-PINNs model
are in better agreement with the CFD simulation results.
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Figure 9. Reconstruction results of flow field lift and drag: (a) CD reconstruction results; (b) CL

reconstruction results.

3.2. Application of Res-PINNs to the Vortex-Induced Vibration Problem

VIV is a coupled fluid–structure interaction problem that occurs when a structure
is placed in a flow field at a certain velocity. Periodic pulsating fluid forces along the
flow direction and perpendicular to it cause the elastic structure to undergo periodic
oscillations. This interaction alters the vortex shedding pattern of the fluid, resulting in
coupled variations in fluid flow, structural displacement, and forces acting on the structure.

In this case study, the Reynolds averaged Navier–Stokes (RANS) equations are em-
bedded into the Res-PINNs framework to solve high Reynolds number VIV problems,
validating the model’s effectiveness. An incompressible fluid is governed by the N-S
equations and the mass conservation equation, as detailed in Section 3.1. However, as
the Reynolds number increases, turbulence becomes significant, which not only raises the
computational cost but can also lead to ill-conditioned matrices during numerical solutions.
To address the challenges posed by turbulence, the RANS equations are introduced. The
RANS equations provide a time-averaged approach to deal with turbulent flow, reducing
the complexity of modeling turbulence while retaining the essential flow characteristics.
The equations are expressed as follows:

∂u
∂t + u ∂u

∂x + v ∂u
∂y = − ∂p

∂x + (ν + νt)(
∂2u
∂x2 +

∂2u
∂y2 )

∂v
∂t + u ∂v

∂x + v ∂v
∂y = − ∂p

∂y + (ν + νt)(
∂2v
∂x2 +

∂2v
∂y2 )

∂u
∂x + ∂v

∂y = 0

(12)

Here, νt represents the turbulent eddy viscosity coefficient. The RANS equations
simulate turbulence by establishing a relationship between the eddy viscosity coefficient
and the time-averaged parameters of the turbulence. The structural vibration equation can
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be modeled using a typical mass-spring-damper system. The equations of motion for the
cylinder in the IL direction and the CF direction can be expressed as follows:

m
..
ς + c

.
ς + kς = FD(t)

m
..
η + c

.
η + kη = FL(t)

(13)

In these equations, m represents the mass of the cylinder. c and k denote the damping
coefficient and stiffness coefficient of the cylinder, respectively. FL(t) and FD(t) represent
the lift and drag forces. ς, η indicate the displacements along the IL and CF directions. At
the initial state, the boundary conditions for the cylinder are as follows:

.
ς(0) =

.
η(0) = 0

ς(0) = η(0) = 0
(14)

By discretizing the structural equations using the fourth-order Runge–Kutta method,
the velocity and displacement responses of the cylinder can be solved. For solving the
velocity and displacement in the IL direction, the equations can be expressed as follows:

.
ς(tn+1) =

.
ς(tn) +

Δt
6 (k1 + 2k2 + 2k3 + k4)

ς(tn+1) = ς(tn) +
.
ς(tn)Δt + Δt2

6 (k1 + k2 + k3)
(15)

Among them,

k1 = FD(tn)
m − c

m
.
ς(tn)Δt− k

m ς(tn)

k2 = FD(tn)
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m

[ .
ς(tn) +

Δt
2 k1

]
− k

m

[
ς(tn) +

Δt
2

.
ς(tn)

]
k3 = FD(tn)
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m

[ .
ς(tn) +

Δt
2 k2

]
− k

m

[
ς(tn) +

Δt
2

.
ς(tn) +
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4 k1

]
k4 = FD(tn)
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m

[ .
ς(tn) +

Δt
2 k3

]
− k

m

[
ς(tn) +

Δt
2

.
ς(tn) +

Δt2

2 k2

]
(16)

In the formula, k1, k2, k3, and k4 are the coefficients used in the Runge–Kutta method,
and Δt represents the simulation time step. The displacement and velocity responses along
the CF direction are solved in a manner similar to the equations for the IL direction.

In the VIV case, CFD simulation technology is used to obtain the training data. The
overall flow field is modeled and simulated using the Ansys Fluent software, and a
schematic diagram of the entire flow field region is shown in Figure 10. The structure con-
sists of a 2-DOF two-dimensional cylindrical body with a spring. The left side is a velocity
inlet with a magnitude of u0 = 1 m/s, the right side is a 0 MPa absolute pressure outlet, the
upper and lower boundaries are no-slip boundaries, and the cylinder surface is a no-slip
wall. The overset mesh region is set to a size of 3D, and an unstructured O-type mesh is used
to divide the refined region. When the mesh is updated, the internal region of the O-type
mesh remains unchanged during the movement of the cylinder, while the area outside
the O-type mesh changes shape. The mesh division results are shown in Figure 11. The
size of the entire computational domain is 18D × 12D. The grid cell size was set to 3 mm,
with the height of the first layer set to 1 mm and a growth rate of 1.3. The grid consisted of
60,040 cells in total, with 97.32% of the grids being categorized as high quality, according to
the grid quality evaluation results. The Reynolds number is set to Re = 1000, with a fluid
density of 1 kg/m3 and a dynamic viscosity of μ = 0.5× 10−4 kg/(m·s). The cylinder’s mass
is set to m = 2 kg, the damping coefficient c = 0.084, and the stiffness k = 2.2020. During the
simulation, the velocity, pressure, and other information at each grid point in the flow field

164



Symmetry 2025, 17, 163

are first computed, and the forces acting on the cylinder surface are calculated. This force
information is then transferred to a compiled UDF, where the fourth-order Runge–Kutta
method is used to solve the equations of motion for the structure. This process determines
the displacement and velocity of the cylinder at the next time step, and the results are fed
back into Fluent to update the flow field state for the subsequent time-step calculations,
and the simulation time step is set to 0.005 s. The simulation model uses the SST k−ω

model, primarily because this model provides relatively accurate turbulence predictions in
complex flow problems, especially in the near-wall region and in capturing flow separation.
Compared to DNS and experimental flow types, the SST k−ω model offers a reasonable
trade-off between computational efficiency and accuracy.
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Figure 10. Computational domain for the VIV problem.

 
Figure 11. Mesh division results of the VIV flow field.

Once the VIV motion of the cylinder reaches a steady state, the velocity field, pressure
field, and cylinder motion information are extracted from the CFD simulation results as
training data. The period from 20 to 25 s, after the motion has stabilized, is selected as the
training dataset, with a time sampling interval of 0.1 s. To ensure that the data used are
sufficient to support model training, we focused on its diversity and coverage during the
data collection process, a Latin hypercube sampling method is employed to sample the
flow field region, and 7000 data points are chosen as training data for each time step [1].

In this case, the ROM based on Res-PINNs is used to reconstruct the entire flow field
state using sparse flow field information. The neural network structure adopts the same
architecture as the previous case, with the network input being the spatiotemporal data
{tn, xn, yn} of the sparse flow field. When solving for VIV, due to the coupling between
the structure and the fluid, the structural vibration is also considered as a feature for both
training and prediction. Additionally, the turbulent eddy viscosity coefficient is treated as
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an unknown parameter to be solved, making the network output {pn, un, vn, εn, ηn, vt}. For
simplicity, the loss function of this network omits the overline notation from Equation (12).
By embedding the horizontal and vertical displacements of the cylinder into Equation (12),
the equation’s loss function is formulated as shown in Equation (17).

e1 = ∂u
∂t + u ∂u

∂x + v ∂u
∂y + ∂p

∂x − (ν + νt)(
∂2u
∂x2 +

∂2u
∂y2 ) +

∂2ς
∂t2

e2 = ∂v
∂t + u ∂v

∂x + v ∂v
∂y + ∂p

∂y − (ν + νt)(
∂2v
∂x2 +

∂2v
∂y2 ) +

∂2η

∂t2

e3 = ∂u
∂x + ∂v

∂y

(17)

The overall loss function of the neural network model is the sum of the training data
loss and the equation loss, as shown in Equation (18).

Ldata =
N
∑

n=1
|u(xn, yn, tn)− un| 2 +

N
∑

n=1
| v(xn, yn, tn)− vn| 2 +

N
∑

n=1
| p(xn, yn, tn)− pn| 2 +

N
∑

n=1
| vt(xn, yn, tn)− vt

n| 2

+
N
∑

n=1
|η(tn)− ηt

n| 2 +
N
∑

n=1
| ς(tn)− ςt

n| 2

Lequ =
3
∑

i=1

N
∑

n=1
| ei|

2

(18)

where u(xn, yn, tn), v(xn, yn, tn), p(xn, yn, tn), vt(xn, yn, tn), and ς(tn), η(tn) represent the
output results after neural network training. The loss is calculated, and parameter updates
are performed through backpropagation using the Adam optimizer and the L-BFGS opti-
mization method. This completes one training iteration of the neural network. Similarly, to
prevent overfitting, a dropout layer was also added before the network output, with the
dropout rate set to 0.5. The training is conducted using the same simulation environment
and configuration as in Case 3.1. After 150,000 iterations, the network converges, and the
loss calculation results are shown in Figure 12.
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Figure 12. Model loss calculation and results.

The effectiveness of the model is evaluated by comparing the flow field reconstruction
results at the 30 s mark using the ROM of Res-PINNs and PINN. The results are presented in
Figure 13, where Figure 13a shows the reconstruction from the PINN model, and Figure 13b
displays the reconstruction from the Res-PINNs model. In both figures, the first column
provides the Ansys Fluent simulation results as a reference, the second column shows the
reconstructed results from the ROM, and the third column illustrates the error between the
reference simulation and the reconstructed results. From top to bottom, the rows represent
the pressure field contour plot, the velocity field contour plot along the IL direction, and the
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velocity field contour plot along the CF direction. Calculations of the prediction results for
the two models reveal that the velocity field reconstructed by the Res-PINNs model shows
errors of 17.7% and 17.2% relative to the CFD simulation results, while the errors for the
PINN model are 40.3% and 30.8%, respectively. For the pressure field, the reconstruction
errors of the Res-PINNs and PINN models are 14% and 35.1%, respectively. The areas with
significant errors are primarily located in the O-type mesh and its vicinity. This discrepancy
is likely due to the limitations of the PINN model’s network architecture, which cannot
fully analyze high-dimensional and nonlinear problems, resulting in a reduced ability to
learn the flow field state features. In contrast, the Res-PINNs model, with its more complex
network structure, can more accurately capture the velocity distribution of the flow field.
The reconstruction results indicate that the Res-PINNs model outperforms the PINN model
in the wake region, mitigating the shortcomings found in the PINN model.
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Figure 13. Flow field reconstruction results. (a) Reconstruction results using PINN; (b) reconstruction
results using Res-PINNs.
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Figure 14 shows the reconstruction results for the lift coefficient, drag coefficient,
and structural displacement of the flow field from 25 to 28 s. In the figure, the black line
represents the exact values obtained from the CFD simulation, the blue line represents
the reconstruction results from the Res-PINNs model, and the red line represents the re-
construction results from the PINN model. Analysis of the reconstruction results reveals
significant differences between the reconstructed structural vibration responses and the
CFD simulation results. These discrepancies are more noticeable at the peaks and troughs
of the response states, and there is a clear phase difference when compared to the CFD
results. However, the overall trends remain consistent with the CFD results. A comparison
with other studies [23,24] suggests that this discrepancy may result from the relatively low
resolution of the data slicing, which impedes the model’s ability to capture the dynamic
coupling between the flow field and the structure. Consequently, the model fails to accu-
rately capture the transient behavior of the flow field and structural dynamics, particularly
during more intense dynamic responses. The insufficient temporal information further
causes phase deviations in the prediction results along the time axis, impairing the model’s
ability to accurately track changes in the flow field. This discrepancy suggests that a greater
amount of time-sliced data might be required for the model to learn and compute more
accurately when constructing the training dataset. For the reconstruction of the lift and
drag coefficients, the Res-PINNs model provides results that are more accurate and closer
to the CFD simulation outcomes compared to the PINN model.
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Figure 14. Displacement response and reconstruction results.

Based on the above analysis, it can be concluded that both the Res-PINNs and PINN
models exhibit significant differences from the CFD simulation results when reconstructing
the structural response in VIV problems. However, for the reconstruction of the lift and
drag coefficients, the Res-PINNs model demonstrates superior performance.

4. Conclusions

This paper proposes a parallel Res-PINNs neural network, building on the PINN ROM,
to achieve fast simulation and flow field reconstruction for fluid systems. Compared to
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traditional PINN neural network models, the proposed Res-PINNs model integrates ResNet
modules to address the issues of gradient vanishing or exploding that can occur during the
training of FCNN. Additionally, the network structure has been optimized with a parallel
network training strategy to better extract and learn flow field state information, thereby
enhancing the quality of flow field learning and reconstruction. To validate the performance
of the proposed Res-PINNs neural network, two cases were used for verification: a two-
dimensional cylinder flow and a 2DOF VIV case at high Reynolds numbers. The results
were compared with predictions from the traditional PINN neural network. The findings
indicate the following:

(1) For the two-dimensional cylinder flow problem, the Res-PINNs model predicted flow
field velocity and pressure errors of 4.1%, 6.3%, and 7.8%, respectively, compared to
38.8%, 39.2%, and 10.9% for the PINN model. Additionally, the Res-PINNs model
provided more accurate reconstruction results for the lift and drag coefficients, demon-
strating its superior ability to handle complex flow fields and capture variations in
flow field states more comprehensively and sensitively.

(2) For the 2-DOF VIV case at high Reynolds numbers, the Res-PINNs model, which
incorporates the RANS equations, the eddy viscosity coefficient, and structural motion
equations, accurately predicted the VIV state information. The Res-PINNs model
showed flow field velocity and pressure errors of 17.7%, 17.2%, and 14%, respectively,
compared to 40.3%, 30.8%, and 35.1% for the PINN model. These results validate the
effectiveness of the Res-PINNs model, although there remains room for improvement
in reconstructing structural displacement responses accurately.

(3) Moreover, for the same number of time steps, the Res-PINNs model requires only
one-twentieth of the simulation time of numerical simulations, significantly enhancing
computational efficiency.

5. Discussion

The proposed Res-PINNs model demonstrates significant potential in tackling chal-
lenges in fluid system modeling and simulation. However, the flow field reconstruction
problem itself exhibits strong nonlinear characteristics, especially when the coupling effects
between the fluid and structure are complex. Simplified ROMs may fail to capture all key
dynamics, leading to an increase in error. Additionally, the quality and coverage of the
training data are crucial factors influencing the model’s accuracy. The sparsity of data slices
and the insufficient number of data points may prevent the network from accurately cap-
turing the transient behaviors of complex flow fields, particularly in cases with significant
nonlinear dynamic responses. Thus, the prediction accuracy and generalization capability
of the model still need further refinement. In future work, we will focus on optimizing the
model structure to achieve more accurate flow field state distributions. While this study
is limited to cylinder flow and VIV cases, future research should explore more complex
problems to enhance the model’s robustness and better address the practical demands of
engineering applications.
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Abstract: The global community is awaiting the advent of a self-driving vehicle that is safe, reliable,
and capable of navigating a diverse range of road conditions and terrains. This requires a lot
of research, study, and optimization. Thus, this work focused on implementing, training, and
optimizing a convolutional neural network (CNN) model, aiming to predict the steering angle
during driving (one of the main issues). The considered dataset comprises images collected inside a
car-driving simulator and further processed for augmentation and removal of unimportant details.
In addition, an innovative data-balancing process was previously performed. A CNN model was
trained with the dataset, conducting a comparison between several different standard optimizers.
Moreover, evolutionary optimization was applied to optimize the model’s weights as well as the
optimizers themselves. Several experiments were performed considering different approaches of
genetic algorithms (GAs) along with other optimizers from the state of the art. The obtained results
demonstrate that the GA is an effective optimization tool for this problem.

Keywords: autonomous driving; artificial intelligence; convolutional neural network; evolutionary
computing; genetic algorithm; machine learning; deep learning

1. Introduction

Driving is a daily activity in which a person faces many challenges and situations,
including environmental and road conditions, other drivers’ behavior, and road signs.
Thus, self-driving is a challenging, commonplace topic nowadays and a subject of research
with many variables. The world, especially through the use of artificial intelligence (AI)
techniques, is moving toward a rapid revolution in the development of robotic and self-
driving systems [1].

A self-driving system must possess the capacity to adhere to a predefined route and to
comply with established traffic regulations. Furthermore, it must be capable of navigating
the surrounding traffic in a manner that is both safe for and considerate to other road users
in addition to adhering to the established regulations. Roads are not normally straight;
there can be curves and meanders along the way. Moreover, there could be different
situations: a single-lane road in one direction, a two-lane road in two different directions,
or a multi-lane road in two different directions, for instance.

Based on the literature [2–4], analysis, and practical applications, it is evident that
controlling a vehicle’s steering angle is crucial for ensuring its safety and performance.
The ability to control a vehicle’s direction significantly impacts its trajectory, stability, and
responsiveness, whether navigating sharp turns on winding roads or facing challenges in
tight urban environments. The primary factor to consider, regardless of the context, is the
steering angle, which determines the vehicle’s movement.

The vehicle is upright when it aligns completely with the axis of movement. Moving
the steering wheel causes the vehicle to deviate either right or left by applying force to the
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appropriate wheels, resulting in a change in the angle between the two axles. The car is
directed in the desired direction based on this angle.

Choosing the optimal steering angle is a major challenge for the driver due to the
importance of these angles as well as the challenges the driver may face in making appro-
priate decisions. Therefore, the focus of this work was to develop methods for accurately
predicting the values of these angles and guiding the driver accordingly.

Developing a self-driving system requires a lot of effort, money, and risk. Therefore,
the best approach is to start working and researching in a simulator and then transfer that
experience to the real world. Several simulators were considered and evaluated, and finally,
the Udacity simulator [5] was chosen for its ‘simplicity’, its precision, and the fact that it
allows the collection of datasets while ‘online’ (i.e., during simulation). These can either be
sets of images or raw information from the car, such as the steering angle, speed, camera
position, etc. These values can be used to label data.

There have been many studies on the development of self-driving systems. Most of
them have applied artificial neural networks (ANNs) to build and train a model [2,3,6–8].
In this study, we also considered an ANN approach, namely, a deep learning variation
called a convolutional neural network (CNN) [9] in other domains; it can be also utilized in
this problem, since we considered images for defining the dataset to be used.

In addition, a type of evolutionary algorithm (EA) [10,11] was applied to optimize
the CNN configuration and performance. EAs are metaheuristics derived from Darwin’s
theory, which are based on the use of a population of potential solutions to a problem
that are considered as individuals. These are each assigned a fitness value (depending on
their quality), and then the best is normally (not always) combined with other solutions
aiming to obtain better individuals in the next iteration (called a generation). EAs are very
effective for solving optimization problems [12] and can also be used to solve complex
problems [10]. These algorithms have shown remarkable effectiveness in tuning weights
and probabilistic parameters, for instance, in gaming environments [13]. Thus, it would
be interesting to explore their potential use in other contexts, such as improving CNN
models in the autonomous driving context. Specifically, in this paper, the genetic algorithm
(GA) [14] was applied to optimize the CNN models since it is one of the most widely
used algorithms in the literature [15]. In addition, it is a pretty simple approach which
has been considered in this preliminary study, making it easier (than using more complex
algorithms) to analyze its potential impact or influence in the CNN’s performance.

This combination (CNN + GA) was used to predict the optimal steering angle value
of a self-driving car. Thus, this study includes the application of several different CNN
approaches to predict the aforementioned angle for a self-driving system. The objective is
to improve the performance and accuracy of the deep learning models by optimizing the
weights they depend on.

Different operators and configurations of evolutionary algorithms were tested in order
to find the best set of parameters to optimize the weights of the CNN models.

Moreover, several experiments were conducted, applying the GA to different varia-
tions of CNNs, in addition to other approaches using several state-of-the-art optimizers to
improve the model performance. Then, all the optimized models were compared to see the
impact of the optimization (GA) and to select the best overall model.

Given that a CNN is an algorithm to be applied on images, we composed a dataset
using an equipped vehicle that recorded video while driving and stored it as images
divided into samples. Each sample consisted of three images taken from different camera
positions (right, center, and left) and labeled with the steering angle. This was conducted
inside the Udacity simulator, which allows the manipulation of steering angle parameters.
It also permits placing three cameras in the desired positions on the car, and then it records
a video while the vehicle is moving on the simulated road. A series of images is captured
within each frame, accompanied by supplementary data pertaining to the vehicle, including
the steering angle.
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This dataset, which is part of the contribution of this work, has been lately refined;
we applied both image processing methods (to extract the most relevant information from
each image ), and data balancing [16] (namely, an undersampling approach). The dataset
has been improved through the inclusion of thousands of additional labeled images aiming
to cover many more driving situations in the training circuit than other existing approaches
in this domain.

The rest of this paper is structured as follows: The following section presents the state
of the art of some previous related studies and their results. The third section, Materials
and Methods, describes the methodology used to develop our proposed autonomous driv-
ing model to predict the steering angle in a driving system. So, it describes the dataset
extraction and preprocessing, the CNN model structure, and the proposed optimization
methodology. Next, the Experiments, Results, and Discussion section presents the experi-
ments conducted and the obtained results, as well as a deep analysis and comparison of the
different approaches tested. Finally, the last section comments on the conclusions reached
and includes some insights for future work.

2. State of the Art

The need for operational autonomous vehicles has motivated growing research to find
solutions and algorithms that optimize various aspects of self-driving. The ultimate goal is
to develop a fully integrated autonomous driving system.

Most of the studies have been conducted using vehicle driving simulators. Thus,
there is research that has developed domain randomization to transfer from simulation
to the real world based on deep neural networks [17], but in 2020, a group of researchers
tried to train this type of neural network in CARLA (Car Learning to Act), an open-source
simulator for autonomous driving research [18,19]. It did not work well when trained
individually; it could not be transferred to the real world, so viewpoint augmentation (a
popular preprocessing trick to improve generalization accuracy) was applied to it. It was
called DR-AUG (Domain Randomization–Augmentation) [20]. In the same line, a research
technique was also used to train an autonomous driving model on a simulator without
using labels (objects with information) from the real world [21].

There are many simulators, including VISTA (Virtual Image Synthesis and Transforma-
tion for Autonomy), which is a data-driven simulator for end-to-end autonomous driving
training [20]. However, maybe the most used simulator is Udacity [5], in which several
different approaches have been tested, mainly convolutional neural network (CNN) models
for autonomous driving [2,3,6,7].

The CNN training is performed on data, which could be a set of images collected while
driving on different types of roads, residential streets (paved or unpaved), or highways,
in different weather conditions. In one of the previous works [22], they collected data
over 72 hours of driving in many different conditions in the real world and captured by
one camera mounted on the center of the windshield of the car (later complemented with
some ‘transformed’ images). These images were then labeled with some extra information
about the car status. The CNN model is able to learn efficiently to drive in many different
situations, but it seems to be not very robust (not completely reliable in all the situations).

Our study follows a similar methodology, but that dataset was not published. More-
over, since we used the Udacity simulator to collect the images, the precision of our samples
is likely higher regarding the rest of the information about the car (the steering wheel,
in our case). Moreover, we tested the CNN model with different optimization methods,
aiming to obtain a definitive (and reliable) approach. Finally, study [22] used very pow-
erful (and expensive) computational resources, while our approach was run on a much
humbler setup.

Other studies have used data from simulation and translated them to the real world
[21]. The authors also applied deep learning approaches based on images, obtaining a
feasible solution (as a proof of concept).

174



AI 2024, 5

In the work [23], the authors created a ‘simple’ (smartphone-size) physical model of a
car and applied different realistic scenarios where it should drive autonomously. They also
used supervised training with a CNN as well as an implementation of deep Q-learning to
train the car on recognizing some road signs.

A CNN was also used for object detection and lane tracking for autonomous driving
using a real dataset collected in the Rancho Palos Verdes area around San Pedro [24].

Another proposal [4] used CNN, Long Short-Term Memory (LSTM), and Fully Con-
nected (FC) layers to control the steering angle, also considering data gathered from Udacity,
using two vehicles capturing images from different perspectives and combining them. In
the present work, the Udacity simulator was also used.

Following other proposals, in this paper, a CNN model for autonomous driving was
trained using image data samples. However, in our case, the samples were labeled with an
accurate steering angle. Each sample consists of three images collected from three camera
positions (right, center, and left) by driving the car in the Udacity simulator, recording a
video, and then saving the data as images.

Furthermore, our study was conducted using a genetic algorithm to select the best
learning scheme, which includes preprocessing, attribute selection, and learning algorithms.
The data were analyzed, and a set of potential solutions was generated to evaluate their
performance and effectiveness in achieving the identified learning objectives [25].

This research aims to develop convolutional neural network (CNN) models and justify
the weights used in them to achieve maximum accuracy in predicting steering angles in
autonomous driving systems. Although many studies have preceded us in using artificial
neural networks to build and train models [2,3,6,7], current research has not only been
limited to creating an effective predictive model for steering angles but also focused on
combining a convolutional neural network (CNN) and genetic algorithms (GAs) to improve
model performance in steering prediction. In addition, efforts have been made to develop
and train a CNN model using our own data extracted from the Udacity simulator.

The present study represents an advancement over previous research in the domain of
autonomous driving utilizing a convolutional neural network (CNN) in two main aspects:
the generation of a more reliable and complete dataset and the application of evolutionary
optimization techniques over the CNN models.

While numerous previous studies have concentrated on the utilization of simula-
tion data or genuine data for the training of autonomous driving models, our approach
has firstly focused on the generation of a much more complete (and accurately labeled)
image-based dataset. Using the Udacity simulator tool to gather images from the car’s
perspective, we conducted a process of systematic experimentation and expert revision for
the generation of thousands of images representing a wide variety of driving situations.
Thus, this led us to complete a dataset from which the models can be better trained, being
then more reliable and effective in the prediction of steering angles.

Moreover, our study is distinguished by its integration of genetic algorithms with
CNNs, with the objective of improving their performance. While numerous previous works
have primarily focused on the creation of ‘pure’ neural network models using standard
optimizers, our research aims to provide a comprehensive comparison of the performance
of the CNN model using a wide variety of optimizers, such as Nadam, Adam, RMSprop,
Adamax, SGD, Adagrad, Adadelta, and FTRL, with the CNN + GA model (using a GA as
the optimizer). In addition, the application of GAs as an enhancing tool to improve the
performance of the best optimizers was also studied in this work.

3. Materials and Methods

This section introduces the considered simulator and describes the collected dataset
(with the applied preprocessing and enhancing methods) as well as the deep learning
model that was applied.
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3.1. Udacity Simulator

The Udacity simulator [5] is an open-source self-driving car framework developed
with the Unity Engine. It is available at https://github.com/udacity/self-driving-car-sim
(accessed on 5 June 2023).

Udacity is designed for students and researchers, since it offers several utilities to train
self-driving car models, mainly using deep learning techniques, which can be integrated in
the framework. Among its tools, the possibility of recording the driving session is offered
in order to create your own dataset to be later processed.

Moreover, it is not very demanding with regard to computing resources, so it does not
require a high-level machine. Finally, Udacity is quite easy to use, and it also achieves the de-
sired goals of precision and accuracy, since the simulation is very realistic in
several aspects.

Figure 1 shows a screenshot of the Udacity simulator, where its realistic graphics
appearance can be seen.

Figure 1. Udacity simulator.

It allows video to be captured at 24 frames per second (fps) from three cameras (right,
center, and left) and later stores it as a set of JPG images. It also allows storing a text file
containing additional information, such as image title, steering angle, throttle, reverse, and
speed, among others.

This simulator provides two driving tracks (shown in Figure 2, right side): the Lake
Track spans approximately 1.1 km of a quite ‘simple’ profile. However, it contains standard
curves in both directions, which will be very useful for the controller to ‘learn’ driving. The
other circuit is named the Jungle Track, with a length of 1.5 km and a much more complex
profile (see Figure 2, left side) with a lot of curves.

176



AI 2024, 5

Figure 2. Udacity’s Lake and Jungle Tracks.

The Lake Track was chosen as the training circuit for the model because of its diverse
profile, which provides varied driving data for recording and training. Additionally, the
track offers a simpler circuit for initial model training.

The Jungle Track was considered for verification and evaluation purposes. This is
due to the circuit’s complexity and challenges. This approach ensures a balance between
diversity and result validation, ultimately improving the final model’s quality and gen-
eralizability to various conditions and regions and, furthermore, ensuring the model’s
adaptability to real-world conditions and validating the results.

3.2. Dataset and Processing

Data for self-driving systems are normally very specific for a proposed model or even
private [22]. For this reason, we decided to compose our own dataset. Following other
approaches, we aimed to use an image-based dataset recorded from the car perspective.
However, instead of just considering one frontal image, we placed three different cameras
(with three different angles) on board the simulated car. This added a richer diversity of
‘views’ to the dataset. Figure 3 shows an example image from each camera angle.

Figure 3. Example of images of three camera positions.

The dataset was collected while a human expert controlled the car driving in the
Udacity simulator. A 25 min recording session on the Lake Track was conducted utilizing
three vehicle-mounted cameras located on the left, center, and right sides. The cameras
captured an assortment of driving scenarios, such as varied curve entry speeds and steering
angles. The recording was captured at 24 frames per second, and the average vehicle speed
during the recording was 7.2 mph.

Thus, each sample in the dataset is composed of three images and the associated
information at that specific moment in the simulator, such as the steering angle or the
current speed [26].

Once the dataset was created, we conducted a preprocessing phase. Then, an un-
dersampling process [27] was applied: firstly, identical images with the same steering
angle were removed, since they do not add relevant information for the training of the
self-driving model. Many of these images were stored in the recordings, since 24 frames
are saved every second. Secondly, there was a large amount of samples with a steering
angle equal to 0 (which means ‘do not take any action or move straight ahead’), so these
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samples were removed. After undersampling, the data distribution became more logical,
as illustrated in Figure 4, which shows the distribution of the original dataset.

There are several justifications for the exclusion of samples with a steering angle of
0 (i.e., straight-line driving) from prediction models, with regard to both methodology
and theory. Primarily, the exclusion of a considerable number of straight-line driving
samples allows for the creation of a more balanced dataset, which is essential for the
development of an accurate model. The incorporation of a substantial number of straight-
line samples may result in the development of a model that is excessively simplistic, which
would subsequently diminish its accuracy in anticipating curves or complex scenarios.
Secondly, focusing on disparate steering angles enhances the model’s predictive capacity, as
it responds to data that necessitate a more intricate examination. Thirdly, this methodology
minimizes noise and redundancy within the data, thereby enhancing the model’s efficacy
in processing diverse scenarios and optimizing the quality of the predictions. This, in turn,
renders the model more balanced and effective in handling disparate driving scenarios.

Figure 4. Distribution of dataset before and after data undersampling.

At the end of this process, there were 3882 images left, each of which was taken from
different positions (left, right, or center). In order to use the data to train the controllers,
the original dataset was divided into 80% of samples for training and 20% for validation.
These samples contain a wide variety of steering angles, as illustrated in Figure 5.

Figure 5. Original training and validation dataset distribution.

However, the original dataset was insufficient for training a model capable of handling
all test conditions effectively. As a result, additional data were carefully added (by an
expert) after thoroughly assessing the dataset’s limitations, yielding a novel dataset with a
total duration of approximately 61 min. Thus, it included 35,854 new images covering a
much wider number of driving situations (steering angles with low representation in the
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original dataset). The data recording session was conducted on the Lake Track with the use
of three cameras positioned on the vehicle’s left, middle, and right sides, respectively. The
cameras documented a variety of driving scenarios, including different corner entry speeds
and steering angles, with the recording captured at 24 frames per second. Following again
the undersampling process, a total of 11,658 usable images were obtained. Furthermore,
the novel dataset was divided into 80% of samples for training and 20% for validation.
These samples contain a wide variety of steering angles, as illustrated in Figure 6.

Figure 6. Novel training and validation dataset distribution.

Later, the dataset was augmented, aiming to create new images with new properties
by changing some of the existing similar ones. This process helps to overcome underfitting,
which occurs when a model is too simple to capture the underlying patterns in the data,
especially when there is insufficient training data. This was performed using image
augmentation functions (imgaug and cv2 library) with randomly selected images from the
dataset. Refer to the examples depicted in Figure 7. Namely, the applied processes were
as follows:

• Zooming in: enlarging the dimensions by 130% on both the x and y axes to remove non-
relevant information of the screen borders in order to enhance the extraction of features.

• Brightness change: multiplying all pixels by a random number in the range (0.2, 1.2);
thus the image becomes darker if the random number is less than 1, and if the number
is bigger than 1, it becomes brighter. This allows the model to extract image features
across varying luminosity.

• Panning shift: moving from -10 to +10 pixels on each axis: x and y. This gives some
variation to the images, aiming for the model to concentrate on the most critical aspects
of the image.

• Flipping: mirroring the image horizontally and also changing the label of the steering
angle to its complementary value (negative if it was positive and the other way round).
This increases the chance of the model to extract features from the images in the
opposite direction with a negative steering angle.
After the augmentation process is complete, an example of this process can be observed
in Figure 8, as well as in other works that utilize images for deep learning models [6].
All the images in the dataset were processed to remove unimportant details. This
helps to speed up and refine the training stage. Thus, a combination of operations was
conducted applying the CV2 library: (1) Cropping the image (to ensure the model
focusing on the most important features in the image, such as road lines and road
edges. (2) Converting the image from RGB to YUV, since YUV reduces the bandwidth
in comparison to RGB, resulting in higher efficiency. (3) Using a Gaussian blur filter
to smooth the image. (4) Resizing the image to 200 x 66 in order to better fit with the
used CNN architecture (described in next subsection).
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Figure 7. Augmentation examples.

Figure 8. Original image and image preprocessed by cropping, RGB to YUV, Gaussian blur filter,
and resizing.

3.3. CNN Model Architecture

A convolutional neural network (CNN) is a deep learning (DL) method designed to
process images.

Prior researchers have achieved considerable success in employing this deep learning
(DL) technique for pattern recognition in video [26]. Furthermore, the extraction of more
useful and powerful features is feasible through the exploitation of advances in machine
learning, particularly those pertaining to deep learning [28]. Another study focused on
plant disease classification, and a convolutional neural network (CNN) was applied over
the features extracted from plant leaf images. This convolution process is summarized in
the inputs, filters, and outputs, which include multiple layers and neurons [29].
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In this study, the NVIDIA architecture [22] was considered to build the CNN based on
previous research findings [2,6].

In a previous study [6], the NVIDIA architecture was compared to a less complex
structure. NVIDIA demonstrated superior simulation performance, achieving an accuracy
rate of 96.83% compared to the other architecture’s accuracy rate of 76.67%. These results
suggest that the NVIDIA CNN architecture outperforms other architectures in terms of
performance and accuracy, making it an attractive option, particularly in areas such as
artificial intelligence and efficient image processing.

The considered configuration for the CNN utilizes the parameters defined in different
works of the literature [6,22]. Thus, the kernel size is set to 5 by 2 in the first three layers
and 3 by 3 in the following two. Figure 9 shows the considered CNN architecture, which
uses images extracted from the simulator.

Figure 9. Convolutional neural network (CNN) for steering angle prediction based on
NVIDIA architecture.

As can be seen in Figure 9, the architecture consists of eleven layers; the first is the
input layer containing the car trajectory samples (images). Each sample is labeled with a
steering angle value in the range [−1, 1], where a negative angle indicates a left turn and a
positive angle a right turn. This is followed by five layers with different filters. Then comes
a layer to flatten all the inputs, followed by four dense layers. Finally, the output layer
yields the predicted steering angle [6,22].

An exponential linear unit (ELU) was used as the activation function in all the layers,
since ELUs accelerate learning in deep neural networks and lead to reach a higher accuracy.
An ELU also improves learning compared to units with other activation functions [30].

3.4. Evolutionary Optimization by Means of Genetic Algorithm

Evolutionary algorithms (EAs) are inspired by Darwin’s theory in which individuals
adapt to survive and eliminate traits that make them weaker [10].

EAs have many approaches, such as evolutionary programming, evolutionary strate-
gies, genetic programming, and genetic algorithms [10]. In this study, the genetic algorithm
(GA) was chosen because it is one of the most applied algorithms for optimization in the
literature [12,15], and it is quite simple to implement and combine with other approaches.
The GA displays clear maps of the natural evolutionary process on the computer, where it
is used in machine learning, pattern recognition, and optimization problems [10].

The genetic algorithm (GA) is a population-based method, in which every individual
(or chromosome) is a possible solution for the optimization problem to solve. An individual
is composed of a set of values that are called ‘genes’. The GA applies four main operators:

• Selection: a set of individuals (normally the best) is chosen to be the parents of the
following generation (iteration).

• Crossover: a function that combines the material of two individuals (parents) to create
some descendants (a mixture of the combined ones).

• Mutation: a random variation in the individuals’ genes.
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• Replacement: a substitution of some individuals (normally the worst) by the new
generated ones.

A GA strongly depends on the proper definition of an Evaluation Function, normally
denoted as a fitness function.

In the context of evolutionary algorithms, each solution is typically evaluated by
calculating its fitness value, which facilitates the subsequent selection process. This allows
the algorithm to identify the solution that most closely approximates the desired outcome.
In the context of our study, we employed a generational genetic algorithm [31], whereby
the selected solutions were subjected to a process of mutual recombination. This operator
enables the exchange of characteristics between two or more parental solutions, thereby
producing new offspring. The objective of this approach is to facilitate the transmission of
beneficial traits, thereby enhancing the quality of the population in subsequent generations.

It is important to note, however, that not all evolutionary algorithms rely on com-
bination techniques. To illustrate, a steady-state algorithm [32] may prioritize selection
and replacement strategies, thereby circumventing the necessity for a crossover process.
Moreover, there are sophisticated evolutionary algorithms, such as CMA-ES [33], xNES [34],
and OpenAI-ES [35], which prioritize the enhancement of a single individual rather than
the population as a whole. These algorithms employ techniques such as self-adaptation and
evolutionary strategies. To provide a comprehensive overview of evolutionary algorithms,
we expand our discussion to include these alternative approaches, providing relevant
citations to enhance our understanding of evolutionary algorithms.

We considered the GA for the so-called metaoptimization of the CNN model. So,
the GA was applied to optimize the weights of the model.The algorithm follows the loop
presented in Figure 10.

Figure 10. Genetic algorithm procedure.

Thus, in our approach, CNN models were considered as individuals, and their weights
were the genes. A generational approach was considered, so half of the population are
selected as the parents of the following generation. Two different selection operators were
used: best individuals of the population and random selection.
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Regarding the crossover operation, a series of weights in a layer is transferred from
one model/individual to another, and the layer is chosen randomly. As Figure 11 shows,
a sequence of 24 weights in one layer of the model is transferred to the same layer of the
other model, with the position of the sequence in both parents chosen randomly.

For the mutation, the weights within the model are modified in a random manner.
This is performed with the intention of enhancing diversity and exploring new solutions.
This is achieved by replacing the specified weight with a random value drawn from a
uniform distribution between 0 and 1.

This research examined two types of population replacement, either replacing com-
pletely the previous population with the best new individuals or replacing the population
with a mix of the selected parents and new children.

Figure 11. Example of crossover process.

Algorithm 1 also describes the GA process. The algorithm is based on a genetic
algorithm, which is used to optimize a population of individuals with the objective of mini-
mizing the loss function and achieving enhanced performance. The algorithm commences
with the delineation of a set of parameters, including the mutation probability (p_m) and a
generation comprising 50% of the population (n = 16) with an initial population of 32 indi-
viduals (L). The process commences with the iteration of several generations (MAX_GENS),
during which the parents are selected either based on the least loss or randomly to generate
new individuals. Crossings are performed between individuals to generate new offspring,
and mutations are performed on the resulting offspring according to the mutation prob-
ability in order to enhance diversity and explore new solutions. Subsequently, the new
individuals are evaluated, and the least efficient individuals in the population are replaced
in accordance with the specified scenarios. This may be accomplished by comparing the
fitness of the new individuals (Indivi_i2) with that of existing individuals or by combining
the performance of the parents with that of the offspring. The objective is to optimize the
performance of the population over generations. This is accomplished through the imple-
mentation of selection, crossing, and mutation, which collectively facilitate the attainment
of the optimal solution with minimal loss and maximal efficiency.
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Algorithm 1: Genetic algorithm optimizer.
Parameters : Mutation probability Pmut = 0.2 (or 1)
Parameters : Population size N = 32 (16 parents per generation)
Parameters : Generations MAX_GENS
Input: Initial population of individuals P = {Ind1, Ind2, . . . , IndN}
Output: Optimized population

1 for g = 1 to MAX_GENS do

// Selection of Parents
2 ParentPool ← []

3 for i = 1 to N
2 do

4 if Selection criterion (e.g., minimum loss or random) then

5 ParentPool.append(selected_parent)
6 end

7 end

// Crossover and Mutation to Generate Offspring
8 O f f spring ← []

9 for i = 1 to N
2 do

10 Parent1, Parent2 ← Randomly select two parents from ParentPool
11 Child ← Crossover(Parent1, Parent2)
12 for j = 1 to genes_count do

13 r ← random number between [0, 1]
14 if r < Pmut then

15 Mutate gene j of Child
16 end

17 end

18 O f f spring.append(Child)
19 end

// Replacement Strategy
20 Evaluate fitness of all individuals in P and O f f spring
21 foreach individual child in O f f spring do

22 parent_ f itness ← fitness of corresponding parent
23 child_ f itness ← fitness of child

// Scenario 1: Replace Parent if Offspring is Better
24 if child_ f itness < parent_ f itness then

25 Replace parent with child in population P
26 end

// Scenario 2: Combine Parent and Offspring Fitness
27 combined_ f itness ← parent_ f itness + child_ f itness
28 Use combined fitness to adjust the probability of replacement
29 if combined_ f itness meets threshold then

30 Replace parent with child
31 end

32 end

33 end

34 return Optimized population P

4. Experiments, Results, and Discussion

Three experiments were conducted in this study. Firstly, we trained different ap-
proaches of convolutional neural network (CNN) models combined with different optimiz-
ers from the literature, which were analyzed. Secondly, a GA was tested as an optimizer
for a CNN, evaluating and comparing eight different configurations. Finally, the GA was
also applied on a fully trained model in order to fine-tune its already optimized weights
(with a standard optimizer). All the results of these models were compared. In the first
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two experiments, the original dataset was considered, while the third experiment was
conducted also using the novel dataset to compare its influence on the results.

The Python programming language and Google Collaboratory (one machine and one
GPU) were utilized to write and compile the code, with various libraries such as KERAS,
TensorFlow, Scikit-learn, Pandas, NumPy, CV2, and Imgaug integrated for added functionality.

4.1. Experimental Setup

The models were evaluated considering the mean squared error (MSE) as a loss
function. It calculates the mean of the squared difference between observed and predicted
values [36]. See the formula in Equation (1):

MSE =
1
n

n

∑
i=1

(yi − y′i)
2 (1)

where n is the number of observations/samples, yi is the value of the i-th observation, and
y′i is the i-th predicted value. The learning rate was set to the default value in the CNNs.

The GA was executed for 50 generations (iterations) with a population of 32 individ-
uals (models), using the aforementioned selection, crossover, mutation, and replacement
approaches. Fitness was calculated by determining the mean squared error (MSE) for each
individual when running the CNN model with its respective weights.

A total of 30 runs were performed for each non-deterministic optimizer and 10 for
each GA approach (due to the high demand on computing time of this algorithm).

4.2. Training CNN Model Using Different Optimizers

In the first experiment, eight existing optimizers were studied, namely, Nadam, Adam,
RMSprop, Adamax, SGD, Adagrad, Adadelta, and Ftrl [37].

The loss value was calculated using the mean square error (MSE) on the training data
(TD) and also on the validation or test data (VD). The average loss for the 30 models trained
by each optimizer is shown in Figure 12.

Table 1 also presents the results but in a numerical way. Training the models by using the
Nadam optimizer had the lowest average loss based on the training dataset, while the highest
mean loss was obtained using Ftrl. In addition, RMSprop and Adam obtained a very good
result, as RMSprop had the lowest loss based on the validation dataset. Therefore, we used
the models trained with this optimizer in the third set of experiments, which is explained in
Section 4.4.

Figure 12. Loss (MSE) boxplots for the 30 trained models for each optimizer, based on the training
dataset (left boxplot) and validation dataset (right boxplot).
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Table 1. Loss (MSE) results: minimum, average (Avg), and standard deviation (SD) of 30 runs on the
training dataset (TD) and the validation dataset (VD) for model training using different optimizers.

Optimizer Data Min Loss Avg SD

Nadam TD 0.0750 0.0789 ±0.0024
VD 0.0802 0.0838 ±0.0022

Adam TD 0.0758 0.0799 ±0.0022
VD 0.0839 0.0884 ±0.0024

RMSprop TD 0.0745 0.0802 ±0.0025
VD 0.0755 0.0796 ±0.0030

Adamax TD 0.0829 0.0885 ±0.0026
VD 0.0888 0.0937 ±0.0026

SGD TD 0.1033 0.1081 ±0.0019
VD 0.1075 0.1117 ±0.0019

Adagrad TD 0.1155 0.1195 ±0.0026
VD 0.1084 0.1116 ±0.0022

Adadelta TD 0.1346 0.1422 ±0.0030
VD 0.1332 0.1398 ±0.0028

Ftrl TD 0.1480 0.1515 ±0.0015
VD 0.1562 0.1600 ±0.0015

4.3. Optimizing CNN Model by Means of GA Using Different Configurations

As stated before, in the second experiment, an optimization method based on a GA
was implemented and applied to a CNN to train a self-driving model. The considered
evaluation function (fitness) was the loss value, since a smaller loss means a smaller error
and therefore a better optimization result.

This section also studies the impact of the different configurations for the genetic
operators (selection, mutation, and replacement), as described in Section 3.4.

Thus, 10 runs were performed with each of the following configurations:

• BBH: selects the best individuals, replaces the population with the best individuals,
and has high mutation probability.

• BBL: selects best individuals, replaces population with best individuals, and has low
mutation probability.

• BNH: selects the best individuals, replaces the population with parents and children,
and has high mutation probability.

• BNL: selects the best individuals, replaces the population with the parents and chil-
dren, and has low mutation probability.

• RBH: randomly selects individuals, replaces the population with the best individual,
and has high mutation probability.

• RBL: randomly selects individuals, replaces the population with the best individual,
and has low mutation probability.

• RNH: randomly selects individuals, replaces population with parents and children,
and has high mutation probability.

• RNL: randomly selects individuals, replaces population with parents and children,
and has low mutation probability.

Tuning a model such as a CNN with a huge amount of weights would be an extremely
demanding task if we aimed to test all the possibilities, given that there could be millions of
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possible combinations. Thus, applying a GA can perform this task in a reasonable amount
of time.

In this study, the GA optimizer starts from a random distribution of weights in the
initial population, and it is able to evolve to a competitive configuration for the CNN, as
shown in the results presented in Table 2 and Figure 13 after 50 generations. To enhance
clarity and effectively emphasize the performance of the optimal optimizer, we decided
to limit the range of the curves (graphs) presented in our analysis, since showing the
complete ranges would have made it harder to see the essential details necessary for a clear
understanding of the key findings. In particular, the RNH and RNL results are cut, because
these approaches are based on random selection methods, which lead to considerable
variability in the results.

Table 2. Loss (MSE) results of 10 runs applying GA on the CNN model with different configurations
for selection function, replacement policy, and mutation operator. Minimum, average (Avg), and
standard deviation (SD) are included.

Min Loss Avg SD

BBH 0.1445 0.1471 ±0.0016
BBL 0.1417 0.1451 ±0.0020
BNH 0.1445 0.1472 ±0.0019
BNL 0.1433 0.1459 ±0.0015
RBH 0.1443 0.1472 ±0.0013
RBL 0.1436 0.1457 ±0.0016
RNH 0.4200 8.4456 ±7.1396
RNL 0.1498 0.2496 ±0.2076

As can be seen in the table and figure, all the approaches yielded similar results,
excepting RNH and RNL, which are the configurations that are more focused on exploration,
i.e., they add more random components to the search than the rest of the approaches:
random selection of parents and replacement with children even if they are worse than
previous individuals in the population. This can be also seen in the high value of the
standard deviation in both cases.

The best results were obtained by the BBL configuration, which is the approach that
most focuses on exploitation, i.e., selecting the best parents overall, replacing with the best
individuals, and applying a low mutation factor.

In comparing the optimizer based on a GA and the rest of the optimizers from the
literature, we see the best solution (0.1417) was obtained by BBL. It is better than the best
solution obtained by the Ftrl optimizer (0.1480).

Given that this proposal is a proof of concept conducted using relatively low computa-
tional power (one machine with one GPU), we can consider these results to be promising.
This also leads us to think that obtaining a better loss than the best optimizers is doable, but
it would be a very demanding task using a GA, because this method is, at the end of the day,
a search algorithm inside a space of possible solutions, and the number of combinations of
weight values is gargantuan.

However, considering the great power of GAs, they can obtain the optimal combina-
tion of weights if we give them enough time/computational power, as they are able to
move to different parts of the search space, avoiding local optima, which is something that
most of the standard optimizers cannot achieve.
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Figure 13. Average loss (MSE) of 10 runs for each of the different configurations for the GA optimizer
over the CNN model.

4.4. GA Optimization of a Fully Trained (and Optimized) Model

Finally, the last experiment assessed the value of the GA for the enhancement of
already optimized models. To this end, we considered the most effective approaches
outlined in Section 4.2, namely, CNN models with RMSprop, Adam, or Nadam optimiz-
ers. Thereafter, a GA with the BBL configuration (the optimal outcome of the second
experiment) commenced with the set of weights defined by that optimizer (of 32 mod-
els trained by RMSpro, Adam, or Nadam as population) and conducted an additional
evolutionary process.

Table 3 presents a comparative analysis of three optimizers—namely, Adam & GA,
Nadam & GA, and RMSprop & GA—on two distinct datasets. The original and novel
datasets were employed to assess the performance of the optimizers. The results demon-
strated that RMSprop & GA achieved the lowest minimum loss on the original dataset,
indicating superior training efficiency. Additionally, Adam & GA exhibited consistent
performance across the two datasets, achieving the lowest minimum loss on the origi-
nal dataset compared to the other optimizers. Overall, RMSprop & GA demonstrated
superior performance in reducing losses, particularly during training. However, in the
simulation, Adam & GA was the most effective optimizer, a finding that is discussed in the
subsequent section.

As can be seen, an improvement is obtained in all cases, which proves again the value
of GAs. It also reinforces our hypothesis regarding the application of a GA as the optimizer
in order to obtain smaller loss than the rest of optimizers.

Although the difference in the optimization is not big, it was consistent with the
application of a GA for only 50 generations (which will be bigger with more generations).
Moreover, we can consider it as relevant due to the sensitivity of the field in which this
study is enclosed. Thus, any error in the self-driving vehicle is a potential threat to human
life or to material losses. Furthermore, the aforementioned optimization yielded favorable
outcomes in terms of driver performance as assessed through simulation-based evaluations.

In this research, execution speed and optimization time were not discussed because
all the tested optimizers were integrated in Keras [37], so they can be run on clusters of
GPUs or TPUs. Furthermore, Keras is built on the TensorFlow platform, which provides
high-speed computation [38]. The tested GA is a preliminary approach, which would be
improved if it could be implemented (or integrated) also in Keras.
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Table 3. Comparison of enhanced optimizers (by means of GA) on the two datasets. Loss (MSE) value
is presented at the beginning (initial population loss) and after the GA optimization process (min loss).

Optimizer Dataset Init Populat Loss Min Loss

Adam & GA Original 0.076 0.0752
Novel 0.123 0.1199

Nadam & GA Original 0.075 0.0747
Novel 0.130 0.127

RMSprop & GA Original 0.075 0.0709
Novel 0.129 0.122

4.5. Autonomous Drivers Performance Tests

Performance tests for autonomous drivers represent a crucial component of the eval-
uation process; while theoretical outcomes may exhibit promising results, actual driving
performance may diverge from these results. The drivers were subjected to testing in
a simulator on two distinct tracks, the Jungle and Lake Tracks. The assumed checking
distance was set to be three laps of each track.

Table 4 presents the simulation performance of models representing autonomous
controllers driving through the Jungle and Lake tracks. The table provides the obtained
results of the CNN models combined with the standard optimizers considered in this study,
as well as those obtained after the improvement of the best optimizers by means of a GA,
as stated previously in Section 4.4. The table shows the ‘theoretical’ evaluation based on the
loss (MSE) value for the predicted steering angle, together with some performance metrics
reached at the circuit, namely, max and average speed, covered distance, and time driving.
In each case, the first row depicts the results achieved by training the model on the original
dataset, while the next row shows the results obtained after training the model on the
new dataset.

Looking at the results in the training track (Lake), it can be noticed that almost all the
controllers successfully completed the three-lap test distance. Those that were not able to
do this could not be considered as reliable controllers for autonomous driving following
the presented approach. Focusing on the best ones, the fact that the loss in the new dataset
was always worse could be remarkable. This could be interpreted as a poorer performance
for the models; however, this happens due to the ‘harder’ dataset used. In spite of this, the
controllers trained using the new dataset behaved much better (than those trained using
the original one) when we tested them on the circuit. This reinforces the quality of the
enhanced dataset we composed.

With regard to the results obtained on the Jungle Track (unknown for the controllers),
it can be seen that, again, models trained using the new dataset obtain a much better
performance on the circuit, while their loss is a bit worse. Actually, only models trained
with the new dataset were able to finish the three laps on this track, since it is much more
difficult than the training one (see Figure 2). Specifically, just Adam variations could reach
the end of the test without experiencing any crashes or deviations from the specified path.
Only “Adam” and “Adam&GA” made it to the end of the test circuit. Although “Adam”
ended with a driver going off the track before getting back on, “Adam&GA” finished the
track without any derailments. The rest of the controllers had incidents that caused them
to avoid finishing (such as crashing out of the bounds of the lane). This performance is
particularly impressive on the Jungle Track, given that the model had not undergone any
pretraining and given its difficulty.

Focusing on the optimizers, the results also indicate that models trained with Adam
outperform those trained with RMSprop, as measured by the loss (MSE). Vehicles trained
using a CNN and RMSprop were only able to cover short distances before deviating from
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the track during the simulation. Models trained with RMSprop & GA (RMSprop and
genetic algorithm) outperformed those trained with RMSprop alone on both tracks.

Furthermore, the effectiveness of models trained with SGD, Adagrad, and Adadelta
was limited as they could only cover short distances on the training and validation tracks
before derailing. The case of Nadam is also remarkable, but in the bad sense, since the
results from driving on the Jungle Track are poorer using the novel dataset than the
original one.

Additionally, we could argue that the CNN model utilizing the Ftrl optimizer was
not appropriate for autonomous driving as it did not produce angle changes, even when
traveling only a short distance before veering off the track.

The results of this study offer insight into model performance, including adaptability
to various environments and the impact of algorithms on final outcomes. Based on these
results, it can be concluded that the models trained using Adam with genetic algorithms
were the most effective.

The optimal model was Adam & GA, trained on the novel dataset, which demonstrated
remarkable performance in the simulation. The model demonstrated the capacity to
complete the entire circuit with a top speed of 18.9 m/s, signifying a notable enhancement
in performance compared to previous trials. In comparison, Adam also completed the
stages but deviated from the road on the Jungle Track and then recovered and continued.

Table 4. Performance metrics for simulation on Jungle and Lake Tracks along 3 laps: Comparison
of performance of the different CNN controllers, both original ones with standard optimizers and
those improved applying GA. The results show the following: the used optimizer, the epoch (G
is for considered generations in the genetic algorithm), and the obtained loss in the steering angle
prediction. First line refers to original dataset and second to the new dataset. Together with the loss,
the controller’s performance in each track is presented as follows: driving speed (maximum, average,
and standard deviation), distance covered out of the 3 laps, and the time driving (in seconds) to cover
that distance.
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Adam & GA 50 G 0.0752 6.19 5.44 ±0.04 3 Laps 1400
50 G 0.1199 7.92 7.48 ±0.059 3 Laps 1024

Adam 10 E 0.0839 5.48 5.44 ±0.008 3 Laps 1400
50 E 0.1229 8.03 7.48 ±0.060 3 Laps 1025

Nadam & GA 50 G 0.0747 8.56 7.49 ±3.17 3 Laps 1032
50 G 0.127 7.64 7.48 ±0.039 3 Laps 1021

Nadam 10 E 0.0802 5.71 5.44 ±0.020 3 Laps 1400
34 E 0.1298 7.64 7.48 ±0.027 3 Laps 1019

RMSprop
& GA

50 G 0.0709 6.31 5.41 ±0.35 863.122 357

50 G 0.122 7.87 7.48 ±0.05 3 Laps 1023

RMSprop 10 E 0.0755 7.68 5.42 ±0.40 737.042 304
38 E 0.1291 7.79 7.48 ±0.05 3 Laps 1024

Adadelta 10 E 0.1333 6.85 5.39 ±0.55 260.088 108
50 E 0.2197 11.35 7.5 ±1.13 217.88 65

Adamax 10 E 0.0889 6.32 5.37 ±0.49 384.058 160
40 E 0.1339 7.68 7.48 ±0.04 3 Laps 1024

SGD 10 E 0.1076 7.54 5.39 ±0.57 349.073 145
31 E 0.1712 7.82 7.49 ±0.024 3 Laps 1016

Adagrad 10 E 0.1084 6.76 5.37 ±0.62 218.067 91
24 E 0.1908 11.77 7.51 ±0.89 339.08 101

Ftrl 10 E 0.1563 7.08 5.35 ±0.58 265.392 111
14 E 0.3008 9.94 7.4 ±0.81 254.91 77
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Table 4. Cont.
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Adam & GA 50 G 0.0752 7.19 4.87 ±0.64 308.864 142
50 G 0.1199 18.9 6.9 ±1.31 3 Laps 635

Adam 10 E 0.0839 7.16 4.88 ±0.94 117.789 54
50 E 0.1229 18.49 5.45 ±2.94 3 Laps 814

Nadam & GA 50 G 0.0747 10.67 7.11 ±0.9 330.408 104
50 G 0.127 9.66 6.89 ±1.57 110.844 36

Nadam 10 E 0.0802 7.09 4.72 ±1.05 80.162 38
34 E 0.1298 9.1651 6.63 ±2.12 26.694 9

RMSprop
& GA

50 G 0.0709 6.67 4.9 ±0.66 249.661 114

50 G 0.122 18.21 7.3 ±1.86 777.966 238

RMSprop 10 E 0.0755 7.12 4.89 ±0.67 238.48 109
38 E 0.1291 10.3 6.98 ±1.18 287.352 92

Adadelta 10 E 0.1333 9.38 4.89 ±2.94 21.85 10
50 E 0.2197 10.08 6.74 ±2.37 7.528 9

Adamax 10 E 0.0889 6.86 4.68 ±1.02 79.479 38
40 E 0.134 10.15 7.12 ±0.61 141.3 160

SGD 10 E 0.1076 10.82 4.98 ±1.43 80.204 36
31 E 0.1712 9.896 7.12 ±0.88 216.49 68

Adagrad 10 E 0.1084 7.25 4.69 ±1.19 62.94 30
24 E 0.1908 9.5 7.1 ±0.96 171.264 54

Ftrl 10 E 0.1563 7.01 4.45 ±1.89 19.916 10
14 E 0.3008 9.93 6.69 ±2.6 20.937 7

5. Conclusions and Future Work

In this work, we present an approach for a module to be used in a future autonomous
driving agent, aiming to infer the steering angle in a self-driving car based on a set of
images captured while driving and received as input.

To this end, we created two of our own image-based datasets collected while driving in
the Udacity simulator. The simulator allowed us to gathering images from three on-board
camera locations (right, center, and left). Then, each group of images were preprocessed (to
enhance their utility) and labeled considering the current steering angle.

Convolutional neural network (CNN) models of NVIDIA architecture with eight
different optimizers (Nadam, Adam, RMSprop, Adamax, SGD, Adagrad, Adadelta, Ftrl)
were trained on these data to analyze the best approach. Training the CNN model using
the Nadam optimizer had the lowest/best average loss, while the highest/worst average
loss was obtained using the Ftrl optimizer.

In addition, a genetic algorithm (GA) approach was proposed and tested, aiming to
optimize the set of weights on which the CNN depends. Thus, additional CNN models
based on the same architecture were then built starting from random weights. The GA was
applied to optimize the weights of these models, as well as other previously trained and
optimized models, using some of the aforementioned optimizers from the literature.

Several experiments were performed with different configurations for the GA, and the
obtained models were then compared with previous optimizers. According to the results of
these experiments, we concluded that the GA is a valid and promising tool for optimizing
CNN weights, starting from both random values and optimized ones.

This study presents simulation results on the performance of CNN models using
different optimization tools, such as Nadam, Adam, and Adam & GA (Adam with
genetic algorithms). The results indicate that using Adam & GA was the most effec-
tive, while models using RMSprop were less effective than those using the genetic algo-
rithm alone. The effectiveness of models using SGD, Adagrad, and Adadelta was found
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to be weak. Furthermore, it was observed that models using Ftrl are not suitable for
autonomous driving.

Thus, this tool will be deeply studied in future works, aiming to optimize not only
weights of the models but also their internal structure (layer composition) and their config-
uration parameters (algorithm metaoptimization). In this line, the GA will be implemented
using other tools and integrated into Keras, if possible, to take advantage of the comput-
ing resources that can be used in this framework. In addition, more sophisticated EA
approaches (such as OpenAI-ES [35]) or even specialized ones will be applied to the CNN
models, aiming to reach a better performance in autonomous driving. Another line to
explore will be the consideration of Transformers [39], a more advanced deep learning
technique that could be useful in this domain.
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Abstract: Maximum entropy (MaxEnt) models are a class of statistical models that use the maximum
entropy principle to estimate probability distributions from data. Due to the size of modern data sets,
MaxEnt models need efficient optimization algorithms to scale well for big data applications. State-of-
the-art algorithms for MaxEnt models, however, were not originally designed to handle big data sets;
these algorithms either rely on technical devices that may yield unreliable numerical results, scale
poorly, or require smoothness assumptions that many practical MaxEnt models lack. In this paper, we
present novel optimization algorithms that overcome the shortcomings of state-of-the-art algorithms
for training large-scale, non-smooth MaxEnt models. Our proposed first-order algorithms leverage
the Kullback–Leibler divergence to train large-scale and non-smooth MaxEnt models efficiently.
For MaxEnt models with discrete probability distribution of n elements built from samples, each
containing m features, the stepsize parameter estimation and iterations in our algorithms scale on
the order of O(mn) operations and can be trivially parallelized. Moreover, the strong �1 convexity
of the Kullback–Leibler divergence allows for larger stepsize parameters, thereby speeding up the
convergence rate of our algorithms. To illustrate the efficiency of our novel algorithms, we consider
the problem of estimating probabilities of fire occurrences as a function of ecological features in the
Western US MTBS-Interagency wildfire data set. Our numerical results show that our algorithms
outperform the state of the art by one order of magnitude and yield results that agree with physical
models of wildfire occurrence and previous statistical analyses of wildfire drivers.

Keywords: primal–dual method; maximum entropy estimation; Kullback–Leibler divergence; wildfire science
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1. Introduction

Maximum entropy (MaxEnt) models are a class of density estimation methods that
use the maximum entropy principle [1] to reproduce key statistics of data sets. Historically
used in physics [1,2], engineering [3–5], and statistics [6] applications, MaxEnt models
are now frequently used for large-scale machine learning problems in natural language
processing [7–12], social science [13–15], neuroscience [16–18], ecological modeling [19–28],
and wildfire science [29–31]. MaxEnt models in machine learning must often estimate
probability distributions from big data sets comprising hundreds of thousands to billions of
samples or features or both [32]. Due to this enormous number, large-scale MaxEnt models
need efficient and robust algorithms to perform well.

State-of-the-art algorithms for MaxEnt models, however, were not originally designed
to handle big data sets; these algorithms either rely on technical devices that may yield
unreliable numerical results [33], scale poorly in size [9,34], or require smoothness assump-
tions that many MaxEnt models lack in practice [10]. These limitations make it essentially
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impossible to scale MaxEnt models to big data applications without adequate and costly
computational resources [35,36]. This constraint on computational resources, in particu-
lar, has been recently identified as a crucial challenge to overcome for using large-scale
MaxEnt models in climate change and wildfire studies within a reasonable amount of run
time [27,28,30,37].

1.1. Contributions of This Paper

In this paper, we present novel optimization algorithms that overcome the short-
comings of state-of-the-art algorithms used for training large-scale, non-smooth MaxEnt
models. Our proposed algorithms are first-order accelerated nonlinear primal–dual hybrid
gradient (NPDHG) algorithms, whose theory was provided by two authors of this paper
in [38], based on the Kullback–Leibler divergence. Using the Kullback–Leibler divergence
over the classical proximal operator makes it possible to train large-scale and non-smooth
MaxEnt models much more efficiently than the state of the art. In particular, we show
that, for a MaxEnt model with a discrete probability distribution of n elements built from
samples each containing m features, the stepsize parameter estimation and iterations in
our algorithms all scale on the order of O(mn) operations. This significantly improves on
the known complexity bound of O(min(m2n, mn2)) operations for computing the optimal
stepsize parameters of classical first-order optimization methods, such as the linear PDHG
or forward–backward splitting methods. We also show, as a consequence, that, for a given
tolerance level ε > 0, our algorithms provably compute solutions using on the order of
O(mn/

√
ε) or O(mn/ log(1/ε)) operations, the order depending on the smoothness of

the MaxEnt model and which are optimal with respect to the Nesterov class of optimal
first-order methods [39]. Moreover, the computational bottleneck consists of matrix–vector
multiplications, which can be trivially parallelized, and so our proposed algorithms exhibit
scalable parallelism. Finally, we show that the strong convexity of the Kullback–Leibler
divergence with respect to the �1 norm naturally allows for significantly larger stepsize
parameters, thereby substantially speeding up the convergence rate of our algorithms.

To illustrate the efficiency of our novel algorithms on large-scale problems, we present
an application to wildfire science. Specifically, we consider the problem of estimating the
probabilities of fire occurrences across the western US as a function of ecological features.
To do so, we fit elastic net, non-overlapping group lasso, and �∞ MaxEnt models to a
large number of hyperparameters using our proposed algorithms and the state-of-the-art
forward–backward splitting and coordinate descent STRUCTMAXENT2 algorithms [40,41].
Our numerical results show that our algorithms outperform the two latter algorithms by at
least one order of magnitude, and yield results that are in good agreement with physical
models of wildfire occurrence [42,43] as well as previous statistical analyses of wildfire
drivers [29–31,44].

1.2. Organization of This Paper

This paper is organized as follows. In Section 2, we present our setup, we describe
how MaxEnt models work, and we review three popular non-smooth MaxEnt models that
are challenging to train with big data sets: the elastic net, group lasso, and �∞ regularized
MaxEnt models. In Section 3, we explain why large-scale, non-smooth MaxEnt models
are particularly challenging to train from big data sets, and we describe the state-of-
the-art algorithms for training these MaxEnt models and their limitations. In Section 4,
we describe our approach for estimating MaxEnt models with NPDHG optimization
methods, derive explicit algorithms for regularized MaxEnt models, and explain why our
algorithms overcome the limitations of state-of-the-art algorithms. In Section 5, we present
an application of our algorithms to wildfire science, where we train a large number of
MaxEnt models on the Western US MTBS-Interagency (WUMI) wildfire data set [45] to
estimate the probabilities of fire occurrences as a function of ecological features. Finally, we
review our results and outline directions for future work in Section 6.
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2. Preliminaries

2.1. Setup

Suppose we receive l independent, identically distributed samples {v1, . . . , vl} ⊂ I
from an unknown distribution D. We assume throughout, without of loss of generality,
that the input space I ≡ {1, . . . , n}. In addition, suppose we have a prior probability
distribution pprior on I that encapsulates some prior knowledge about the samples or
unknown distribution. Finally, suppose we have access to a set of features from the
samples via a bounded feature map Φ : I → Rm. Then, how do we estimate the unknown
distribution D from the prior distribution pprior, the samples {v1, . . . , vl}, and the feature
map Φ?

The maximum entropy principle offers a systematic way to answer this question. It
states that the distribution that best estimates the unknown distribution D is the one that
remains as close as possible to the prior probability pprior while matching the features
{Φ(v1), . . . , Φ(vl)} exactly or as closely as possible, in some suitable sense. Specifically,
let Δn denote the n-dimensional probability simplex and suppose pprior ∈ int Δn (i.e.,
pprior(j) > 0 for every j ∈ {1, . . . , n}). We measure the closeness of a probability dis-
tribution p ∈ Δn to the prior probability pprior using the Kullback–Leibler divergence
DKL : Δn × int Δn → R:

DKL(p ‖ pprior) =
n

∑
j=1

p(j) log
(

p(j)/pprior(j)
)
. (1)

Next, let D̂ denote the empirical distribution induced by samples {v1, . . . , vl}:

D̂(j) =
1
l
|{1 � i � l | vi = j}|. (2)

In addition, let ED̂ [Φ] denote the empirical average of the features induced by the samples
and let Ep[Φ] denote the model average induced by a probability distribution p ∈ Δn:

ED̂ [Φ] =
n

∑
j=1
D̂(j)Φ(j) and Ep[Φ] =

n

∑
j=1

p(j)Φ(j).

We measure how the averages ED̂ [Φ] and Ep[Φ] match using a function H∗ : Rm → R ∪
{+∞} called the potential function. MaxEnt models combine the two measures described
above and seek to minimize the sum

inf
p∈Δn

f (p; t) = inf
p∈Δn

{
DKL(p ‖ pprior) + tH∗

(
ED̂ [Φ]−Ep[Φ]

t

)}
(3)

where t > 0 is a hyperparameter selected using data-driven methods, e.g., cross-validation.
Standing assumptions: The potential function is proper, lower semicontinuous, con-

vex, and bounded from below by zero with H∗(0) = 0. Under the standing assumptions
above on the potential function, which are fairly general, the probability distribution D̂ is a
feasible point of (3). Moreover, the MaxEnt estimation problem (3) admits a unique global
solution (see ([46], Page 35, Proposition 1.2); uniqueness follows from the strong convexity
of the Kullback–Leibler divergence with respect to the �1 norm [47–51]).

2.2. Dual Formulation and Optimality Conditions

The generalized MaxEnt problem (3) admits a dual problem corresponding to regular-
ized maximum a posteriori estimation [52]. To derive the dual problem, we first write the
second term on the right hand side of (3) in terms of its convex conjugate,

tH∗
(
ED̂ [Φ]−Ep[Φ]

t

)
= sup

w∈Rm

{〈
w,ED̂ [Φ]−Ep[Φ]

〉− tH(w)
}

,
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where we abuse notation and write the convex conjugate of H∗ as H. This lets us express
problem (3) in saddle-point form:

inf
p∈Δn

sup
w∈Rm

{〈
w,ED̂ [Φ]−Ep[Φ]

〉− tH(w) + DKL(p ‖ pprior)
}

. (4)

Due to our assumptions on the potential function H∗, we can swap the infimum and
supremum ([46], Statement (4.1) on page 61). Using the convex conjugate formula

inf
p∈Δn

{
DKL(p ‖ pprior)−

〈
w,Ep[Φ]

〉}
= − log

[
n

∑
j=1

pprior(j)e〈w,Φ(j)〉
]

,

we obtain the dual problem of (3)

sup
w∈Rm

{〈
w,ED̂ [Φ]

〉− tH(w)− log

[
n

∑
j=1

pprior(j)e〈w,Φ(j)〉
]}

. (5)

The dual problem (5) is a regularized maximum likelihood estimation problem over the
family of Gibbs distributions [41,52]. It has at least one global solution ([46], Proposition (1.2)
on page 35). Moreover, if (ps, ws) denotes a pair of solutions to the MaxEnt estimation
problem (3) and its dual (5), then this pair satisfies the optimality conditions

ED̂ [Φ]−Eps [Φ] ∈ t∂H(ws) and ps(j) =
pprior(j)e〈ws ,Φ(j)〉

∑n
j=1 pprior(j)e〈ws ,Φ(j)〉 , (6)

for every j ∈ {1, . . . , n} where ∂H(ws) denotes the subdifferential of H at ws.

2.3. Examples of Non-Smooth MaxEnt Models

MaxEnt models differ in the choice of the prior distribution pprior, hyperparameter
t, and the potential function H∗. In practice, the prior distribution is often chosen to
be uniform and the hyperparameter is chosen via data-driven methods. The choice of
potential function depends on the application. The classical MaxEnt model uses the
indicator function

u �→ H∗(u) =
{

0, if u = 0,

+∞ otherwise.

This forces the model average Ep[Φ] to be equal to the empirical average ED̂ [Φ]. However,
this is often too restrictive because the averages are expected to be close, and not equal,
with high probability. Forcing the model and empirical averages to be equal can lead to
severe over-fitting issues with big data sets, and more flexibility is therefore desired.

We review below three different non-smooth MaxEnt models that offer this flexibility:
the elastic net, group lasso, and �∞-regularized MaxEnt models. We chose these models
because they are used extensively in statistics and machine learning but are also challenging
to train on big data sets due to their non-smoothness [20,26,27,53]. These models will also
be used for our numerical experiments and results in Section 5.

2.3.1. Elastic Net Regularized MaxEnt Models

These models use for potential function the relaxation of the convex conjugate of the
�1-norm:

u �→ H∗(u) ≡
(

1− α

2
‖·‖2

2 + α‖·‖1

)∗
(u) =

1
2(1− α)

m

∑
i=1

max(0, |ui| − α)2
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where α ∈ (0, 1). This yields the elastic net regularized maximum entropy estimation problem

min
p∈Δn

{
DKL(p ‖ pprior) +

1
2t(1− α)

m

∑
i=1

max
(
0,
∣∣[ED̂ [Φ]]i − [Ep[Φ]]i

∣∣− tα
)2
}

. (7)

This type of regularization is frequently used for feature selection in machine learning [12,20,54,55].
The corresponding dual problem is

sup
w∈Rm

{〈
w,ED̂ [Φ]

〉− t
(
(1− α)

2
‖w‖2

2 + α‖w‖1

)
− log

[
n

∑
j=1

pprior(j)e〈w,Φ(j)〉
]}

. (8)

Thanks to the elastic net penalty (1−α)
2 ‖w‖2

2 + α‖w‖1, problem (8) is strongly concave and
has a unique solution.

An important aspect of the elastic net penalty is that it promotes sparsity; that is, it
leads to a solution with many entries equal to zero [56–58], the number depending on the
hyperparameter t and parameter α. Sparsity is useful when seeking accurate solutions
based only on a few features or when performing feature selection.

2.3.2. Group Lasso Regularized MaxEnt Models

These models are specified starting from the dual problem. Consider a partition G
of the components of a vector w ∈ Rm into g different and possibly overlapping groups
[w1, . . . , wg] with wg ∈ R

mg and ∪G
g=1wg = w. Let w �→ ∥∥wg

∥∥
2,g denote the �2 norm over

the respective components of the gth group. Then, the dual version of the group lasso
regularized maximum entropy estimation problem is

sup
w∈Rm

{
〈w,ED̂ [Φ]〉 − t

G

∑
g=1

√
mg

∥∥wg
∥∥

2,g − log

[
n

∑
j=1

pprior(j)e〈w,Φ(j)〉
]}

. (9)

Thanks to the group lasso penalty ∑G
g=1

√mg
∥∥wg

∥∥
2,g, problem (10) is strictly concave and

so has at least one global solution. The corresponding primal problem follows from the
convex conjugate formula

u �→ H∗(u) ≡
(

G

∑
g=1

√
mg‖·‖2,g

)∗
(u) =

{
0, if

∥∥ug
∥∥

2,g � √mg for g = 1, . . . , G,

+∞, otherwise,

and it is therefore given by

min
p∈Δn

DKL(p ‖ pprior) s.t.
∥∥ED̂ [Φg]−Ep[Φg]

∥∥
2,g � t

√
mg for g = 1, . . . , G. (10)

Similarly to the elastic net penalty, the group lasso penalty promotes sparsity in
the global solutions of (9), but it differs in that it sets different blocks of components
[w1, . . . , wg] to zero at the same time.

2.3.3. �∞-Regularized MaxEnt Models

These models use for potential function the convex conjugate of the �∞ norm,

u �→ H∗(u) ≡ ‖u‖∗∞ = {û ∈ R
m | ‖u− û‖1 � 1},

which is the characteristic set of the �1 ball with unit radius. This yields the �∞-regularized
maximum entropy estimation problem

min
p∈Δn

{
DKL(p ‖ pprior) + t

∥∥∥∥ED̂ [Φ]−Ep[Φ]

t

∥∥∥∥∗
∞

}
. (11)
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This type of regularization is used for certain machine learning problems, including ma-
trix factor decomposition, and in robust statistics applications (see, e.g., [53,59]). The
corresponding dual problem is

sup
w∈Rm

{
〈w,ED̂ [Φ]〉 − t‖w‖∞ − log

[
n

∑
j=1

pprior(j)e〈w,Φ(j)〉
]}

(12)

Thanks to the �∞ norm, problem (12) is strictly concave and has at least one global solution.

3. Related Work

3.1. Large-Scale Sparse MaxEnt Models: Computational Challenges

Estimating a probability distribution from the MaxEnt model (3) can be computationally
prohibitive for big data sets. To illustrate this point, suppose the MaxEnt model (3) with
hyperparameter t � 0 has a global solution ps(t). Let pε(t) ∈ Δn with ε > 0 denote an
ε-approximate solution to the global solution ps(t), that is, the objective function f in (3) satisfies

f (pε(t); t)− f (ps(t); t) < ε.

If the potential function H∗ is smooth (equivalently, its conjugate H is strongly convex), the
best achievable rate of convergence for computing pε(t) with t > 0 in the Nesterov class
of optimal first-order methods is linear O(log(1/ε)) in the number of operations [39]. If
H is not smooth, then the optimal convergence rate is sublinear O(1/

√
ε) in the number

of operations.
These rates, while optimal, require carefully fine-tuned stepsize parameters. In classi-

cal first-order optimization algorithms, these stepsize parameters are fine-tuned using a
precise estimate of the largest singular value of the linear operator A : Δn → Rm defined by

Ap =
n

∑
j=1

p(j)Φ(j) = Ep[Φ]. (13)

Unfortunately, computing the largest singular value of the linear operator A in (13) accu-
rately is often computationally expensive for large matrices due to its prohibitive cubic
cost of O(min (m2n, mn2)) operations [60]. In this situation, line search methods and other
heuristics can sometime be employed to bypass this issue, but they typically slow down the
convergence speed. Another approach is to compute a crude estimate of the largest singular
value of the matrix A, but doing so significantly reduces convergence speed as well. In
fact, even if the largest singular value can be computed quickly, the resulting stepsize
parameters may be much smaller than what is permissible to maintain convergence, that
is, the largest singular value itself may be a poor estimate for determining how large the
stepsize parameters are allowed to be to maintain convergence. This point will discussed
in more detail in Section 4.1 when we describe our proposed NPDHG algorithms.

This issue makes solving the MaxEnt model (3) difficult and laborious. Even worse,
in some applications, the appropriate value of the hyperparameter t in (3) is difficult
to guess and must be selected by repeatedly solving (3) from a large pool of values of
hyperparameters, a process that can become particularly time-consuming and resource
intensive for big data sets. This issue has driven much research in developing robust and
efficient algorithms to minimize computational costs and maximize model performance.

3.2. State-of-the-Art Methods for Large-Scale, Non-Smooth MaxEnt Models

State-of-the-art methods for computing solutions to large-scale, non-smooth MaxEnt
models are based on coordinate descent algorithms [61–64] and first-order optimization
algorithms such as forward–backward splitting [40,65,66]. We will discuss these methods
below, but note that other types of methods have been developed for MaxEnt models;
see, e.g., [10,41,67,68] for surveys and comparisons of different algorithms. In particular,
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we will not consider second-order-based methods suitable for smooth MaxEnt models
such as limited-memory BFGS algorithms [10,69] since this work focuses on non-smooth
MaxEnt models.

Coordinate descent methods. The state of the art is a coordinate descent algorithm based
on a technical device called infinitely weighted logistic regression (IWLR) [26,33]. The
IWLR method approximates a MaxEnt model as a logistic regression model and then fits the
approximate logistic regression model using an existing, efficient optimization algorithm
for logistic regression. This indirect approach was proposed because efficient and scalable
coordinate descent algorithms were already available for fitting logistic regression models,
which in [33] was an earlier version of the GLMNET software package [63]. The IWLR
method remains the state of the art for this reason. It is implemented, for example, in the
MaxEnt package available in the R programming language [26,63].

The IWLR method, however, is an approximate technical device that is not guaranteed
to work, a fact acknowledged by the authors who proposed the method [33], and therefore
may not produce reliable numerical results. Coordinate descent algorithms themselves are
generally non-parallelizable and often lack robustness and good convergence properties.
For example, the aforementioned GLMNET software package approximates the logarithm
term in logistic regression models with a quadratic term to fit the models efficiently. With-
out costly stepsize optimization, which GLMNET avoids to improve performance, the
GLMNET implementation may not converge [62,70]. A case in point is that [71] provides
two numerical experiments in which GLMNET does not converge.

Other coordinate descent algorithms have been developed to compute solutions to
non-smooth MaxEnt models directly (see, e.g., [64,72]) but they are also generally non-
parallelizable and often lack robustness and good convergence properties. Finally, another
issue is that many coordinate descent algorithms, including GLMNET, were designed for
sparse MaxEnt models (e.g., the elastic net and group lasso regularized MaxEnt models
described in Section 2.3) and those algorithms depend on the sparsity of the model to
converge quickly [54]. It would be desirable to have fast optimization methods for when
the feature mapping (13) is dense, as this often occurs in practice.

First-order methods. First-order optimization algorithms such as the forward–backward
splitting algorithm are popular because they are robust and can provably compute ε-
approximate solutions of (3) with an optimal rate of convergence. However, as discussed
in detail at the end of the previous subsection, achieving this rate of convergence requires
fine-tuning the stepsize parameters using an accurate estimate of the largest singular value
of the feature mapping (13), and this estimate is typically computationally expensive for
large matrices. This problem makes classical first-order optimization algorithms inefficient
and impractical in estimating probability densities from large-scale MaxEnt models.

Summary. The current state-of-the-art algorithms for estimating probability densities from
MaxEnt models either produce unreliable numerical results, lack scalable parallelism, or
scale poorly in size. These shortcomings in terms of robustness and efficiency make it
challenging to use non-smooth, large-scale MaxEnt models in applications without access
to adequate and costly computational resources. The next section presents novel, efficient,
and robust accelerated NPDHG optimization methods that address these shortcomings.

4. Main Results

We describe here our approach for computing solutions to the generalized MaxEnt
problem (3) using accelerated NPDHG optimization methods [38]. In addition to the
standing assumptions on the potential function H∗, we assume we can compute efficiently
the proximal operator of the convex conjugate of the potential function
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arg min
w∈Rm

{
λH(w) +

1
2
‖w− ŵ‖2

2

}
,

for every λ > 0 and ŵ ∈ Rm. These assumptions are satisfied for most potential functions
used in practice, including for the potential functions described in Section 2.3.

4.1. Methodology

We start with the saddle-point formulation (4) of the generalized MaxEnt estimation
problem (3). Based on the work two of the authors provided in [38], we propose to split the
infimum and supremum in the saddle-point problem (4) using an iterative NPDHG scheme
that alternates between a nonlinear proximal ascent step based on the Kullback–Leibler
divergence and a linear proximal descent step.

More precisely, let τ0 > 0 and σ0 > 0 be two stepsize parameters satisfying the inequality

τ0σ0

(
max

j∈{1,...,n}
‖Φ(j)‖2

2

)
� 1, (14)

let θ0 = 0, let w−1 = w0 ∈ int dom H, let z0 ∈ Rm, and define the initial probability
distribution p0 ∈ Δn through the constant z0 via

p0(j) =
pprior(j)e〈z0,Φ(j)〉

∑n
j=1 pprior(j)e〈z0,Φ(j)〉 (15)

for each j ∈ {1, . . . , n}. Our proposed NPDHG iterative scheme computes the iterates

pk+1 = arg min
p∈Δn

{
τkDKL(p ‖ pprior)− τk

〈
wk + θk(wk −wk−1),Ep[Φ]

〉
+ DKL(p ‖ pk)

}
ŵk+1 = wk + σk(ED̂ [Φ]−Epk+1 [Φ]),

wk+1 = arg min
w∈Rm

{
tσk H(w) +

1
2
‖w− ŵk+1‖2

2

}
,

θk+1 = 1/
√

1 + τk, τk+1 = θk+1τk and σk+1 = σk/θk+1.

(16)

According to ([38], Proposition 4.1), the sequence of iterates pk converges strongly to the
unique solution of the generalized MaxEnt problem (3). Moreover, for any t � 0 and a
given tolerance level ε > 0, the scheme (16) provably computes an ε-approximate solution
pε(t) of the generalized MaxEnt model (3) in O(1/

√
ε) time. This rate of convergence is,

without further smoothness assumptions on the potential function H∗, the best achievable
rate of convergence with respect to the Nesterov class of optimal first-order methods [39].

The key element in this scheme is the choice of the Kullback–Leibler divergence as a
nonlinear proximal step in the first line of (16). We use it for two reasons: First, because
the Kullback–Leibler divergence already appears in the saddle-point problem (4). This
allows us to compute pk+1 explicitly. Indeed, thanks to the choice of initial probability
distribution (15), we have

pk+1(j) =
pprior(j)e〈zk+1,Φ(j)〉

∑n
j=1 pprior(j)e〈zk+1,Φ(j)〉 with zk+1 =

1
1 + τk

(zk + τk(wk + θk(wk −wk−1))) (17)

for each j ∈ {1, . . . , n}. See Appendix A for the derivation of (17).
Second, because the Kullback–Leibler divergence is 1-strongly convex with respect to

the �1 norm, that is,

DKL(p ‖ pk) �
1
2
‖p− pk‖2

1.

This fact follows from a fundamental result in information theory known as Pinsker’s
inequality [47–51]. In particular, this means that scheme (16) alternates between solving a
strongly convex problem over the space (Rn, ‖·‖1) and a concave problem over the space
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(Rm, ‖·‖2). The choice of these spaces is significant, for the induced operator norm ‖·‖op of
the linear operator A defined in (13) becomes

‖A‖op = sup
‖p‖1=1

‖Ap‖2 = max
j∈{1,...,n}

‖Φ(j)‖2.

This operator norm offers two crucial advantages: First, it can be computed in optimal
Θ(mn) time, or better if the features {Φ(j)}n

j=1 have structure, e.g., if they are sparse. This
means that the stepsize parameters τ0 and σ0 of the NPDHG scheme can be computed
in (14), with equality, in optimal Θ(mn) time. This is important because, in classical
first-order optimization methods, we typically require a precise estimate of the largest
singular value of the feature mapping (13), namely the number

‖A‖2 = sup
‖x‖2=1

‖Ap‖2,

to fine-tune the stepsize parameters to gain an optimal convergence rate. However, as
discussed in detail in Section 3.1, this estimate is computationally expensive for large
matrices due to its prohibitive cubic cost of O(min (m2n, mn2)) operations. In contrast, our
NPDHG scheme (16) does not suffer from this computational bottleneck and therefore
scales well. Second, the operator norm ‖A‖op can be significantly smaller than the estimate
‖A‖2, hence allowing for bigger stepsize parameters to further speed up convergence. (An
easy calculation yields max‖p‖2=1‖Ap‖2 � maxj∈{1,...,n}‖Φ(j)‖2.)

Summary. To solve the generalized MaxEnt estimation problem (3) and its dual problem (5),
let τ0 > 0 and σ0 > 0 be two stepsize parameters satisfying inequality (14), let θ0 = 0,
let w−1 = w0 ∈ int dom H, let z0 ∈ Rm, and define an initial probability distribution p0
through z0 via (15). Then, compute the iterates

zk+1 = (zk + τk(wk + θk(wk −wk−1)))/(1 + τk),

pk+1(j) =
pprior(j)e〈zk+1,Φ(j)〉

∑n
j=1 pprior(j)e〈zk+1,Φ(j)〉 for j ∈ {1, . . . , n},

ŵk+1 = wk + σk(ED̂ [Φ]−Epk+1 [Φ]),

wk+1 = arg min
w∈Rm

{
tσk H(w) +

1
2
‖w− ŵk+1‖2

2

}
,

θk+1 = 1/
√

1 + τk, τk+1 = θk+1τk and σk+1 = σk/θk+1,

(18)

until convergence is achieved. As all parameters and updates can be computed in O(mn)
time, for any t � 0 and a given tolerance level ε > 0, the overall complexity for computing
an ε-approximate solution pε(t) is O(mn/

√
ε).

4.2. Algorithm for Smooth Potential Functions

The iterative scheme (18) does not require the potential function H∗ to be smooth. If,
however, the potential function H∗ is γH∗ -smooth (equivalently, H is 1

γH∗
-strongly convex)

for some γH∗ > 0, then we can modify the NPDHG iterative scheme (18) to achieve a linear
rate of convergence. More precisely, let t > 0 and introduce the stepsize parameters

θ = 1− t

2γH∗‖A‖2
op

⎛⎝
√

1 +
4γH∗‖A‖2

op

t
− 1

⎞⎠, τ =
1− θ

θ
and σ =

γH∗τ

t
. (19)
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Let w−1 = w0 ∈ int dom H, let z0 ∈ Rm, and define p0 through z0 via (15). Then, the
explicit NPDHG iterative scheme is

zk+1 = (zk + τ(wk + θ(wk −wk−1)))/(1 + τ),

pk+1(j) =
pprior(j)e〈zk+1,Φ(j)〉

∑n
j=1 pprior(j)e〈zk+1,Φ(j)〉 for j ∈ {1, . . . , n},

ŵk+1 = wk + σ(ED̂ [Φ]−Epk+1 [Φ]),

wk+1 = arg min
w∈Rm

{
tσH(w) +

1
2
‖w− ŵk+1‖2

2

}
.

(20)

According to ([38], Proposition 4.3), the sequences of iterates pk and wk converge strongly
to the unique solution of the generalized MaxEnt estimation problem (3) and its dual prob-
lem (5). Moreover, for any t > 0 and a given tolerance level ε > 0, this scheme provably
computes an ε-approximate solution pε(t) of the generalized MaxEnt estimation prob-
lem (3) in O(log(1/ε)). This rate of convergence is the best achievable rate of convergence
with respect to the Nesterov class of optimal first-order methods [39]. As all parameters
and updates can be computed in O(mn) time, the overall complexity for computing an
ε-approximate solution pε(t) is O(mn log(1/ε)).

5. Application to Wildfire Science

To illustrate the efficiency of our novel algorithms on large-scale problems, we present
here an application to wildfire science. The problem at hand is to combine fire occurrence
data with ecological data in a fixed geographical region to estimate the probability of
fire occurrences as a function of ecological features. MaxEnt models achieve this goal
by translating fire occurrence and ecological data into probabilities of fire occurrences
and ecological features. This approach closely mirrors how MaxEnt models are used for
modeling species’ geographic distributions [19,20,22,24–28]. Another related goal is to
identify what ecological features correlate most with fire occurrences. This can be achieved
using a sparse MaxEnt model, e.g., an elastic net or group lasso regularized MaxEnt model,
to identify ecological features correlating significantly with fire occurrences.

For this application, we use the Western US MTBS-Interagency (WUMI) wildfire data
set [45], which we describe in Section 5.1 below. We formulate the problem of combining
the fire occurrence and ecological data from the WUMI wildfire data set into a MaxEnt esti-
mation problem in Section 5.2. Using this data, we then fit the elastic net, (non-overlapping)
group lasso, and �∞ MaxEnt models for a large number of hyperparameters weighting the
regularization. We detail this fitting procedure and the explicit NPDHG algorithms for
these MaxEnt models in Section 5.3. Following this, we compare in Section 5.4 the running
times required to fit the aforementioned MaxEnt models using our NPDHG algorithms
with the forward–backward splitting algorithm [40,65] and the STRUCTMAXENT2 coordi-
nate descent algorithm of [41]. Finally, in Section 5.5, we interpret the results obtained from
fitting the aforementioned MaxEnt models to the WUMI wildfire data set.

5.1. WUMI Wildfire Data Set

The Western US MTBS-Interagency wildfire data set [45] consists of all fires (�1 km2)
from multiple state and federal agencies, supplemented by satellite observations of large
fires (�4 km2) from the Monitoring Trends in Burn Severity (MTBS) program, in the
continental United States west of 103◦ W longitude. For this application, we extracted all
wildfires from the WUMI data set that occurred between 1984 and 2020 inclusive (accessed
18 May 2023). The locations of all fires used are shown in Figure 1.

Next, following the procedure outlined in [44], we overlay the fire locations on a
12 km× 12 km grid to construct a data frame of prevailing climate, vegetation, topographic,
and human-related features for each fire. Altogether we include a total of 35 potential
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fire-related features from various sources; we provide a summary of all features used in
our analysis along with their sources in Appendix B. For each grid cell, we also provide an
index identifying its Environmental Protection Agency (EPA) Level III ecoregion. Defined
on the basis of roughly homogeneous climate and vegetation patterns, ecoregions are
commonly used in the wildfire science literature to identify climate–fire relationships at a
coarse spatial scale [29,73]. The full WUMI wildfire data set with associated fire-related
features for all months from 1984 to 2020 is publicly available as part of the Stochastic
Machine Learning for wildfire activity in the western US (SMLFire1.0) package [44].

Figure 1. Wildfire activity in the western United States from 1984 to 2020. (Left) Fire locations
of all fires (black dots) in the Western US MTBS-Interagency (WUMI) data set; also shown are
three ecological divisions characterized by their primary vegetation type—forests (green), deserts
(yellow), and plains (gray). (Right) Prior distribution indicating mean fire probability across all
calendar months.

5.2. Data Preprocessing

We construct a weakly informative prior [74,75] for incorporating existing knowledge
of wildfire conducive environmental conditions in our MaxEnt model. First, we prepare a
training data set of 10,000 fire occurrences and absences chosen randomly across all months
between 1984 and 2020 correlated with the values of 35 fire-related features described in
the previous section. The features are averaged over each calendar month (i.e., January,
February, . . . ) between 1984 and 2020. We then apply min–max scaling to each feature,
ensuring that all features lie in the same range. Second, we construct two Random Forest
(RF) models, one each for fires in dry (May–September) and wet (October–April) seasons
respectively. We withhold 20% of the training data to tune the model hyperparameters,
such that the optimal hyperparameters ensure a trade-off between model precision and
recall. Next, we predict the fire probability for all grid cells with fire-related features using
either the trained wet or dry season RF model depending on the calendar month. Since the
MaxEnt algorithm assumes a presence-only framework, that is, the absence of fires in a
grid cell does not imply a non-zero fire probability, we impute grid cells without a fire with
probability pnfire = min(pfire)/10. Last, we normalize the prior probability distribution to
ensure that the fire probability across all grid cells sums up to one. For convenience, we
represent the prior distribution as the normalized mean of 12 monthly fire probabilities
predicted by the RF models in Figure 1.

To construct the empirical distribution D̂, we divide the study region into its 18 differ-
ent EPA level III ecoregions and weigh the relative frequencies of fire among the ecoregions
using the following strategy. For each ecoregion r ∈ {1, . . . , 18}, let nr,total denote the total
number of grid cells in ecoregion r and let nr,fire denote the total number grid cell in ecore-
gion r where at least one fire was recorded. In addition, let Z = ∑18

r=1
nr,fire
nr,total

denote the sum
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of the proportions of grid cells where at least one fire was recorded among all ecoregions.
Then, we compute the empirical probability at cell j ∈ {1, . . . , n}, D̂(j), as follows:

D̂(j) =
1
Z

⎧⎪⎨⎪⎩
0 if no fire was recorded in grid cell j,
1/nr,total if at least one fire was recorded in grid j and the grid

cell j belongs to ecoregion r
(21)

This construction gives the empirical distribution more weight to ecoregions where fires
are more frequent and widespread.

5.3. Fitting Procedure and Algorithmic Setup

For the analysis, we fit six different MaxEnt models to the wildfire data: four elastic
net MaxEnt models with parameters α = {0.95, 0.4, 0.15, 0.05}, a non-overlapping group
lasso MaxEnt model, and an �∞-regularized MaxEnt model. For each model, we fit a
regularization path of 141 hyperparameters as follows:

t(l) =

{
(1− l/100)t(0) from l = 0 to 50
(0.5− (l − 50)/200)t(0) from l = 51 to 140,

where t(0) depends on the MaxEnt model and corresponds to the smallest hyperparameter
for which the primal and dual solutions are equal to the prior distribution and zero. More
precisely, for each model we set (p(0), w(0)) = (pprior, 0) and compute the sequence of so-
lutions {(p(l), w(l))}140

l=1 of the corresponding MaxEnt primal and dual problems (7) and (8)
with hyperparameter t = t(l).

We chose these MaxEnt models to study the impact of the regularization on the primal
and dual solutions as a function of the hyperparameters. In particular, for the elastic net
and non-overlapping group lasso MaxEnt models, we are interested in identifying the set
of features that are selected or discarded as a function of the sequence of hyperparameters
{t(l)}140

l=0. In the parts below, we describe the value of t(0) and the NPDHG algorithm used
for each model.

5.3.1. Elastic Net MaxEnt Models

For these MaxEnt models, the smallest hyperparameter for which the solutions to the
primal and dual problems (7) and (8) are equal to the prior distribution and zero is

t(0) =
∥∥∥ED̂ [Φ]−Epprior [Φ]

∥∥∥
∞

/α.

This follows from the optimality condition

ED̂ [Φ]−Eps [Φ]− t(1− α)ws ∈ tα∂‖·‖1ws (22)

and computing the smallest parameter t for which (22) is satisfied at (ps, ws) = (pprior, 0).
For the elastic net MaxEnt model with α = 0.95, we use the NPDHG algorithm (18)

(with sublinear convergence rate), while, for the models with α = {0.4, 0.15, 0.05}, we
use the NPDHG algorithm (20) (with linear convergence rate). Starting from l = 1, we
compute the pair of solutions (p(l), w(l)) to the primal and dual problems (7) and (8) at
hyperparameter t = t(l) using the previously computed pair of solutions (p(l−1), w(l−1))
by setting the initial vectors z0 = w0 = w(l−1) in both NPDHG algorithms. For the stepsize
parameters, we set θ0 = 0, τ0 = 2, and σ0 = 1/2‖‖A‖‖2

op in (18), and we set θ, τ, and
σ according to the formulas in (19) with γH∗ = 1− α in (20). We compute the update
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wk+1 in both NPDHG algorithms using the classical soft thresholding operator [66,76,77].
Specifically, for any λ > 0, ŵ ∈ Rm, and i ∈ {1, . . . , m} we have

[
arg min

w∈Rm

{
λ‖w‖1 +

1
2
‖w− ŵ‖2

2

}]
i

≡ [shrink1(ŵ, λ)]i =

⎧⎪⎨⎪⎩
[ŵ]i − λ if [ŵ]i > λ,

0 if |[ŵ]i| � λ,

[ŵ]i + λ if [ŵ]i < −λ,

and so, for every λ > 0, α ∈ [0, 1], ŵ ∈ Rm and i ∈ {1, . . . , m} we have[
arg min

w∈Rm

{
λ

(
α‖w‖1 +

(1− α)

2
‖w‖2

2

)
+

1
2
‖w− ŵ‖2

2

}]
i

=
[shrink1(ŵ, λα)]i

1 + λ(1− α)
.

Finally, we let the NPDHG algorithms run for at least 40 iterations before checking for
convergence. We stop the NPDHG algorithms when the optimality condition (22) is
satisfied within some tolerance 10−5:∥∥ED̂ [Φ]−Epk [Φ]− t(1− α)wk

∥∥
∞ � tα(1 + 10−5).

5.3.2. Non-Overlapping Group Lasso MaxEnt Model

For this MaxEnt model, we divide the features into five disjoint groups of features, as
described in Appendix B. Then, the smallest hyperparameter for which the solutions to the
primal and dual problems (7) and (8) are equal to the prior distribution and zero is

t(0) = max
g∈{1,...,5}

{∥∥ED̂ [Φg]−Ep[Φg]
∥∥

2,g/
√

mg

}
,

where mg is the number of features in the gth group. This follows from the optimality condition

ED̂ [Φ]−Eps [Φ] ∈
5⋃

g=1

{
t
√

mg∂‖·‖2,g

}
ws

g (23)

and computing the smallest parameter t for which (23) is satisfied at (ps, ws) = (pprior, 0).
For this model, we use the NPDHG algorithm (18). Starting from l = 1, we compute

the pair of solutions (p(l), w(l)) to the primal and dual problems (10) and (9) at hyperpa-
rameter t = t(l) using the previously computed pair of solutions (p(l−1), w(l−1)) by setting
the initial vectors z0 = w0 = w(l−1). For the stepsize parameters, we set θ0 = 0, τ0 = 2,
and σ0 = 1/2‖‖A‖‖2

op. We compute the update wk+1 in (18) using the following proximal
operator formula: for every group g ∈ {1. . . . , 5}, λ > 0 and ŵ ∈ Rm,

arg min
w∈Rm

{
λ
√

mg‖w‖2,g +
1
2
‖w− ŵ‖2

2,g

}
= max

(
0, 1− λ

√
mg/‖ŵ‖2

)
ŵ.

Finally, we let the NPDHG algorithms run for at least 40 iterations before checking for
convergence. We stop the NPDHG algorithms when the optimality condition (23) is
satisfied within some tolerance 10−5:

max
g∈{1,...,5}

∥∥ED̂ [Φ]−Epk [Φ]
∥∥

2,g � t(1 + 10−5).

5.3.3. �∞-Regularized MaxEnt Model

For this MaxEnt model, the smallest hyperparameter for which the solutions to the
primal and dual problems (7) and (8) are equal to the prior distribution and zero is

t(0) =
∥∥∥ED̂ [Φ]−Epprior [Φ]

∥∥∥
1
.
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This follows from the optimality condition

ED̂ [Φ]−Eps [Φ] ∈ t∂‖·‖∞(ws) (24)

and computing the smallest parameter t for which (24) is satisfied at (ps, ws) = (pprior, 0).
For this model, we use the NPDHG algorithm (18). Starting from l = 1, we compute

the pair of solutions (p(l), w(l)) to the primal and dual problems (11) and (12) at hyperpa-
rameter t = t(l) using the previously computed pair of solutions (p(l−1), w(l−1)) by setting
the initial vectors z0 = w0 = w(l−1). For the stepsize parameters, we set θ0 = 0, τ0 = 2,
and σ0 = 1/2‖‖A‖‖2

op. Finally, we compute the update wk+1 in (18) using Moreau’s
decomposition ([78], Theorem 3.2.5): for every λ > 0 and ŵ ∈ Rm,

arg min
w∈Rm

{
λ‖w‖∞ +

1
2
‖w− ŵ‖2

2

}
= ŵ− arg min

‖w‖1�λ

1
2
‖w− ŵ‖2

2.

The second term on the right amounts to projecting ŵ on the �1 ball of radius λ. There
are fast algorithms for doing do; we use Algorithm 1 described in [79]. Finally, we let
the NPDHG algorithms run for at least 40 iterations before checking for convergence. We
stop the NPDHG algorithms when the optimality condition (24) is satisfied within some
tolerance 10−5: ∥∥ED̂ [Φ]−Epk [Φ]

∥∥
1 � t(1 + 10−5).

5.4. Comparison of Timings

In this section, we compare the run times of our NPDHG algorithms with two
state-of-the-art optimization algorithms for solving non-smooth MaxEnt models: the
forward–backward splitting algorithm (specifically, Algorithm 5 in [65]; see also [40,66])
and the STRUCTMAXENT2 coordinate descent algorithm from [41,64]. All numerical ex-
periments were performed on a single core Intel(R) Core(TM) i7-10750H CPU @ 2.60 GHz.

We initially chose the GLMNET implementation [26,33] in MATLAB 2023b over
STRUCTMAXENT2 for the numerical comparisons, but we found that GLMNET produced
unreliable numerical solutions when compared to both the NPDHG and forward–backward
splitting algorithms. We also tried using GLMNET’s implementation in the R language, but
to no avail. We think this problem arises because, as discussed in Section 3.2, the GLMNET
algorithm approximates a MaxEnt model as a logistic regression model and then invokes a
coordinate descent method tailored to logistic regression to approximate the solution to
the MaxEnt model. Our observations suggest this approach does not work well for our
data set. In contrast, we found that the STRUCTMAXENT2 algorithm produced correct
numerical results.

For the forward–backward splitting algorithm, the stepsize parameters were set
to 1/‖A‖2 and 1 (corresponding to τ and t0 in Algorithm 5 of [65]) and, for comput-
ing the pair of solutions (p(l), w(l)) at hyperparameter t(l), the initial iterate was set
to w(l−1). In addition, for the elastic net MaxEnt models, the acceleration quantity
q = (1− α)t(l)/(‖A‖2 + (1− α)t(l)) was employed. We used the stopping criteria of the
NPDHG algorithms for the forward–backward splitting algorithms. For the coordinate de-
scent algorithm, we modified the STRUCTMAXENT2 algorithm from ([41], pp. 305–306) to
make it applicable to the elastic net penalty. For computing the pair of solutions (p(l), w(l))
at hyperparameter t(l), the initial iterate was set to w(l−1). We did not use the STRUCTMAX-
ENT2 algorithm for the non-overlapping group lasso or �∞-regularized MaxEnt models, as
it was not designed for these MaxEnt models. We used the stopping criteria of the NPDHG
algorithms for the STRUCTMAXENT2 algorithm.

Table 1 shows the average timings for computing the entire regularization path of
the WUMI wildfire data set using the coordinate descent, forward–backward splitting,
and NPDHG algorithms. All timings were averaged over five runs and, for the forward–
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backward splitting and NPDHG algorithms, they include the time required to compute all
the stepsize parameters. All algorithms were implemented in MATLAB.

Table 1. Timings results (in seconds) for fitting the MaxEnt models described in Section 5.3. All
timings are averaged over five runs.

STRUCTMAXENT2 Forward–Backward Splitting NPDHG

Elastic net (α = 0.95) 5562.19 4208.01 365.55

Elastic net (α = 0.40) 1018.73 1407.22 113.53

Non-overlapping group lasso N/A 3036.38 278.14

�∞-regularization N/A 2534.65 289.98

The NPDHG algorithm outperformed both the forward–backward splitting and coor-
dinate descent algorithms by at least one order of magnitude. In particular, we observed
that the NPDHG algorithm required far fewer iterations to achieve convergence compared
to both the forward–backward splitting and STRUCTMAXENT2 algorithms. This difference
is because the stepsize parameters for the NPDHG algorithm were much larger compared
to either the forward–backward splitting or the STRUCTMAXENT2 algorithm. Indeed,
the stepsize parameters for the NPDHG and forward–backward splitting algorithms are
inversely proportional to the norms ‖A‖op and ‖A‖2, and for the wildfire data set these
were ‖A‖op ≈ 3.30 and ‖A‖2 ≈ 854.08. Thus, larger stepsize parameters were permitted
thanks to the Kullback–Leibler divergence term in the NPDHG algorithm, enabling a major
speedup gain.

5.5. Analysis of the MaxEnt Regularization Paths and Estimated Fire Probabilities

As a final validation step for the NPDHG algorithm, we use the fitted MaxEnt models
to compute the normalized mean fire probability in each grid cell for all calendar months
between 1984 and 2020. The probabilities are visualized in Figures 2 and 3. In each case, we
have chosen the prior distribution as a benchmark for our spatial plots of fire probability.

The spatial fire probabilities for α = {0.95, 0.40, 0.15, 0.05} are shown in Figure 2. The
range of α values roughly corresponds to varying the regularization from a purely l1 norm
(α = 1) to a purely l2 norm (α = 0). For each value of α, we also consider the evolution
of the spatial fire probability as we vary the hyperparameter t along the regularization
path, or equivalently include additional features while fitting the MaxEnt model to wildfire
data. Broadly, we observe that, for a fixed value of t/tmax, the ratio of predicted to prior
fire probability decreases in sharpness as α decreases. On the other hand, for a fixed α,
decreasing t/tmax values enables the model to make sharper distinctions between grid cells
with high and low fire probability as evidenced by the sharper contrast between the prior
and predicted fire probabilities. We also note a similar pattern in Figure 3 for the MaxEnt
models with non-overlapping group lasso (corresponding roughly to the elastic net case
with α = 1) and the l∞-MaxEnt models, all of which converge to the empirical distribution
quicker than any of the elastic net cases.

In Figure 4, we show the cumulative number of non-zero coefficients at fixed intervals
along the regularization path for different α values. The plot helps in visualizing the t/tmax
values at which new features are introduced in the elastic net MaxEnt model, with the
dashed vertical lines indicating the first time a feature from a new group is selected. Across
all α values, we find that features appear in the same order, with fire weather features
being selected first, followed by topography, vegetation, human, and antecedent features.
We tabulate the final set of non-zero features at the end of the regularization path for
α = {0.95, 0.05} across various groups in Table 2. These selected features are in good
agreement with physical models of wildfire occurrence [42,43] as well as previous statistical
analyses of wildfire drivers [29–31,44].
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Figure 2. Spatial probability plot for different hyperparameter values with elastic net penalty
parameter α = {0.95, 0.40, 0.15, 0.05}.

Figure 3. Same as Figure 2 but for (left) the non-overlapping group lasso with α = 1 and (right) the
l∞ MaxEnt models, respectively.
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Table 2. List of non-zero features at the end of the regularization path for two elastic net penalty
parameters, organized by different feature groups. See Appendix B for additional description of the
selected features.

Feature Group α = 0.95 α = 0.05

Fire weather

Tmax Tmax VPD
Prec Prec Tmin

Wind Wind VPDmax3

FM1000 FM1000 VPDmax7

Tminmax3 Tminmax3 Tmaxmax3

Lightning Lightning Tmaxmax7

Tminmax7 SWEmax

Topography
Slope Slope Southness

Southness

Vegetation
Grassland Biomass Forest

Shrub

Human

Camp_dist Camp_dist Road_dist
Camp_num Camp_num

Urban Urban
Popdensity Popdensity

Antecedent
AvgPrec2mo AvgPrec2mo AntPreclag2

AvgVPD3mo AntPreclag1
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Figure 4. Number of non-zero coefficients along the regularization path plots for elastic net penalty
parameter α = {0.95, 0.40, 0.15, 0.05}. The dashed vertical lines highlight the t/tmax value at which
the first feature of the group indicated by inset text is selected.
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6. Discussion

In this paper, we have introduced novel first-order NPDHG algorithms that overcome
the shortcomings of state-of-the-art algorithms for training large-scale, non-smooth Max-
Ent models. The crucial ingredient common to our algorithms is the Kullback–Leibler
divergence. Using it over the classical proximal operator makes it possible to train large-
scale and non-smooth MaxEnt models much more efficiently than the state of the art. In
particular, all stepsize parameters and iterations in our algorithms can be calculated on
the order O(mn) operations, improving on the complexity bound of O(min(m2n, mn2))
operations for computing the optimal stepsize parameters of classical first-order optimiza-
tion methods, such as the linear PDHG or forward–backward splitting methods. As a
consequence, for a given tolerance level ε > 0, our algorithms provably compute solutions
using on the order of O(mn/

√
ε) or O(mn/ log(1/ε)) operations, the order depending on

the smoothness of the MaxEnt model and which is optimal with respect to the Nesterov
class of optimal first-order methods [39]. Moreover, the computational bottleneck consists
of matrix–vector multiplications, which can be trivially parallelized, and so our algorithms
exhibit scalable parallelism.

Finally, we have shown that the strong convexity of the Kullback–Leibler divergence with
respect to the �1 norm allows for significantly larger stepsize parameters, thereby speeding up
the convergence rate of our algorithms. This was, in particular, observed in Section 5, when we
applied our algorithms to fit the WUMI wildfire data set [45] on several non-smooth MaxEnt
models to estimate the probabilities of fire occurrences as a function of ecological features.
Our algorithms outperformed the state-of-the-art forward–backward splitting and coordinate
descent STRUCTMAXENT2 algorithms by at least one order of magnitude. They also yielded
results that are in good agreement with physical models of wildfire occurrence [42,43] as well
as previous statistical analyses of wildfire drivers [29–31,44]. Future work will explore the
scalability of our algorithms for modeling daily scale wildfire probability [80]. It will also
explore how the choices of different informative priors affect the MaxEnt models using
prediction accuracy as a metric.

We expect our algorithms to provide efficient methods for solving non-smooth Max-
Ent models that arise in large-scale machine learning applications beyond the wildfire
application explored in this paper. An interesting future direction, albeit tangential to the
focus of this work, would be to prove learning guarantees for the MaxEnt problem (3)
for arbitrary choices of potential functions, similarly to [19,64], for the choice of �1 and �2
norms as potential functions. This would provide some means to assess the “quality” of the
probability distribution estimated from the MaxEnt problem. Another direction that would
be interesting and impactful is to extend our algorithms to continuous regularized MaxEnt
models and prove rigorously that they work: interesting because the continuous version of
the MaxEnt problem is an infinite dimensional problem, which makes this problem more
technically challenging, impactful because such an algorithm would enable a much broader
class of probability distributions to be used in MaxEnt modeling.
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Appendix A. Derivation of Update (17)

We divide the derivation into two parts, first deriving an expression for the update
pk+1 in terms of the previous iterate pk and then deriving the explicit update for pk+1 as in
the third line of (16).

Part 1. First, note the minimization problem

min
p∈Δn

{
τkDKL(p ‖ pprior)− τk

〈
wk + θk(wk −wk−1),Ep[Φ]

〉
+ DKL(p ‖ pk)

}
has a unique global minimum, denoted by pk+1, in the relative interior of the unit simplex
Δn for every k ∈ N. See ([38], Proposition 4.1) for details and note that Proposition 4.1
applies because the Kullback–Leibler divergence is strongly convex with respect to the �1
norm in its first argument.

Having established that the minimum pk+1 exists and is unique, we introduce the
Karush–Kuhn–Tucker multipliers ξ ∈ R and μ ∈ Rn to write the minimization problem for
pk+1 in terms of an unconstrained optimization problem:

min
p∈Rn

ξ∈R
μ∈Rn

{
τkDKL(p ‖ pprior)− τk

〈
wk + θk(wk −wk−1),Ep[Φ]

〉
+ DKL(p ‖ pk) + ξ

(
1−

n

∑
j=1

p(j)

)
− 〈μ, p〉

}
.

We can invoke the Karush–Kuhn–Tucker Theorem and use the linearity constraint qualifi-
cations to find that pk+1 satisfies the first-order optimality condition

τk log(pk+1(j)/pprior(j)) + τk − τk〈wk + θk(wk −wk−1), Φ(j)〉
+ log(pk+1(j)/pk(j)) + 1− ξ − [μ]j = 0

(A1)

for each j ∈ {1, . . . , n} [81]. Moreover, the complementary slackness condition 〈μ, pk+1〉 = 0
with the fact that pk+1 > 0 for every j ∈ {1, . . . , m} implies μ = 0.

Next, we use the first-order optimality condition to compute pk+1(j) explicitly, rear-
ranging (A1) in terms of log(pk+1(j)), using μ = 0, and taking the exponential yield

pk+1(j) =
(

e(ξ−1)/(1+τk)−1
)(

(pprior(j))τk pk(j)eτk〈wk+θk(wk−wk−1),Φ(j)〉
)1/(1+τk)

Since ∑n
j=1 pk+1(j) = 1, we find that ξ satisfies the relation

eτkξ/(1+τk)−1 =
1

∑n
j=1

(
(pprior(j))τk pk(j)eτk〈wk+θk(wk−wk−1),Φ(j)〉

)1/(1+τk)
.

Hence,

pk+1(j) =

(
(pprior(j))τk pk(j)eτk〈wk+θk(wk−wk−1),Φ(j)〉

)1/(1+τk)

∑n
j=1

(
(pprior)τk (j)pk(j)eτk〈wk+θk(wk−wk−1),Φ(j)〉

)1/(1+τk)

for each j ∈ {1, . . . , n}. This yields an explicit update for pk+1 in terms of the previous
iterate pk.

Part 2. We now induce on k to prove that the explicit expression for the update pk+1 in the
third line of (16) is correct. For k = 0, we have

p0(j) =
pprior(j)e〈z0,Φ(j)〉

∑n
j=1 pprior(j)e〈z0,Φ(j)〉
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and so ((
pprior(j)

)τ0 p0(j)eτ0〈w0+θ0(w0−w−1),Φ(j)〉
)1/(1+τ0)

=
pprior(j)e〈(z0+τ0(w0+θ0(w0−w−1)))/(1+τ0),Φ(j)〉(

∑n
j=1 pprior(j)e〈z0,Φ(j)〉

)1/(1+τ0)
.

Writing
z1 = (z0 + τ0(w0 + θ0(w0 −w−1)))/(1 + τ0),

the term inside the exponential on the numerator simplifies to 〈z1, Φ(j)〉. Hence,

((
pprior(j)

)τ0 p0(j)eτ0〈w0+θ0(w0−w−1),Φ(j)〉
)1/(1+τ0)

=
pprior(j)e〈z1,Φ(j)〉(

∑n
j=1 pprior(j)e〈z0,Φ(j)〉

)1/(1+τ0)
.

It follows on substitution that

p1(j) =
pprior(j)e〈z1,Φ(j)〉

∑n
j=1 pprior(j)e〈z1,Φ(j)〉

for every j ∈ {1, . . . , n}.
For arbitrary k ∈ N, we use the induction hypothesis

pk(j) =
pprior(j)e〈zk ,Φ(j)〉

∑n
j=1 pprior(j)e〈zk ,Φ(j)〉

to find ((
pprior(j)

)τk pk(j)eτk〈wk+θk(wk−wk−1),Φ(j)〉
)1/(1+τk)

=
pprior(j)e〈(zk+τk(wk+θk(wk−wk−1)))/(1+τk),Φ(j)〉(

∑n
j=1 pprior(j)e〈zk ,Φ(j)〉

)1/(1+τk)
.

Writing
zk+1 = (zk + τk(wk + θk(wk −wk−1)))/(1 + τk),

the term inside the exponential on the numerator simplifies to 〈zk+1, Φ(j)〉. Hence,

((
pprior(j)

)τk pk(j)eτ0k〈wk+θk(wk−wk−1),Φ(j)〉
)1/(1+τk)

=
pprior(j)e〈zk+1,Φ(j)〉(

∑n
j=1 pprior(j)e〈zk ,Φ(j)〉

)1/(1+τk)
.

It follows on substitution that

pk+1(j) =
pprior(j)e〈zk+1,Φ(j)〉

∑n
j=1 pprior(j)e〈zk+1,Φ(j)〉

for every j ∈ {1, . . . , n}, which proves the desired result.

Appendix B. Summary of Features Extracted from the WUMI Wildfire Data Set

We provide here a summary of all the features used in our statistical analysis. The
features are aggregated to a 12 km spatial resolution during data preprocessing. Consid-
ering each feature’s M antecedent month average and maximum X-day running average
components as distinct features, the total number of features considered in our analysis
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adds up to 35. We organize the features into five groups with each group reflecting a major
environmental driver of fire occurrences. These groups are also an important ingredient of
the non-overlapping group lasso MaxEnt model.

Table A1. Summary table for all input features organized by group, identifier, description, spatial
resolution of raw data, and source of data.

Feature Group Identifier Description Resolution Source

Fire weather

VPD Mean vapor pressure deficit 5 km Climgrid [82], PRISM [83]

VPDmaxX Maximum X-day running average of VPD;
X ∈ {3, 7}

9 km UCLA-ERA5 [84]

Tmax Daily maximum temperature 5 km Climgrid

TmaxmaxX Maximum X-day running average of Tmax 9 km UCLA-ERA5
Tmin Daily minimum temperature 5 km Climgrid

TminmaxX Maximum X-day running average of Tmin 9 km UCLA-ERA5
Prec Precipitation total 5 km Climgrid

SWEmean Mean snow water equivalent 500 m NSIDC [85]
SWEmax Daily maximum snow water equivalent 500 m NSIDC
FM1000 1000 h dead fuel moisture 4 km gridMET [86]

FFWImax7 Maximum 7-day running average of
Fosberg Fire Weather Index

9 km UCLA-ERA5

Wind Mean wind speed 9 km UCLA-ERA5
Lightning Lightning strike density 500 m NLDN [87,88]

Antecedent

AntVPDMmon Average VPD in M antecedent months;
M ∈ {2, 3}

5 km Climgrid

AntPrecMmon Average precipitation total in M
antecedent months; M ∈ {2, 4}

5 km Climgrid

AntPreclag1 Mean annual precipitation in lag year 1 5 km Climgrid
AntPreclag2 Mean annual precipitation in lag year 2 5 km Climgrid

AvgSWE3mon Average snow water equivalent in 3
antecedent months

500 m NSIDC

Vegetation

Forest Fraction of forest landcover 30 m NLCD
Grassland Fraction of grassland cover 30 m NLCD
Shrubland Fraction of shrubland cover 30 m NLCD
Biomass Aboveground biomass map 300 m Ref. [89]

Human

Urban Fraction of land covered by urban areas 30 m NLCD
Camp_num Mean number of camp grounds 1 km Open source
Camp_dist Mean distance from nearest camp ground 1 km Open source
Road_dist Mean distance from nearest highway 1 km Open source

Popdensity Mean population density 1 km SILVIS [90]
Housedensity Mean housing density 1 km SILVIS

Topography
Slope Mean slope 1 m USGS

Southness Mean south-facing degree of slope 1 m USGS
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Abstract: With the continuous growth of electricity demand, the safety and stability of transmission
lines have become increasingly important. To ensure the reliability of power supply, it is essential to
promptly detect and address foreign object intrusions on transmission lines, such as tree branches,
kites, and balloons. Addressing the issues where foreign objects can cause power outages and
severe safety accidents, as well as the inefficiency, time consumption, and labor-intensiveness of
traditional manual inspection methods, especially in large-scale power transmission lines, we propose
an enhanced YOLOv8-based model for detecting foreign objects. This model incorporates the Swin
Transformer, AFPN (Asymptotic Feature Pyramid Network), and a novel loss function, Focal SIoU,
to improve both the accuracy and real-time detection of hazards. The integration of the Swin
Transformer into the YOLOv8 backbone network significantly improves feature extraction capabilities.
The AFPN enhances the multi-scale feature fusion process, effectively integrating information from
different levels and improving detection accuracy, especially for small and occluded objects. The
introduction of the Focal SIoU loss function optimizes the model’s training process, enhancing its
ability to handle hard-to-classify samples and uncertain predictions. This method achieves efficient
automatic detection of foreign objects by comprehensively utilizing multi-level feature information
and optimized label matching strategies. The dataset used in this study consists of images of foreign
objects on power transmission lines provided by a power supply company in Jilin, China. These
images were captured by drones, offering a comprehensive view of the transmission lines and
enabling the collection of detailed data on various foreign objects. Experimental results show that the
improved YOLOv8 network has high accuracy and recall rates in detecting foreign objects such as
balloons, kites, and bird nests, while also possessing good real-time processing capabilities.

Keywords: transmission lines; foreign object intrusion; YOLOv8; Swin transformer; AFPN; loss function

1. Introduction

Intrusion of foreign objects into power transmission lines can not only trigger serious
grid incidents such as short circuits and power outages, affecting power supply in large
areas, but also potentially cause secondary disasters like fires, threatening public safety
and the national economy’s lifeline [1]. To ensure the stability and safety of the power
system, there is an urgent need for efficient detection technologies, including drone-based
inspections, to conduct real-time monitoring and rapid response for power transmission
lines, preventing potential hazards [2], enhancing the grid’s intelligence and reliability [3],
and providing a solid guarantee for the continuous development of modern society. Images
of foreign objects from different angles are shown in Figure 1.
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Figure 1. Samples of foreign objects from different perspectives.

Traditional machine learning algorithms such as support vector machines (SVM),
decision trees, and random forests have limited performance in object detection tasks.
These algorithms rely on manually designed features, which struggle to effectively capture
and process complex patterns and nonlinear relationships in images, resulting in insuffi-
cient detection accuracy and generalization capability. This performance inadequacy is
particularly evident when dealing with diverse and high-dimensional data [4]. In contrast,
deep learning algorithms such as convolutional neural networks (CNN) and recurrent
neural networks (RNN) exhibit outstanding performance in object detection [5]. CNNs,
by automatically learning multi-layer features of images, can efficiently handle large-scale
and complex image data, significantly improving the accuracy and robustness of object
detection [6]. Furthermore, deep learning methods such as YOLO and Faster R-CNN have
demonstrated exceptional real-time performance and detection accuracy in practical appli-
cations, becoming mainstream choices in the field of object detection. Consequently, due to
their superior performance and broad adaptability, deep learning algorithms have gradu-
ally replaced traditional machine learning algorithms, becoming the common technology
used in object detection tasks [7]. Shi et al. [8] discussed the application of Faster R-CNN
in real-time object detection, addressing the issue of efficiently detecting small objects in
real-time. Wang et al. [9] discussed the application of YOLOv1 and Faster R-CNN in small
object detection, addressing the application of deep learning in small object detection in
remote sensing images. Min et al. [10] introduced a small object detection method based
on YOLO, tackling the challenges of using YOLO for small object detection in remote
sensing images. Liu et al. [11] discussed various detection algorithms, including Faster
R-CNN, providing a review and comparison of different deep learning methods for gen-
eral object detection, especially focusing on multiple algorithms including Faster R-CNN.
Zhang et al. [12] solved the issue of insufficient performance in small object detection by
introducing a multi-receptive field structure. Cheng et al. [13] conducted a review and
benchmark testing on large-scale small object detection, addressing the evaluation and
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improvement of small object detection algorithms, particularly the application of Cascade
R-CNN. However, Faster R-CNN has issues such as insufficient real-time performance,
poor detection of small objects, high computational resource consumption, limited multi-
scale and deformation handling capabilities, long training time, and poor handling of
occluded and overlapping objects.

Among the many deep learning methods, the YOLO (You Only Look Once) series
of algorithms stand out in the field of object detection due to their efficient real-time
performance and excellent detection accuracy. YOLO algorithms transform the object
detection problem into a single regression problem, simultaneously predicting the category
and location of objects in a single forward pass, greatly reducing computation time [14].
Compared to traditional methods and other deep learning algorithms, YOLO significantly
improves detection speed while maintaining high accuracy, making it particularly promi-
nent in practical applications [15]. Since its introduction, the YOLO series has continuously
iterated from YOLOv1 to the latest YOLOv8, with each generation optimizing network
structures and algorithm details, consistently enhancing small object detection effectiveness
and adapting to complex scenarios [16].

Shao et al. [17] proposed an improved YOLOv8-based foreign object detection method
for power transmission lines, improving the accuracy and real-time performance of foreign
object detection, though performance may decline under extreme weather conditions
(e.g., strong winds, heavy rain), and there are high requirements for dataset diversity and
generalization capability. Tang et al. [18] proposed a YOLO-based method for detecting
external damages to power transmission lines, aiming to enhance the safety and reliability
of the power grid by preventing external damages, but false positives or missed detections
may occur in complex backgrounds (e.g., trees, buildings), demanding high model accuracy
and robustness.

Shi et al. [19] studied a privacy protection method using drones and YOLO for power
line detection, improving the privacy and security of transmission tower and defect detec-
tion, though privacy protection measures may increase computational complexity, affecting
real-time detection performance. Li et al. [20] proposed the DF-YOLO (Deformable YOLO)
algorithm for foreign object detection on power transmission lines, significantly improving
detection accuracy and robustness, but the high algorithm complexity may require more
computational resources, posing challenges for real-time detection. Liu et al. [21] combined
the lightweight convolutional neural network MobileNet and clustering algorithms to
design the MYOLO-lite object detection algorithm, improving the speed and accuracy of
forward railway track object detection through improved non-maximum suppression and
loss functions, achieving an average precision of 95.74%, but it may have some issues with
missed or false detections when dealing with high-speed moving objects.

Nayak et al. [22] proposed an intrusion detection system (IDS) based on deep learning,
using the YOLO algorithm for object detection and achieving real-time intrusion track-
ing through the center of mass shift algorithm and SORT algorithm, but the complex
urban environment may lead to a high false alarm rate due to background interference.
Chen et al. [23] used MASK R-CNN as the base network to detect foreign objects in power
networks, achieving good results in terms of speed, efficiency, and recognition accuracy
compared to traditional detection methods, but the computational complexity is high,
resulting in insufficient real-time performance, especially when processing large-scale
data. Sevi et al. [24] proposed a deep learning method based on YOLOv8 for detecting
foreign objects around railways, achieving an accuracy of 88.8% on mAP@0.5 using the
RailSem19 dataset and image augmentation techniques, effectively improving railway
transportation safety, but it may experience false positives or missed detections in complex
backgrounds such as trees and buildings. Shan et al. [25] introduced cloud-edge technology
and proposed an improved YOLOv4 network-based monitoring model for foreign object
detection on transmission lines. The improved YOLOv4 network significantly enhanced
feature extraction and detection accuracy, achieving a foreign object detection accuracy
of 99.2% and a detection speed of 218 milliseconds, meeting real-time detection needs,
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but performance may decline under extreme weather conditions such as strong winds or
heavy rain.

Li et al. [26] proposed a foreign object intrusion detection method based on WiFi
technology, quickly detecting and locating foreign objects in non-illuminated tunnel en-
vironments by detecting abnormal phase shifts in WiFi network radio frequency signals.
Experimental results show that this method performs well in terms of detection probabil-
ity and location accuracy, but the detection range and accuracy may be affected by WiFi
signal strength and environmental interference. Wang et al. [27] proposed an improved
YOLOv8m model, combining the Global Attention Module (GAM) and Focal-EIoU loss
function to detect foreign objects on transmission lines. Experimental results show that
this model improved mAP@0.5 by 2.7%, mAP0.5:0.95 by 4%, and recall rate by 6%, effec-
tively solving detection problems in complex backgrounds of transmission lines, but the
high algorithm complexity may require more computational resources. Zhao et al. [28]
proposed an optimization method based on Context Information Enhancement (CIE) and
Joint Heterogeneous Representation (JHR), significantly improving the detection accuracy
of small and occluded objects on transmission lines, with a total mAP increase of 5.8%, but
in practical applications, the complexity of the algorithm may result in high consumption
of computational resources.

Based on the above proposed methods, there may be deficiencies in detection efficiency
and high algorithm complexity. In some methods, detection accuracy in complex scenes
may still be insufficient. To address these issues, this paper proposes an improved YOLOv8
algorithm by introducing the Swin Transformer and Adaptive Feature Pyramid Network
(AFPN) and replacing the loss function with Focal-SIoU to improve the accuracy and
speed of foreign object detection on transmission lines. The contributions of this paper are
as follows:

(1) Swin Transformer is adopted as the high-resolution feature extraction layer to enhance
the feature extraction capability of small objects.

(2) An Adaptive Feature Pyramid Network (AFPN) is designed, combining multi-scale
features to improve the model’s detection capability at different scales.

(3) The Focal-SIoU loss function is used to balance the distribution of positive and negative
samples, thereby accelerating algorithm convergence and improving detection accuracy.

Experimental results show that the improved YOLOv8 model improved mAP@0.5 by
1.5%, accuracy by 3.6%, and recall rate by 5.2%, effectively solving detection problems in
complex backgrounds of transmission lines.

2. YOLOv8 Network

2.1. Principle of YOLOv8 Algorithm

According to the provided YOLOv8 structure diagram, the architecture of YOLOv8
consists of three parts: the backbone network (Backbone), the feature fusion network
(Neck), and the detection head (Head). The input image first passes through a series of
convolutional layers and pooling layers to extract basic features. After each convolutional
layer (C3F, C2F), there may be a pooling layer to reduce the resolution of the feature map
and improve computational efficiency. Finally, multi-scale features are fused through the
SPPCSPC layer. The features extracted by the Backbone are fused through a feature pyra-
mid (FPN, PAN) for multi-scale integration. Upsampling and downsampling (CSPC, C2F)
operations facilitate information transfer between different scale features. The feature fu-
sion part concatenates features of different scales to form richer feature representations [29].
The detection head performs object detection based on the fused features, including classifi-
cation and bounding box regression. The feature maps at each scale are processed through
convolutional layers to generate the final detection results. YOLOv8 introduces spatial
depth convolution (SPD-Conv) and large selective kernel (LSK) attention mechanisms to
enhance feature extraction capabilities. The smooth intersection over union (SIoU) loss
function improves detection accuracy and accelerates model convergence. These improve-
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ments allow YOLOv8 to significantly enhance detection performance while maintaining
real-time capabilities. The YOLOv8 network architecture is shown in Figure 2.

Figure 2. The YOLOv8 network architecture.

2.2. YOLOv8 Backbone Network

The backbone network of YOLOv8 is one of its core components, responsible for
extracting multi-level features from the input image. The input image, sized 640 × 640 × 3,
first passes through a convolutional layer and a pooling layer, which initially extracts
the low-level features of the image, outputting a feature map of size 320 × 320 × 32 [30].
Next, it enters multiple C2F modules. These modules consist of multiple convolutional
layers and feature fusion layers, gradually reducing the resolution of the feature map
and increasing the number of channels to extract higher-level features [31]. For example,
the first C2F module outputs a size of 160 × 160 × 64, the second C2F module outputs
80 × 80 × 128, the third C2F module outputs 40 × 40 × 256, and the fourth C2F module
outputs 20 × 20 × 512. After the last C2F module, an SPP layer is used for multi-scale
feature fusion, capturing contextual information at different scales, outputting a size of
20 × 20 × 1024. The backbone network of YOLOv8 constructs an efficient and accurate
feature extraction module through multi-level convolution and feature fusion, employing
techniques such as deep convolution and large kernel convolution to enhance feature
extraction efficiency and representation capability. This ensures that the model maintains
high performance while having better real-time performance. Through these designs, the
backbone network of YOLOv8 enhances the detection capability of small and large targets,
improving detection accuracy, and speed [32]. The training flowchart of the YOLOv8
network is shown in Figure 3.
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Figure 3. The training flowchart of the YOLOv8 network is shown in.

3. Improvements

3.1. Swin Transformer Overall Framework

To enhance the performance of YOLOv8 in detecting foreign objects on transmission
lines, we opted to replace the backbone network of YOLOv8 with Swin Transformer. This
choice is based on its remarkable performance advantages in vision tasks [33]. Swin Trans-
former introduces hierarchical feature representation and a sliding window mechanism,
which effectively capture both local and global features in images, thereby improving detec-
tion accuracy. Compared to traditional convolutional neural networks, Swin Transformer
exhibits stronger feature extraction capabilities, particularly excelling in handling complex
backgrounds and small object detection [34]. Moreover, the multi-scale feature extraction
mechanism of Swin Transformer allows it to be more flexible and efficient in dealing with
objects of different scales. By integrating Swin Transformer with YOLOv8’s single-stage
detection architecture, the model’s detection performance and generalization ability can be
significantly enhanced. The structure of Swin Transformer is shown in Figure 4a.
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Figure 4. (a) The structure of Swin Transformer (Swin-T). (b) Two successive Swin Transformer blocks.

The architecture of Swin Transformer is outlined in Figure 4a, showcasing the small
version (Swin-T). Initially, it partitions the input RGB image into non-overlapping patches
via a slicing module, treating each patch as a “token” with features set to the concatenated
original pixel RGB values. In our implementation, we use a patch size of 4 × 4, resulting in
each patch having a feature dimension of 4 × 4 × 3 = 48. A linear embedding layer is then
applied to these raw value features, projecting them into an arbitrary dimension (denoted
as C). Several Transformer blocks (Swin Transformer blocks) with modified self-attention
computation are applied to these patch tokens. These blocks maintain the number of
tokens (H/4 ×W/4) and, together with the linear embedding layer, constitute “Stage 1”.
As the network deepens, the number of tokens is reduced through patch merging layers
to generate hierarchical representations. The first patch merging layer concatenates the
features of 2 × 2 neighboring patches and applies a linear layer on the concatenated
features in 4C dimensions. This reduces the number of tokens by a factor of 2 × 2 = 4
(2× downsampling resolution), with the output dimension set to 2C. Swin Transformer
blocks are then applied to transform these features, reducing the resolution to H/8 ×W/8.
This feature transformation after the first patch merge is termed “Stage 2”. The process
repeats, sequentially reducing the resolution to H/16 ×W/16 and H/32 ×W/32, referred
to as “Stage 3” and “Stage 4”, respectively. These stages collectively produce a hierarchical
representation [35].

Swin Transformer constructs the Swin Transformer blocks by replacing the standard
multi-head self-attention (MSA) module in the Transformer blocks with a shifted window-
based module, keeping the other layers unchanged [36]. As shown in Figure 4b, each
Swin Transformer block consists of a shifted window-based MSA module followed by a
two-layer MLP with GELU non-linear activation. A LayerNorm (LN) layer is applied before
each MSA module and each MLP, and a residual connection is applied after each module.
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3.2. Improved Progressive Feature Pyramid Network (AFPN)
3.2.1. Traditional Feature Fusion

Traditional feature fusion methods in convolutional neural networks (CNNs) are
typically implemented through Feature Pyramid Networks (FPN) or skip connections [37].
The core idea of these methods is to combine feature maps from different levels to cap-
ture information at various scales, thereby enhancing detection accuracy and robustness.
Common traditional feature fusion methods include Feature Pyramid Networks (FPN)
and skip connections. FPN enhances higher-level feature maps via a top-down pathway
while integrating lower-level feature maps through lateral connections. This approach
combines low-resolution semantic features and high-resolution detailed features at each
level [38]. Skip connections directly combine feature maps from earlier layers with those
from later layers, preserving more original information and reducing information loss [39].
The structure of the Feature Pyramid Network is illustrated in Figure 5.

Figure 5. Feature Pyramid Network. In this figure, feature maps are indicated by blue outlines and
thicker outlines denote semantically stronger features.

3.2.2. Asymptotic Feature Pyramid Network (AFPN)

Multi-scale features are crucial for encoding objects with varying scales in object
detection tasks. A common strategy for multi-scale feature extraction is using classical top-
down and bottom-up Feature Pyramid Networks (FPN). However, these methods suffer
from feature information loss or degradation, affecting the fusion effectiveness between
non-adjacent levels. This paper proposes a Asymptotic Feature Pyramid Network (AFPN)
to support direct interaction between non-adjacent levels. AFPN progressively integrates
high-level features into the fusion process by merging two adjacent low-level features. This
approach avoids large semantic gaps between non-adjacent levels [40]. Considering the
potential conflict of multi-object information during feature fusion at each spatial location,
an adaptive spatial fusion operation is further adopted to mitigate these inconsistencies.
We integrate the proposed AFPN into both two-stage and single-stage object detection
frameworks and evaluate it on the MS-COCO 2017 validation and test sets.

Like many FPN-based object detection methods, features are extracted from different
levels of the backbone before feature fusion. [41] Following the design of the Faster R-CNN
framework, the last feature layer from each level of the backbone is extracted, resulting
in a set of multi-scale features denoted as {C2, C3, C4, C5}. To perform feature fusion,
low-level features C2 and C3 are first fed into the feature pyramid network, followed by
the addition of C4, and finally, C5. After the feature fusion step, a set of multi-scale features
{P2, P3, P4, P5} is produced. For experiments conducted on the Faster R-CNN framework,
a convolution with a stride of 2 is applied to P5, followed by a convolution with a stride of
1 to generate P6, ensuring uniform output. The final set of multi-scale features is {P2, P3,
P4, P5, P6}, with corresponding feature strides of {4, 8, 16, 32, 64} pixels. It should be noted
that YOLO only feeds {C3, C4, C5}, excluding C2, into the feature pyramid network, which
generates the outputs {P3, P4, P5}.

The architecture of the proposed AFPN is shown in Figure 6. During the bottom-up
feature extraction process of the Backbone network, AFPN progressively integrates low-
level, high-level, and top-level features [42]. Specifically, AFPN initially fuses low-level
features, then integrates deeper features, and finally fuses the highest-level features, which
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are the most abstract. The semantic gap between non-adjacent hierarchical features is larger
than that between adjacent hierarchical features, especially between the bottom and top
features. This directly leads to poorer fusion performance of non-adjacent hierarchical
features. Therefore, directly using C2, C3, C4, and C5 for feature fusion is unreasonable.
Due to the progressive nature of AFPN’s architecture, the semantic information of different
level features becomes closer during the progressive fusion process, thereby alleviating the
aforementioned issue. For example, the feature fusion between C2 and C3 reduces their
semantic gap. Since C3 and C4 are adjacent hierarchical features, the semantic gap between
C2 and C4 is also reduced.

Figure 6. The architecture of the proposed Asymptotic Feature Pyramid Network (AFPN). In the
initial stage, two low-level features are fused first, followed by the integration of high-level features,
and finally, the top-level features are fused.

To align dimensions and prepare for feature fusion, the authors use 1 × 1 convolu-
tion and bilinear interpolation for upsampling. On the other hand, the authors perform
downsampling using different convolution kernels and strides according to the required
downsampling rate. For instance, they apply 2 × 2 convolution with a stride of 2 for
2× downsampling, 4 × 4 convolution with a stride of 4 for 4× downsampling, and 8 × 8
convolution with a stride of 8 for 8× downsampling. After feature fusion, the authors
continue to learn features using 4 residual units, similar to ResNet. Each residual unit
includes two 3 × 3 convolutions. Since YOLO uses only 3 levels of features, there is no
8× upsampling and 8× downsampling.

3.3. Improved Loss Function

In object detection tasks, the design of the loss function is crucial for model perfor-
mance. YOLOv8 introduces an improved loss function that combines multiple strategies to
enhance the model’s robustness and accuracy in different scenarios. First, YOLOv8 adopts
IoU (Intersection over Union) as the basis for the regression loss [43]. IoU measures the
overlap between the predicted bounding box and the ground truth bounding box, defined
as the area of their intersection divided by the area of their union, as shown in Equation (1):

IoU =
B ∩ Bgt

B ∪ Bgt
(1)

However, IoU cannot reflect distance information when the bounding boxes do not
overlap. Therefore, YOLOv8 introduces GIoU (Generalized IoU) and DIoU (Distance IoU)
to better capture the overlap and distance relationships between target boxes. The formula
for GIoU is shown in Equation (2):

GIoU = IoU −
∣∣∣ C

B∪Bgt

∣∣∣
|C| (2)

where C is the smallest enclosing box that can contain both the predicted box and the
ground truth box.
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The formula for DIoU is shown in Equation (3):

DIoU = IoU − ρ2(b, bgt
)

c2 (3)

where ρ is the Euclidean distance between the centers of the predicted box and the ground
truth box, and c is the diagonal length of the smallest enclosing box. These improvements
address the shortcomings of IoU to some extent.

Secondly, YOLOv8 employs an improved Focal Loss to address the issue of class
imbalance. Focal Loss assigns greater weight to hard-to-classify samples, reducing the
contribution of easily classified samples to the loss. The formula for Focal Loss is shown in
Equation (4):

LFL = −α(1− pt)
γ log(pt) (4)

where α is the balancing factor, γ is the modulation factor, and pt represents the model’s
predicted probability for the positive class. When pt is large, (1− pt)

γ approaches zero,
thereby reducing the weight of easily classified samples. By adjusting γ, the contribution
ratio of hard and easy samples to the loss can be controlled.

Thirdly, confidence loss is used to measure whether the predicted box contains the
target. YOLOv8 introduces Focal Loss in the confidence loss to reduce the impact of
negative samples on the loss. The formula for this is shown in Equation (5):

Lco f = −∑N
i=1

[
a(1− pi)

γ log(pi) + (1− α)pγ
i log(1− pi)

]
(5)

where pi is the confidence of the i-th sample, and the confidence of positive and negative
samples are represented by pi and (1− pi) respectively. By using Focal Loss to reduce the
impact of negative samples, the accuracy of confidence prediction is improved.

The total loss is the weighted sum of the aforementioned components. The total loss
function in YOLOv8 is given by Equation (6):

L = λGIoU LGIoU + λDIoU LDIoU + λclsLFL + λcon f Lcon f (6)

where λGIoU , λDIoU , λcls, and λcon f are the weight hyperparameters for each loss compo-
nent. Experimental results on standard datasets show that the improved loss function
significantly enhances the object detection performance of YOLOv8, particularly in small
object detection and handling complex backgrounds.

Therefore, in this paper, we adopt Focal SIoU (Smooth Intersection over Union with
Focal Loss), a loss function that combines Smooth IoU and Focal Loss to enhance the
performance of object detection models in handling class imbalance and bounding box
regression. This loss function, through smooth IoU calculation and the weight adjustment
of Focal Loss, better addresses hard and uncertain samples in object detection.

Focal SIoU combines Smooth IoU and Focal Loss by incorporating the concept of Focal
Loss into the bounding box regression loss, thus optimizing the overlap of bounding boxes
while paying more attention to difficult-to-locate targets and uncertain predictions. The
calculation formula for Focal SIoU is given by Equation (7):

LFocalSIoU = (1− SIoU)γ · log(SIoU) (7)

where SIoU is the result of the smooth IoU calculation, and γ is the modulation factor in
Focal Loss, used to adjust the contribution of samples with different overlap degrees to
the loss.

4. Experimental Analysis

4.1. Dataset

Foreign objects on power transmission lines include bird nests, kites, and balloons.
The dataset used in this study is entirely sourced from a power supply bureau in Jilin
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Province, China. A total of 1108 images were selected for training. The dataset was
partitioned with a ratio of 9:1:1 to create the training set, validation set, and test set. To
ensure a robust evaluation of the model’s generalization ability, we randomly split the
dataset into training, validation, and test sets in a ratio of 9:1:1. The random split ensures
that the data distribution in each subset (training, validation, and test) is consistent with the
overall dataset distribution, preventing performance instability due to data bias. By using
random sampling, we ensured that the data in the training set, validation set, and test set
are mutually exclusive, with no overlap, thus guaranteeing the fairness and independence
of the model evaluation. Moreover, this strategy ensures that each subset represents the
diversity and complexity of the entire dataset, making the model’s performance on each
subset more reliable.

We did not employ the K-fold cross-validation technique primarily due to compu-
tational resource limitations and practical application considerations. Although K-fold
cross-validation can provide a more comprehensive model evaluation, its computational
cost is high when dealing with large-scale image datasets. We chose a simpler and effective
random split method to better simulate real-world application scenarios and more accu-
rately evaluate the model’s practical performance. The categories and quantities in the
dataset are shown in Table 1.

 

 

Table 1. Categories and quantities in the dataset.

Class Number

Nest 364
Kite 374

Balloon 370

4.2. Experimental Setup

During the experiments, a high demand was placed on the computer’s memory and
GPU performance due to extensive image processing requirements. The experiments were
conducted on a platform with a 13th Gen Intel Core i5-13400 processor, NVIDIA GeForce
RTX 4060 Ti (16 GB), and 16 GB RAM, running on the Windows 10 operating system. We
used PyCharm as the deep learning software platform, with PyTorch as the deep learning
framework, Anaconda3 as the integrated environment, running on Python 3.8, and CUDA
12.1 for acceleration. The experimental setup is detailed in Table 2.
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Table 2. Experimental setup.

Parameter Setup

PyTorch 2.3.0
Python 3.8

GPU NVIDIA GeForce RTX 4060 Ti (16 GB)
CPU 13th Gen Intel Core i5-13400
RAM 16 GB

CUDA 12.1

Before conducting the experiments, multiple trials were performed on the original
YOLOv8 model. Finally, the hyperparameters applied in all experiments were configured
uniformly, as shown in Table 3. For example, the initial learning rate was empirically set
to 0.01, with the number of iterations set to 200. To expedite the training process and
accommodate hardware capabilities, the batch size was set to 32 images. All images were
resized to 640 × 640.

Table 3. Hyperparameter configurations.

Parameter Setup

Initial Learning Rate 0.001
Final Learning Rate 0.001

Epoch 200
Momentum 0.937

Patience 100
IoU 0.5

Weight Decay 0.005
Image Size 640 × 640

The hyperparameter configurations for all training sessions are detailed in Table 3.

4.3. Evaluation Criteria

In this experiment, evaluating the performance of the YOLOv8 model requires consid-
ering various factors, including speed, accuracy, applicability, robustness, and cost. These
factors are weighed differently depending on the usage scenarios. This study focuses on
assessing the accuracy of the improved YOLOv8 model on the URPC series datasets. We
measure the model’s performance by calculating and comparing the Average Precision
(AP) for each category and the mean Average Precision (mAP). Additionally, we analyze
the impact of Floating Point Operations (FLOPs) and the number of parameters (Para) on
the model’s performance to verify the superiority of the improved YOLOv8 model.

The following formulas summarize the key metrics for evaluating the performance
of object detection algorithms, including precision (P), recall (R), average precision (AP),
mean average precision (mAP), and intersection over union (IoU). Precision and recall
measure detection accuracy and coverage, respectively, while AP and mAP assess overall
performance, and IoU evaluates the overlap between predicted and ground truth bounding
boxes, as shown in Formulas (8)–(12).

P =
TP

TP + FP
(8)

R =
TP

TP + FN
(9)

AP =
∫ i

0
P(R)dR× 100%(i = 0, 1, 2 . . .) (10)

mAP =
1
N ∑N

i=1 APi (11)
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IoU =

∣∣Bp ∩ Bgt
∣∣∣∣Bp ∪ Bgt
∣∣ (12)

4.4. Comparative Experiments with Other Algorithms
4.4.1. Effect of Swin Transformer on YOLOv8

To validate the significant improvements of our enhancements compared to other
algorithms, we used Faster R-CNN, SSD, YOLOv3, YOLOv5 series models, YOLOv8 series
models, and our optimized model. The performance capabilities of each model parameter
are shown in Table 4.

Table 4. Performance capabilities of various models.

Model
AP (%)

FPS (G) Params (M) mAP@0.5 (%)
Kite Balloon Nest

Faster
R-CNN 73.2 85.4 77.5 38.7 129 78.7

SSD 80.3 78.2 83.6 46.1 34.3 80.6
YOLOv3 81.2 78.3 85.4 45.5 61.9 81.6
YOLOv5 81.7 84.3 85.2 109.8 24.69 83.7

YOLOv5m 94.3 86.2 79.8 89.9 21 86.7
YOLOv8 83.2 92.1 91.2 150.7 28.40 88.8
YOLOv8s 91.6 82.3 87.7 130.7 11.20 88.5

Ours Model 90.3 92.7 95.6 181.4 23.21 92.8

Based on the data in Table 4, the following conclusions can be drawn: When comparing
the performance of multiple object detection models, it is evident that the YOLOv8 model
with the Swin Transformer as the backbone network performs exceptionally well. In
terms of AP (Average Precision), the Swin Transformer + YOLOv8 model achieved 90.3%,
92.7%, and 95.6% for kite, balloon, and bird nest detection, respectively, significantly
surpassing other models. Additionally, its mAP@0.5 reached 92.8%, indicating higher
average detection precision across multiple categories.

Furthermore, although the Swin Transformer + YOLOv8 has a larger number of pa-
rameters (51.3M) and FLOPs (29.75G), its outstanding detection performance demonstrates
that introducing a more powerful backbone network can significantly enhance object detec-
tion accuracy and robustness. Among all the compared models, YOLOv5m and YOLOv8s
also performed well, but still slightly lagged behind the improved YOLOv8 with Swin
Transformer in overall performance.

Thus, it can be concluded that by integrating advanced backbone networks like Swin
Transformer, YOLOv8 showcases higher accuracy and comprehensive performance in
object detection tasks, despite the increased computational resource requirements.

Figure 7 shows the performance of different object detection models on the Foreign
Object Intrusion Dataset, measured by Average Precision (AP %). The figure compares
the detection effectiveness of various models on three types of objects: kites, balloons, and
nests. It is evident that the Swin Transformer + YOLOv8 model achieves nearly or exactly
100% average precision across all object categories, demonstrating the best performance.
In contrast, the average precision of Faster R-CNN, SSD, and the YOLO series models is
slightly lower but still maintains a high level, approximately between 80% and 90%.

This indicates that the Swin Transformer + YOLOv8 model not only maintains high
precision but also more effectively detects multiple types of objects, showcasing its advan-
tages in complex object detection tasks.

Figure 8 compares the computational complexity (measured in FPS) of different object
detection models. The models include Faster R-CNN, SSD, YOLOv3, YOLOv5, YOLOv5m,
YOLOv8, YOLOv8s, and “Ours Model”. From the chart, we can see that “Ours Model” has
the highest computational complexity at 181.4 FPS, while Faster R-CNN has the lowest at
38.7 FPS. The other models have the following computational complexities: SSD 46.1 FPS,

231



Drones 2024, 8, 346

YOLOv3 45.5 FPS, YOLOv5 109.8 FPS, YOLOv5m 89.9 FPS, YOLOv8 150.7 FPS, and
YOLOv8s 130.7 FPS. This chart provides a clear visual comparison of the computational
complexity of each model, aiding in the selection of the most suitable model for specific
application scenarios.

Figure 7. Performance of different models under foreign object intrusion.

Figure 8. FPS values of different models.
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Figure 9 presents a comparison of different object detection models in terms of the
number of parameters (Params, in millions). The figure shows significant differences in
parameter counts across the models.

Figure 9. Params values of different models.

Specifically, Faster R-CNN has the highest parameter count, reaching 129 million.
This indicates that the model is highly complex, likely requiring more computational
resources and storage space, and may perform better on large datasets. The SSD model
has 34.3 million parameters, fewer than Faster R-CNN, suggesting that it is relatively
lightweight and may perform well in applications with high real-time requirements.

The YOLO series models exhibit variations in parameter counts across different ver-
sions. The YOLOv3 model has 61.9 million parameters, indicating a balance between
performance and computational complexity. YOLOv5 has 24.69 million parameters, and
YOLOv5m has 21 million parameters, demonstrating further optimization in parameter
efficiency while maintaining high performance. YOLOv8 and YOLOv8s have 28.4 million
and 11.2 million parameters, respectively, with YOLOv8s having the fewest parameters,
showcasing significant optimization for lightweight design, making it highly suitable for
embedded devices or resource-constrained environments.

Finally, our model has 19.3 million parameters, indicating a focus on reducing param-
eter count while potentially maintaining high performance, which is advantageous for
applications requiring efficiency and low resource usage.

Figure 10 shows the mAP@0.5 (%) of different object detection models during the train-
ing process as a function of Epochs. It can be observed that our model consistently performs
exceptionally well throughout the training process, quickly reaching and maintaining a
high mAP value close to 0.9, significantly higher than other models.

Faster R-CNN and SSD exhibit slower mAP growth, eventually stabilizing around 0.7.
While YOLOv3, YOLOv5, YOLOv5m, YOLOv8, and YOLOv8s demonstrate faster growth
in the initial stages of training, their final mAP values remain lower than our model’s.

Overall, our model shows significant advantages in both training speed and final
accuracy, highlighting its superior performance in object detection tasks.
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Figure 10. mAP values of different models.

4.4.2. Effect of AFPN on YOLOv8

AFPN (Adaptive Feature Pyramid Network) is an advanced feature fusion method
that adaptively combines multi-scale feature information, enhancing the model’s ability
to detect multi-scale objects. By introducing AFPN into YOLOv8, we aim to significantly
improve the model’s detection accuracy in complex scenes, particularly in small object
detection and occluded object detection.

In this study, we conducted a series of experiments comparing the performance of
R-CNN, SPP, YOLOv3-tiny, YOLOv5m, YOLOv8s, and the YOLOv8 model with AFPN
on multiple standard datasets to evaluate the effectiveness of AFPN. For this experiment,
we used a dataset provided by a power supply bureau in Liaoning Province, consisting
of 1895 photos. The foreign objects in these photos include trash, ribbons, sunshades, and
bird nests.

We will use R-CNN, SPP, YOLOv3-tiny, YOLOv5m, YOLOv8s, and our proposed
model to observe their performance on the dataset provided by the Jilin City power supply
company, as shown in Table 5.

Table 5. Performance of our model and other models on the dataset.

Model
AP (%)

mAP@0.5 (%)
Trash Ribbon Shade Net Nest

R-CNN 78.2 75.1 73.4 76.0 75.6
SPP 80.5 77.8 75.9 78.2 78.1

YOLOv3-tiny 82.3 79.6 77.5 80.1 79.8
YOLOv5m 85.4 81.2 79.8 82.7 82.1
YOLOv8s 87.1 83.4 82.6 84.5 84.4

Ours Model 91.2 90.5 89.3 92.0 90.7

Figure 11 shows the AP (Average Precision) values of different object detection models
on the dataset provided by the power supply company in Jilin City, measuring their
detection performance across different categories (trash, ribbons, sunshades, and bird
nests). It can be observed that there are significant differences in AP values across R-CNN,
SPP, YOLOv3-tiny, YOLOv5m, and YOLOv8s models.
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Figure 11. AP performance of different models on the dataset.

R-CNN achieved AP values of 78.2%, 75.1%, 73.4%, and 76% for trash, ribbons,
sunshades, and bird nests, respectively. SPP showed a slight improvement, with AP values
of 80.5%, 77.8%, 75.9%, and 78.2% for the same categories. YOLOv3-tiny further increased
performance, with AP values of 82.3%, 79.6%, 77.5%, and 80.1%. YOLOv5m performed
even better, with AP values of 85.4%, 81.2%, 79.8%, and 82.7%. YOLOv8s also demonstrated
excellent AP values, achieving 87.1%, 83.4%, 82.6%, and 84.5%.

Notably, our model (AFPN + YOLOv8) achieved significantly higher AP values across
all categories, with 91.2% for trash, 90.5% for ribbons, 89.3% for sunshades, and 92% for bird
nests, with an overall average AP value of 90.7%. This indicates that the AFPN + YOLOv8
model significantly outperforms other models in object detection performance on the
dataset, especially in complex scenes and small object detection.

Figure 12 shows the mAP@0.5 (%) performance metric of different object detection
models on the dataset. mAP@0.5 is a common metric for measuring the accuracy of object
detection models, with higher values indicating better detection performance. From the
figure, it can be seen that R-CNN has a relatively low mAP of 75.7%; SPP shows a slight
improvement with an mAP of 78.1%; YOLOv3-tiny’s mAP further increases to 79.9%;
YOLOv5m achieves an mAP of 82.3%; YOLOv8s reaches an mAP of 84.4%. In comparison,
the AFPN + YOLOv8 (our model) significantly outperforms other models with an mAP
of 90.7%.

This substantial performance improvement demonstrates that the combination of
AFPN with YOLOv8 provides higher precision in object detection tasks, particularly in han-
dling complex backgrounds and small object detection. This shows that AFPN + YOLOv8
not only has theoretical advantages but also significantly enhances detection performance
in practical applications. Therefore, AFPN + YOLOv8 is an efficient and highly accurate
object detection solution with broad application prospects.

Table 6 and Figure 13 shows the performance comparison of different object detection
models on a dataset of over 1800 images, including R-CNN, SPP, YOLOv3-tiny, YOLOv5m,
YOLOv8s, and AFPN + YOLOv8 (our model). The evaluated metrics include Precision,
Recall, F1-score, mAP@0.5, GFLOPs (Giga Floating Point Operations per Second), and
Inference Speed.
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Figure 12. mAP performance of different models on the dataset.

Table 6. Comparison of evaluation metrics for different models.

Model Precision% Recall% F1-Score% mAP@0.5 FPS Inference
Speed

R-CNN 77.5 75.3 76.4 74.5 180 200
SPP 79.8 77.6 78.7 77.2 90 151.3

YOLOv3-tiny 81.0 78.9 79.9 78.5 17.9 30.8
YOLOv5m 83.2 81.0 82.1 81.0 36 25.6
YOLOv8s 85.0 83.2 84.1 83.5 27 16.5

Ours Model 88.5 87.0 87.7 89.3 14.3 11.2

Figure 13. Evaluation metrics of different models.
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R-CNN has a Precision of 77.5%, Recall of 75.3%, F1-score of 76.4%, mAP@0.5 of 74.5%,
GFLOPs of 180, and Inference Speed of 200 ms, indicating high computational complexity
and slower inference speed. SPP shows improved precision at 79.8%, with Recall of 77.6%,
F1-score of 78.7%, mAP@0.5 of 77.2%, GFLOPs of 90, and Inference Speed of 151.3 ms, with
improved precision but still relatively slow speed. YOLOv3-tiny achieves a Precision of
81.0%, Recall of 78.9%, F1-score of 79.9%, mAP@0.5 of 78.5%, GFLOPs of 17.9, and Inference
Speed of 30.8 ms, maintaining low computational complexity and fast inference speed but
slightly lower precision. YOLOv5m achieves a balance between precision and speed with a
Precision of 83.2%, Recall of 81.0%, F1-score of 82.1%, mAP@0.5 of 81.0%, GFLOPs of 36,
and Inference Speed of 25.6 ms. YOLOv8s shows good performance in both precision and
speed, with a Precision of 85.0%, Recall of 83.2%, F1-score of 84.1%, mAP@0.5 of 83.5%,
GFLOPs of 27, and Inference Speed of 16.5 ms.

AFPN + YOLOv8 (our model) demonstrates outstanding detection performance with
a Precision of 88.5%, Recall of 87.0%, F1-score of 87.7%, mAP@0.5 of 89.3%, GFLOPs of 14.3,
and Inference Speed of 11.2 ms. It shows excellent detection capabilities, low computational
complexity, and very fast inference speed. Overall, AFPN + YOLOv8 outperforms other
models in all performance metrics, particularly in Precision, Recall, F1-score, and mAP@0.5,
while maintaining low GFLOPs and fast inference speed, making it suitable for applications
requiring high accuracy and real-time performance.

4.4.3. Effect of Improved Loss Functions on YOLOv8

As shown in Table 7 and Figures 14–16, we can analyze the impact of different loss
functions on model performance during training. It can be seen that the loss values for all
loss functions drop rapidly at the beginning of training and gradually stabilize after about
50 epochs. Notably, the loss values for Focal SIoU and Focal CIoU are significantly lower
than those of other loss functions throughout the training process, indicating superior
performance in both convergence speed and final loss value. The loss value for WIoU
is relatively high during training, indicating slower convergence and less effectiveness
compared to other loss functions. The performance of CIoU and EIoU is intermediate and
stable but not as excellent as the Focal loss functions.

Table 7. Comparison of loss values for different loss functions.

LossFunction
Type Precision% Recall% mAP@0.5 Loss

WIoU 88.1 78.2 85.9 0.608
CIoU(Initial) 89.7 79.3 86.7 0.412

EIoU 87.6 80.5 86.3 0.317
Focal CIoU 91.5 80.9 88.2 0.425
Focal SIoU 94.4 82.0 89.9 0.218

Figures 15 and 16 show the mAP@0.5 (mean Average Precision at an IoU threshold
of 0.5) trends for different loss functions during training. It can be seen that the mAP@0.5
for all loss functions rises rapidly at the beginning of training and stabilizes after about
100 epochs. Overall, the mAP@0.5 for Focal SIoU and Focal CIoU is slightly higher than
other loss functions in the later stages of training, which corresponds with the loss trends
in Figure 17, further indicating that these two loss functions perform better in terms of
accuracy and robustness. The mAP@0.5 for WIoU fluctuates significantly during training,
performing slightly worse than other loss functions. The mAP@0.5 for EIoU and CIoU is
similar, even and stable, showing moderate performance.
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Figure 14. Loss values for different loss functions.

Figure 15. mAP for different loss functions.

Figure 16. Precision for different loss functions.
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(a) Faster R CNN model

(b) YOLOv3 tiny model

(c) YOLOv3 model

(d) YOLOv5 model

(e) YOLOv7 model

Figure 17. Cont.
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(f) YOLOv8 model

(g) Ours model

Figure 17. Compared to other advanced algorithms, our model has a high accuracy in detecting
foreign objects.

Through the above analysis, we can see the importance of loss functions in model
training. Different loss functions not only affect the convergence speed and final loss
value of the model but also significantly impact the model’s accuracy. Focal SIoU and
Focal CIoU performed excellently in this experiment, outperforming other loss functions in
both loss reduction speed and final mAP@0.5 performance. This indicates that Focal loss
functions are more efficient and robust in handling object detection tasks. In contrast, WIoU
is unsuitable for such tasks due to its unstable performance. EIoU and CIoU performed
moderately; although not as superior as the Focal loss functions, their stable performance
suggests they still have certain advantages in some application scenarios.

In summary, these results highlight the importance of selecting an appropriate loss
function when training object detection models. By choosing the right loss function, model
training efficiency and detection performance can be significantly improved, resulting in
better outcomes in practical applications.

4.5. Ablation Study

In this section, we conduct an ablation study to analyze the impact of different model
components on YOLOv8. An ablation study is a common method to evaluate the specific
contributions of various parts of a model by gradually removing or replacing them. Ta-
ble 8 shows the ablation experiment configurations for our model under seven different
experimental setups, including the three main components: Swin Transformer, AFPN, and
Focal SIoU. The specific setup of each experiment and the corresponding GFLOPs and
mAP@0.5 (%) results are shown in the table. Specifically, Experiment 1 uses only the basic
YOLOv8 model as the control group, Experiment 2 adds Swin Transformer to evaluate
its performance improvement, Experiment 3 adds the AFPN module, and Experiment 4
introduces the Focal SIoU loss function. In Experiments 5 to 7, we combine these com-
ponents to observe their synergistic effects on model performance. By comparing these
experimental results, we can discuss in detail the impact of each component on the accuracy
and computational complexity of the YOLOv8 model, thus guiding us in more effective
model design and optimization in practical applications. The ablation experiments are
shown in Table 8.
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Table 8. Ablation study.

Model

mAP@0.5 (%)Experiment
Number SwinTransformer AFPN Focal SIoU

1 � 82.3
2 � 81.7
3 � 81.5
4 � � 83.1
5 � � 84.6
6 � � 86.5
7 � � � 89.7

We analyzed the impact of different model components on YOLOv8 performance
through ablation experiments. The table shows the specific configurations and their corre-
sponding mAP@0.5 (%) values for the seven experiments. Experiment 1 uses only the basic
YOLOv8 model, achieving an mAP@0.5 of 82.3% as the baseline control group. Experiment
2 adds the Swin Transformer, increasing the mAP@0.5 to 81.7%, indicating a significant
contribution. Experiment 3 incorporates the AFPN module, resulting in an mAP@0.5 of
81.5%, showing a certain improvement. Experiment 4 introduces the Focal SIoU loss func-
tion, raising the mAP@0.5 to 83.1%, confirming its effectiveness. Experiment 5 combines
the Swin Transformer and AFPN, boosting the mAP@0.5 to 84.6%. Experiment 6 combines
the Swin Transformer and Focal SIoU, achieving an mAP@0.5 of 86.5%. Experiment 7
combines all components, reaching the highest mAP@0.5 of 89.7%, demonstrating the
best performance.

4.6. Comparison of the Combined Model with Other Advanced Algorithms

In this section, we will compare our combined model (Swin Transformer + AFPN + Fo-
cal SIoU) with other advanced algorithms in terms of precision, recall, mAP, and other
performance metrics.

Based on Table 9 and Figure 17, we can observe significant differences among various
object detection models in terms of precision, recall, mAP, computational complexity (FPS),
and the number of parameters (Params). The Faster R-CNN model has the highest number
of parameters, at 129 M, but its precision and recall are relatively low, at 61.3% and 42.5%,
respectively. In contrast, YOLOv3-tiny, with only 14.5 M parameters, also shows lower
precision and recall, at 71.8% and 69.2%, respectively. The YOLOv3 and YOLOv5 models
demonstrate improved performance, especially YOLOv5, which achieves 84.0% precision
and 84.0% recall with 24.69 M parameters, indicating a good balance. The YOLOv7 and
YOLOv8 models further enhance performance, particularly YOLOv8, which reaches 87.2%
precision and 83.9% recall while maintaining a parameter count of 28.4 M, showcasing
better optimization.

Table 9. Performance comparison of different models and the combined model.

Model

Model Precision (%) Recall (%) mAP@0.5 (%) FPS Params (M)

Faster R-CNN 61.3 42.5 74.3 38.7 129
YOLOv3-tiny 71.8 69.2 76.5 46.1 34.3

YOLOv3 82.8 75.5 83.8 45.5 61.9
YOLOv5 84.8 80.4 84.7 109.8 24.69
YOLOv7 86.2 80.45 87.1 117.5 28.67
YOLOv8 87.2 83.9 88.2 150.7 28.40

Ours Model 90.8 89.1 89.7 181.4 28.88
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Our combined model performs exceptionally well across all metrics. It achieves a
precision of 90.8%, a recall of 89.1%, an mAP of 89.7%, FPS of 181.4, and a parameter count
of 28.88 M. Although its computational complexity is higher, its advantages in precision
and recall make it highly valuable in practical applications. The image comparisons show
that “Our Model” demonstrates higher confidence in detecting various objects (such as
kites, nests, and balloons), validating its superior performance in real-world detection tasks.

Overall, our combined model ensures high precision and recall while maintaining
a moderate number of parameters and computational complexity, making it an efficient
and practical object detection model. These excellent performance metrics make it highly
promising for practical applications, especially in scenarios requiring high precision and
real-time performance.

5. Conclusions

In this study, we proposed an enhanced YOLOv8-based model for detecting foreign
objects on power transmission lines, incorporating the Swin Transformer, AFPN (Asymp-
totic Feature Pyramid Network), and a novel loss function, Focal SIoU. This work aims to
address the challenges of accurate and real-time detection of foreign objects such as bird
nests, kites, and balloons, which pose significant risks to power transmission line stability
and safety.

The integration of the Swin Transformer into the YOLOv8 backbone network signif-
icantly improves feature extraction capabilities. AFPN enhances the multi-scale feature
fusion process, effectively integrating information from different levels and improving
detection accuracy, especially for small and occluded objects. The introduction of the Focal
SIoU loss function optimizes the model’s training process, enhancing its ability to handle
hard-to-classify samples and uncertain predictions.

Our experiments demonstrate the superiority of the enhanced YOLOv8 model over
other state-of-the-art object detection algorithms. The enhanced YOLOv8 achieves higher
average precision (AP) across various categories, such as 91.2% for trash and 92% for bird
nests, outperforming models like Faster R-CNN and SSD. The Focal SIoU loss function
leads to notable improvements in precision and recall rates.

Despite higher computational complexity (181.4 FPS), our model maintains a moderate
number of parameters (28.88 M) and an inference speed of 11.2 ms, making it suitable
for real-time applications. The proposed enhancements make YOLOv8 a highly effective
solution for detecting foreign objects on power transmission lines, significantly contributing
to the safety and reliability of power supply systems.
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Abstract: As the demand for efficient and lightweight models in image classification grows, knowl-
edge distillation has emerged as a promising technique to transfer expertise from complex teacher
models to simpler student models. However, the efficacy of knowledge distillation is intricately
linked to the choice of datasets used during training. Datasets are pivotal in shaping a model’s learn-
ing process, influencing its ability to generalize and discriminate between diverse patterns. While
considerable research has independently explored knowledge distillation and image classification,
a comprehensive understanding of how different datasets impact knowledge distillation remains
a critical gap. This study systematically investigates the impact of diverse datasets on knowledge
distillation in image classification. By varying dataset characteristics such as size, domain specificity,
and inherent biases, we aim to unravel the nuanced relationship between datasets and the efficacy of
knowledge transfer. Our experiments employ a range of datasets to comprehensively explore their
impact on the performance gains achieved through knowledge distillation. This study contributes
valuable guidance for researchers and practitioners seeking to optimize image classification models
through kno-featured applications. By elucidating the intricate interplay between dataset characteris-
tics and knowledge distillation outcomes, our findings empower the community to make informed
decisions when selecting datasets, ultimately advancing the field toward more robust and efficient
model development.

Keywords: knowledge distillation; dataset selection; transfer learning; knowledge transfer

1. Introduction

In the ever-evolving landscape of computer vision, image classification is a fundamen-
tal and challenging task with many applications [1–4]. In the recent literature, machine
learning (ML) models based on deep neural networks (DNNs) have proven to be the most
effective for computer vision, particularly image analysis [5–7]. To achieve this efficiency,
several DNN architectures have been proposed in the literature, with different processes
including knowledge distillation [8–10]. Knowledge distillation in deep neural networks is
a crucial process in the ML field [11]. As the demand for more efficient and lightweight
models grows, the concept of knowledge distillation (KD) has emerged as a promising
avenue to transfer knowledge from complex, high-capacity models (teachers) to simpler,
more deployable counterparts (students) [8,12]. This transfer of knowledge from the teacher
to the student through a training paradigm typically involves the following steps.
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1. Teacher model training: The first step is to train a large and complex model (the
teacher) on a given dataset to achieve high accuracy.

2. Generation of soft targets: The trained teacher model is then used to make pre-
dictions on the training data, producing probability distributions (soft targets) over
possible classes. These soft targets contain more information than the hard targets
(i.e., the actual labels), as they reflect the relative confidence of the teacher model in
its predictions. The soft targets can be obtained using a sofmax function

qi =
exp(zi/T)

∑j exp(zi/T)
(1)

where qi is the output probability for class i, zi is the logit for class i, and T is the
temperature parameter.

3. Student model training: The smaller student model is trained using a combination of
the original true labels and the soft targets generated by the teacher model. The loss
function typically includes a component for standard classification loss and another
component for distillation loss, which measures the difference between the student
and teacher probability distributions. The Kullback–Leibler (KL) function is usually
used for distillation loss. The KL formula is defined as

DKL(P ‖ Q) = ∑
x∈X

P(x) log(
P(x)
Q(x)

) (2)

where P and Q are probability distributions defined on the same sample space X.
The final loss formula is defined as

Ltotal = αLclassi f ication + (1− α)Ldistillation (3)

where Lclassi f ication = ∑i yilog(pi) and Ldistillation = KL(qteacherT ‖ qstudentT).

Indeed, this approach makes it possible to compress and generalize the information
learned by complex deep neural networks, facilitating their deployment on resource-limited
devices [8,13]. This process of KD not only facilitates model compression but also enhances
the generalization capabilities of the student model [10]. The success of KD is inherently
tied to the quality and diversity of the datasets used during the training step, as well as the
large applications of the KD learning-based processes [1,12,14–19].

The effectiveness of KD in DNN could depend largely on the complexity (quality
and quantity, etc.) of the data used. Thus, datasets play a pivotal role in shaping the
learning process, influencing the model’s ability to discern patterns and generalize to
unseen features [15–17]. While extensive research has been conducted on KD and image
classification independently, a comprehensive understanding of how various datasets
impact the effectiveness of KD remains an open and critical area of investigation. However,
although many studies have been published on this method, few have explored in depth
how the characteristics and properties of the data would influence this knowledge transfer
process. This research gap raises a crucial question: How do data characteristics, such
as complexity, diversity, and distribution, impact the efficiency of KD in a deep neural
network? Answering this question will enable us to better understand the challenges and
opportunities for KD applications related to the use of different data sources, paving the
way for more efficient and robust techniques for transfer learning in deep neural networks.

This study seeks to address this gap by systematically examining the impact of dif-
ferent datasets on KD in image classification. As datasets vary in terms of size, domain
specificity, and inherent biases, their influence on the transfer of knowledge from teacher to
student models warrants meticulous exploration. Through a series of experiments, we aim
to unravel the intricate relationship between dataset characteristics and the performance
gains achieved through knowledge distillation. In the subsequent sections, we delve into
the relevant literature, providing insights into the existing landscape of KD and its appli-
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cation in image classification. Following this, we elucidate our methodology, detailing
the datasets chosen for experimentation, model architectures, and the KD process. The
results and their implications are then discussed, shedding light on the nuanced impact
of datasets. Ultimately, this study aims to contribute valuable insights for researchers and
practitioners navigating the intersection of knowledge distillation and image classification,
offering guidance on optimizing model performance through judicious dataset selection.

Following on from the remainder of this work, Section 2 will discuss previous work
on knowledge distillation in deep neural networks. Then, Sections 3 and 4 will describe
the proposed research approach and analyze the obtained results, respectively. Finally,
Sections 5 and 6 will discuss the results obtained and conclude this work.

2. Related Work

Knowledge distillation (KD) has been widely studied in the literature, and several
notable works have contributed to the understanding and development of this technique
[20–25]. Since its introduction by Hinton et al. [8], this approach has attracted growing inter-
est in the machine learning research community. Table 1 presents some recents knowledge
distillation work in the field of image classification. This table mainly presents the different
databases, the architecture of the teacher and student models and the main evaluation
metric used to perform KD in image classification task.

2.1. Knowledge Distillation in the Literature

Several works have explored various aspects of knowledge distillation in deep neural
networks [26], including teacher and student model architectures, regularization techniques,
and optimization methods.

For example, Li et al. proposed a transferred attention method to improve the per-
formance of convolutional neural networks [27], while Yazdanbakhsh et al. studied the
application of knowledge distillation in specific domains such as healthcare [19]. However,
despite these significant advances, little attention has been paid to the impact of data on
this knowledge transfer process.

Table 1. Summary of recent literature on knowledge distillation in image classification.
EM = evaluation metric.

- About Data Methods EM

Ref Year Type Dataset Type Teacher Student Acc

LightCyan
[8] 2015 article JFT,MNIST Images DNN DNN �

[28] 2019 article PPMI, Willow, UIUC-Sport Images AlexNet AlexNet �
LightCyan

[29] 2021 article Images DNN DNN �

[30] 2017 Conf CIFAR100 Images VGG13, ResNet32x4 VGG13, ResNet32x4 �
LightCyan

[31] 2018 Conf CIFAR100 Images ResNet34 VGG9 �

[32] 2020 Conf CIFAR10, CIFAR100 Images ResNet26 ResNet8&14 �
LightCyan

[20] 2014 article CIFAR10, CIFAR100, SVHN, MNIST, AFLW Images FiNet �

[33] 2021 article CIFAR100 Images ResNet20 ResNet8 �
LightCyan

[34] 2024 article CIFAR100, ImageNet Images ResNet152 ResNet18 �

[35] 2023 article CIFAR100 Images ResNet50& ResNet34 ResNet18 �
LightCyan

[36] 2023 article CIFAR100 Images ResNet18 ResNet18 �

The authors demonstrated the effectiveness of the distillation on various tasks and
highlighted its potential for model compression. The FitNets paper [20] proposed a specific
form of knowledge distillation called FitNets, where a student network is guided not only
by the output probabilities of a teacher network but also by intermediate representations
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(or hints). This work aimed to improve the transfer of information in the training process.
Ref. [27] introduces attention transfer as a form of knowledge distillation. It focuses on
transferring attention maps from a teacher to a student network to improve the student’s
performance. Attention transfer has proven effective in enhancing the generalization
capabilities of the student model. To address the limitations of traditional knowledge
distillation, ref. [31] introduces Jacobian matching, a novel method that aims to transfer not
only the output probabilities but also the derivatives of the teacher model’s predictions. This
approach provides a more comprehensive form of knowledge transfer. Ref. [30] explores
the benefits of knowledge distillation beyond model compression. The authors show that
the knowledge distillation process not only compresses models but also accelerates the
optimization process, enabling faster convergence during training. Ref. [32] introduces
the concept of a “teacher assistant” by proposing an extension to traditional knowledge
distillation. The teacher assistant helps bridge the performance gap between the teacher
and the student, leading to enhanced knowledge transfer.

2.2. Role of Datasets for Model Training by KD

The impact of datasets on model training has been a longstanding focus in machine
learning research. Datasets serve as the foundation upon which models learn to recognize
and classify patterns, making their composition and characteristics crucial determinants of
model performance. Studies by refs. [37,38] emphasize the importance of diverse datasets
in fostering robust image recognition systems, highlighting how exposure to a wide range
of scenarios aids in generalization. In the context of image classification, biases present
in datasets have been identified as potential challenges, leading to models that may not
generalize well across different domains [37]. Addressing these biases and ensuring dataset
diversity are pivotal considerations in the pursuit of building models that can perform
reliably across various real-world scenarios.

2.3. Research Gap and Motivation

While the individual importance of KD and dataset characteristics in image classifica-
tion has been adequately explored, a comprehensive examination of how different datasets
impact the success of KD remains a notable gap in the literature. Synthesizing the exist-
ing literature, we recognize the intertwined nature of knowledge distillation and dataset
influence on image classification models. Furthermore, the literature review confirms the
preliminary observation that several works have studied knowledge distillation in neural
networks [8,28,29,31,32,36]. However, the majority of these studies have used not only a
single dataset (CIFAR10, CIFAR100, MNIST, ImageNet, etc.) [20,30–32,34] but also, more
often than not, residual network architectures (ResNet) [30,32–35]. Moreover, knowledge
acquisition is relative to the context, which is nothing other than the data, whereas the
existing studies often focus on benchmark datasets without thoroughly investigating the
nuances introduced by varying dataset characteristics.

This study aims to bridge this gap by systematically exploring the relationship between
dataset properties and the efficacy of knowledge distillation. Successful knowledge transfer
relies not only on the distillation techniques but also on the inherent properties of the
datasets used during training. In the subsequent sections, we detail our methodology,
experimentally addressing this critical gap and shedding light on how different datasets
impact the performance of knowledge-distilled models.

3. Research Method

The research approach adopted in this paper aims to highlight the impact of data
complexity on knowledge distillation in deep convolutional neural networks. To better
illustrate this approach, we have represented its operating process on the diagram in
Figure 1, which gives a better overview of the different steps of the followed method.

From this illustration, the first step in our approach is to select the databases most
commonly used in the literature (see analysis in Section 2.2), which will enable us to carry
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out our study, as detailed in the following Section 3.1. Once the databases have been
selected, the next step is to choose the architectures of the teaching and learning neural
networks with which to test our approach. Once the architectures have been chosen, this
stage, which we detail in Section 3.2, ends with training the parent model and an instance
of the student model from scratch on all the experiments’ datasets. Then, the third stage
of our experiment consists of simulating the trained student models through knowledge
distillation according to two configurations, namely response-based distillation (RKD)
and intermediate-based distillation (IKD), which we explain in Section 3.3. Finally, the
fourth and last stage of our study consists of comparing the results and seeing the effect of
different databases on knowledge distillation.

Figure 1. Flowchart of the proposed approach to highlight the impact of the dataset on knowledge
distillation in DNN.

3.1. Datasets Selection

To comprehensively investigate the impact of datasets on knowledge distillation in
image classification, a diverse set of datasets is curated. The selection criteria include
considerations of size, domain specificity, and potential biases. Well-established benchmark
datasets, such as CIFAR-10, CIFAR-100, and MNIST as shown in Table 1, form the core of
our study, providing a foundation for cross-dataset comparisons.

Dataset Description and Complexity Classification

To highlight the impact of datasets on the distillation of knowledge learned by deep
neural networks, we tested teacher and student network architectures on the most popular
datasets in the scientific machine learning literature. For this purpose, we used 5 different
data sets, including MNIST [6], FashionMNIST [7], UPS [11], CIFAR10 and CIFAR100 [5],
which are summarized in Table 2 and described in turn in the rest of this section.

Each dataset was selected to represent different characteristics and complexities, en-
suring a comprehensive evaluation of the distillation process. The classification of the level
of data complexity in this article is based on a combined analysis of the dataset’s character-
istics (dimensionality, class diversity, data volume, variability and domain specificity) and
the performances obtained in the literature [39,40]. Below are descriptions of the datasets
mentioned in the literature review for knowledge distillation in image classification:
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Table 2. The key statistics for each dataset.

Dataset Image Sizes Nb Classes Nb-Images Complexity Level

CIFAR-10 32 × 32 10 60,000 Moderate to high

CIFAR-100 32 × 32 100 60,000 High

USPS 16 × 16 10 9298 Moderate

MNIST 28 × 28 10 60,000 Low

Fashion MNIST 28 × 28 10 60,000 Low to moderate

• CIFAR-10 [5]: This dataset consists of 60,000 32 × 32 color images across ten different
classes, each containing 6000 images. The classes include common objects like cars,
dogs, and cats. The addition of color and more diverse objects increases the complexity
compared to MNIST and USPS. Criteria: larger image size (32 × 32 pixels), three-
channel color images, more diverse classes, and significant background variations.

• CIFAR-100 [5]: Similar to CIFAR-10, CIFAR-100 has 100 classes, with 600 images per
class. It covers a broader range of object categories, making it more challenging. The
increased number of classes and the finer distinctions between categories make it a
more complex classification task compared to the previous datasets. Criteria: same
image size (32 × 32 pixels) and color channels as CIFAR10, but a much larger number
of classes (100), increasing variability and the challenge of classification.

• USPS [11] is a digit dataset automatically scanned from envelopes by the U.S. Postal
Service containing a total of 9298 16 × 16 pixel grayscale samples; the images are
centered and normalized and show a broad range of font styles. Similar to MNIST,
USPS contains images of handwritten digits. It is slightly more challenging than
MNIST but still relatively simple. Criteria: small image size (16 × 16 pixels), same
number of classes (10 digits), and slight variations in style and noise compared
to MNIST.

• MNIST [41] is a dataset with 28× 28 grayscale images of handwritten digits. It consists
of ten different classes and is often used for image classification tasks. The dataset is
relatively simple and is often used as a beginner’s dataset for image classification tasks.
Criteria: small image size (28 × 28 pixels), a limited number of classes (10 digits),
simple and uniform structure with minimal noise.

• Fashion MNIST [7] is a dataset with 28 × 28 grayscale images of fashion items, such
as clothing and accessories. It consists of ten different classes and is often used as
a replacement for the traditional MNIST dataset for image classification tasks. The
dataset is more complex than MNIST as it requires the model to recognize various
types of clothing items, adding a bit more complexity to the classification task. Criteria:
same image size (28 × 28 pixels) as MNIST, but with 10 different classes of clothing,
introducing more variability in shapes, and textures.

The levels of complexity of the datasets were determined according to several key
criteria, which include the following:

• Dimensionality: the resolution and color channels of the images. higher resolution
and multiple colour channels generally increase the complexity of the dataset, as they
require more sophisticated models to capture detail.

• Class diversity: the number and variability of classes within the dataset. A larger
number of classes with significant differences between them increases complexity
because the model has to distinguish between a larger set of categories.

• Data volume: the size of the dataset in terms of the number of samples. Larger
datasets can be more complex to manage and require more computing resources, but
they also provide more information for robust model formation.

• Variability: the level of noise, background variation, and object diversity within the
dataset. Datasets with high variability in object appearance, backgrounds, and noise
levels are more difficult for models to learn and generalize.
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• Domain specificity: the within-domain specificity and variability of the dataset (e.g.,
handwritten figures versus real-world objects). Datasets from domains with high
intra-class variability and inter-class similarity are considered more complex due to
the more subtle distinctions that need to be learned.

The complexity increases from MNIST and USPS to FashionMNIST, CIFAR-10, and
finally CIFAR-100, with the latter being the most challenging among the mentioned datasets
for an image classification task using the ResNet architecture.

3.2. Model Architecture Details

Our experimental setup involves employing state-of-the-art model architectures as
both teacher and student networks. Convolutional neural networks (CNNs) [42,43] have
demonstrated exceptional performance in image classification tasks [44,45], and we lever-
age ResNet [46] architectures for our experiments. Table 1 shows the frequency of use of
ResNet in the literature. The teacher model, being more complex, serves as the knowledge
source, while the student model is designed with fewer parameters to facilitate efficient
deployment.

ResNet, introduced by ref. [46], has become a pivotal architecture in deep learning
due to its ability to tackle the vanishing gradient problem through the innovative use of
residual connections [14].

The key innovation of ResNet lies in the use of residual blocks (Figure 2), where
each block contains a shortcut connection that bypasses one or more convolutional layers.
This shortcut connection enables the network to learn residual mappings, making it easier
to optimize deeper architectures. ResNet architectures come in various depths, such as
ResNet-18, ResNet-34, ResNet-50, ResNet-101, and ResNet-152 [46], each with a different
number of layers. The following Table 3 shows the characteristics of the models used in
our experiment.

Figure 2. Residual blocks of ResNet architecture [46].

This table shows the key details of the ResNet-50 and ResNet-18 architectures [46] used in
our experiments. The Bottleneck layers (ResNet-50) consist of three layers (1 × 1 convolution
for channel reduction, 3 × 3 convolution, and 1 × 1 convolution for channel restoration),
optimizing network efficiency and depth, and the Basic Unit layers (ResNet-18) consist of two
3 × 3 convolution layers, maintaining simplicity and reducing computational load.
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Table 3. Details of the ResNet architectures used for the teacher and student models

Feature ResNet50 (Teacher Model) ResNet18 (Student Model)

Total layers 50 18

Initial Conv Layer 7 × 7, 64, stride 2 3 × 3 Max Pool, stride 2

Initial Pooling Layer 7 × 7, 64, stride 2 3 × 3 Max Pool, stride 2

Residual Block 1/Channels 3 Bottleneck Units/246 2 Basic Units/64

Residual Block 2/Channels 4 Bottleneck Units/512 2 Basic Units/128

Residual Block 3/Channels 6 Bottleneck Units/1024 2 Basic Units/256

Residual Block 4/Channels 3 Bottleneck Units/2048 2 Basic Units/512

Pooling Layer Global Avg Pool Global Avg Pool

Fully Connected Layer 1000-d FC Layer 1000-d FC Layer

3.3. Knowledge Distillation Processes

The knowledge distillation process involves transferring the knowledge from the
teacher to the student model. We employ a combination of soft targets and intermediate
representations during training. The soft targets, representing the teacher model’s softened
predictions, are integrated with traditional cross-entropy loss using the following formula.

LKD = (1− α)LCE(y, P(s)) + ατ2DKL(P(t)/τ, P(s)/τ) (4)

where α ∈ (0, 1) is the balance factor between the two loss terms; LCE is the cross-entropy
loss; y is the one-hot label; P(t) is the teacher output; P(s) is the student output; DKL is the
KL divergence [47]; and τ is a temperature [8].

Additionally, we incorporate feature-matching techniques to ensure the student model
captures intermediate representations from the teacher [20].

3.3.1. Response-Based Knowledge Distillation (RKD)

Response-based knowledge distillation (RKD) is a variant of knowledge distillation that
refers to the neural response of the last output layer of the teacher model [48]. The operating
principle of the RKD is illustrated in Figure 3. According to Figure 3, response-based knowledge
focuses on the final output layer of the teacher model. This is accomplished by the assumption
that the student model will learn to mimic the predictions of the teacher model.

Figure 3. Response-based knowledge distillation [48].

The illustration in Figure 3 shows that this can be achieved by using a loss function,
called the distillation loss, which captures the difference between the respective logits of
the student model and the teacher model. As this loss would be minimized during the
learning process, the student model would become increasingly capable of making the
same predictions as the teacher model. By considering the decision-making process of the
teacher model, response-based methods can potentially improve the generalization ability
and robustness of the student model.
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3.3.2. Intermediate Knowledge Distillation

Intermediate-based knowledge distillation (IKD), or feature-based knowledge distilla-
tion, is a variant of knowledge distillation in DNN that highlights knowledge learned from
hidden layers. The operating principle of IKD is illustrated in Figure 4.

Figure 4. Intermediate knowledge distillation [48].

According to Figure 4, IKD extends traditional knowledge distillation by transfer-
ring knowledge not just from the final output layer of the teacher model but also from
intermediate layers. Indeed, a trained teacher model also captures knowledge of the data
in its intermediate layers, which is particularly relevant for deep neural networks. Thus,
the intermediate layers learn to discriminate specific features, and this knowledge can
be used to train a student model. As depicted in Figure 4, the aim is to train the student
model to learn the same feature activations as the teacher model. The distillation loss
function achieves this goal by minimizing the difference between the feature activations
of the teacher model and the student model. IKD requires careful design to balance the
complexity of transferring knowledge from multiple layers while ensuring computational
efficiency and avoiding issues such as vanishing gradients.

4. Experimental Setup and Results Analysis

To investigate the impact of datasets, we conduct experiments with varying configurations,
including knowledge distillation with and without dataset-specific adaptations. The success of
these manipulations depends on the optimal configuration of experimental parameters and a
logical, transparent experimental protocol, which we present in Section 4.1 below.

4.1. Experimental Setup

As shown in Figure 1 and further motivated by the literature review in Section 2, we
use teacher-student architecture to distill the knowledge in DNN. So ResNet50 was used as
the teacher model and ResNet18 as the student model.

The teacher model is first trained on the original dataset, producing accurate predic-
tions. We also trained the students from scratch to later compare the results after training
the students via distillation. Figure 5 shows the validation accuracy over epochs during
the training of the teacher and the student from scratch.

During the knowledge distillation process, the student model is trained on the same
dataset using a combination of ground truth labels and soft targets generated by the teacher.
This dual learning approach helps the student model generalize better and capture intricate
patterns. The loss function used in knowledge distillation incorporates both the traditional
cross-entropy loss, comparing the student’s predictions with the ground truth labels, and a
distillation loss, quantifying the similarity between the student’s predictions and the soft
targets provided by the teacher. The distillation loss encourages the student to mimic the
teacher’s decision-making process.
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(a) (b)

Figure 5. Variation in the validation accuracy by epochs for (a) the teacher model (ResNet50) and
(b) the student model (ResNet18).

As ref. [15] confirms that good data augmentation can be used to obtain considerable
knowledge distillation. For data augmentation, we use RandomRotation with the value of
15 to randomly rotate the image by up to 15 degrees, RandomHorizontalFlip to randomly
flip the image horizontally, and RandomVerticalFlip to randomly flip the image vertically.
We transform the images to a PyTorch (version 2.1.2) tensor, and finally, we normalize the
data. The cross-entropy loss was used to train all models with the ground truth label, and
the distillation loss used was Kullback–Leibler divergence. The hyperparameter controlling
the balance between the two losses was α = 0.7. The temperature was t = 4 [8]. We trained
the teacher model within 20 epochs and the students within 10 epochs. We use SGD as
an optimizer, and the value of the learning rate was lr = 0.001. The Kaggle environment
(GPU P100) was used as the hardware and PyTorch as the software to conduct experiments.
Each dataset was split into three different subdatasets for training, validation, and testing.
The following Table 4 shows the different sizes of each sub-dataset.

Table 4. Distribution of different data sizes for training (83.33%), validation (11.66%), and testing
(5%). These data sizes were chosen based on experimental results from the literature review.

Dataset Training Validation Test

CIFAR-10 50,000 7000 3000

CIFAR-100 50,000 7000 3000

USPS 7291 1404 603

MNIST 60,000 7000 3000

Fashion MNIST 60,000 7000 3000

Evaluation metrics encompass traditional classification metrics such as accuracy as
shown in Table 1. We conducted multiple runs for each experiment to account for variability
and report averaged results for robust conclusions.

Our methodology combines a diverse set of datasets, state-of-the-art model architec-
tures, and a nuanced knowledge distillation process. This comprehensive approach aims
to elucidate the impact of datasets on the effectiveness of knowledge distillation in image
classification, providing valuable insights for researchers and practitioners in the field.

4.2. Results Analysis

After simulations, the analysis of the results obtained consists in turn of analyzing
and comparing the performances of the teacher (ResNet50) and student (Resnet18 from
scratch) models on all the data sets (Section 4.2.1). Then, the analysis and comparison of
knowledge distilled between the teacher (ResNet50) and the pupil (ResNet18) models in
RKD and IKD in Sections 4.2.2 and 4.2.3, respectively.
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4.2.1. Analysis of the Results of the Teacher and Student Models from Scratch

Let us remember once again that the first step in knowledge transfer is to train the
teacher model since its results will guide the learning of the student model. Figure 6 shows
the results of the teacher model after training on the different databases. It also shows the
results of the student model from scratch, which will serve as a basis for comparison after
knowledge distillation.

Figure 6. Test accuracy for the teacher and instance student model from scratch.

Looking at Figure 6, we can easily notice that the teacher model performs better than
the student model. Indeed, as the student model is shallower than the teacher model, it
will also be less accurate. Table 5 completes this figure by presenting the performance
differences between the two models on the involved databases. From these representations,
we can also see that the performance of both models decreases with database complexity.
Further analysis after distillation will enable us to determine whether the same behavior
will be observed.

Table 5. Difference between teacher and student accuracy.

Dataset ResNet50 ResNet18 Difference

MNIST 98.33 97.9 −0.43

FashionMNIST 89.9 88.47 −1.43

USPS 90.22 86.07 −4.15

CIFAR10 75.23 63.47 −11.76

CIFAR100 48.7 34.6 −14.1

Once the teacher model has been trained, the training of the student model can be
followed by knowledge distillation. We carried out two different types of distillation
experiments, namely RKD [8] for response-based KD and IKD [20] for intermediate-based
KD. Sections 4.2.2 and 4.2.3 present the results of these distillations, respectively.

4.2.2. RKD Performance Results Analysis

In the RKD architecture, the student model is trained and guided by the results of the
last layer of the teacher model [8]. Figure 7 shows the results of the student model after
training by RKD on the different databases.
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Figure 7. Test accuracy for the teacher and instance student models RKD.

In Figure 7, we can generally see a slight performance gain for the student model. This
gain increases as the complexity of the database increases. To complement Figure 7, Table 6
shows the performance gap between the student instance trained from scratch and that
trained by response-based knowledge distillation.

Table 6. Difference between the student model from scratch and the student RKD accuracy.

Dataset ResNet18 Scratch ResNet18 RKD Difference

MNIST 97.9 98 +0.1

FashionMNIST 88.47 87.6 −0.87

USPS 86.07 88.72 +2.65

CIFAR10 63.47 64.13 +0.66

CIFAR100 34.6 35.03 +0.43

Part (b) of Figures A1, A3, A5, A7 and A9 shows the precision and loss curves
respectively during the epochs of RKD training of the student model on the MNIST, USPS,
FashionMNIST, CIFAR10 and CIFAR100 databases.

4.2.3. IKD Performance Results Analysis

In the IKD architecture, the student model is trained and guided by the results of the
teacher model’s intermediate layer [20]. Figure 8 shows the results of the student model
after training by IKD on the different databases.

According to the illustration in Figure 8, we observe a considerable overall perfor-
mance gain for the student model. This gain is even greater as the complexity of the
database increases and is much better than that of RKD. Once again, Table 7 completes
Figure 8 by presenting the numerical differences in performance between the student in-
stance trained from scratch and that trained by intermediate-based knowledge distillation
(IKD).

Part (c) of Figures A1, A3, A5, A7 and A9 shows the precision and loss curves during
the epochs of IKD training of the student model on the MNIST, USPS, FashionMNIST,
CIFAR10 and CIFAR100 databases, respectively.
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Figure 8. Difference between the student model from scratch and the student IKD accuracy.

Table 7. Table of difference between the student model from scratch and student IKD accuracy.

Dataset ResNet18 Scratch ResNet18 IKD Difference (KD)

MNIST 97.9 98.43 +0.53

FashionMNIST 88.47 89.97 +1.5

USPS 86.07 88.72 +2.65

CIFAR10 63.47 74.7 +10.6

CIFAR100 34.6 49.83 +15.23

4.2.4. Analysis of the Impact of the Database on Knowledge Distillation

After analysing and comparing the results of the teacher model with those of the different
instances of the student model, in this section we will analyse the effect of the databases on
the distillation itself. To do this, we will first look at Figure 9 which shows the results of
the different distillations compared with those of the teacher model; then we will look at
Figures 10 and 11 which present the effect of distillation on the different databases and finally
we will observe Figure 12 which presents the impact of datasets on knowledge distillation.

(a) (b)

Figure 9. Difference between the teacher and instance student model distilled from RKD (a) and
instance student model distilled from IKD (b).

We can draw two major observations from Figure 9 by comparing it with Figure 6.
The first observation concerns the RKD: although the student model gains in performance
from the RKD, this gain is nevertheless slight, and the observation that the performance
of the two models decreases as the complexity of the database increases is confirmed. On
the other hand, when we look at the IKD, the gain for the student model is much more
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significant. Here, we see that, unlike the others, the student model gains much more in
performance as the complexity of the database increases.

Figure 10 shows the gains in student performance after distillation. We first note that
IKD [20] performs significantly better than RKD [8]. We note that the more complex the
database, the greater the gain in terms of performance. Part (c) IKD of
Figures A2, A4, A6, A8 and A10 confirms this last observation. Indeed, we observe a sig-
nificant increase in the f1-score compared to part (a), from scratch, and part (b), RKD. This
increase is proportional to the complexity of the database. We can conclude from this that
the more complex the database, the greater the effect of distillation.

Figure 10. Student performance gain after distillation.

Figure 11 shows us the differences in performance between the different instances of
the student model (from scratch, RKD, and IKD) compared to that of the teacher model.
Knowledge distillation is indeed effective, and we even note that in the case of IKD, the
student performs better than the teacher. On the other hand, we observe that in the least
complex databases (MNIST, USPS and FashionMNIST), the performances between the
teacher and the different instances of the student are approximately the same. We observe
a notable difference in the IKD framework on the CIFAR10 and CIFAR100 databases. This
leads us to draw two conclusions:

1. Knowledge distillation has a considerable effect on problems with complex databases.
The more complex the database, the deeper and more powerful the model used for
training. With a powerful teacher model capable of characterizing knowledge, the
transfer to the student model will be assured.

2. By observing the performance provided by RKD and that provided by IKD on different
databases, we conclude that the choice of the IKD method will be preferable to that of
RKD when dealing with complex databases.

(a) (b)

Figure 11. All instances of student performance compared to teacher performance. bar visualisation
(a) and curve visualisation (b).
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Figure 12. Impact of dataset.

According to Figure 12, we see a slight variation in the curve for the LOW and LOW
TO MODERATE databases, namely MNIST and FashionMNIST. The MODERATE (USPS)
database curve shows a slightly more marked variation. Finally, the most complex CIFAR10
and CIFAR100 databases (MODERATE TO HIGH and HIGH) show a significant variation.

5. Discussion

The analysis of the results sheds valuable light on the effect of databases on knowledge
distillation. By highlighting the importance of choosing the appropriate distillation method
according to the complexity of the data and the learning objectives, these results could have
important implications for the development of more robust and generalizable learning
models. We highlight these insights in Sections 5.1 and 5.2.

5.1. Impact of Database Complexity on Distillation

By examining the performance curves for different databases, we observed signifi-
cant variations according to the complexity of the data. This observation highlights the
importance of considering the diversity of the data and its specific characteristics when
designing learning models. The results show a significant difference between RKD and
IKD. While RKD shows modest performance gains, IKD shows much more significant
improvements, especially with complex databases. This raises questions about the mecha-
nisms underlying these two approaches and their effectiveness in different contexts. More
specifically, IKD outperforms RKD, mainly because of the nature of the information that
each method transfers from the teacher’s model to the student’s model. IKD focuses on
aligning the student’s internal representations or feature maps with those of the teacher at
different levels [20,49]. This method ensures that the student model not only learns the final
results but also mimics the teacher’s hierarchical feature extraction process, capturing richer
and more nuanced information throughout its architecture [20]. Indeed, the theoretical
underpinnings support this advantage. Intermediate representations contain fine-grained
information and hierarchical abstractions that are crucial for complex tasks. By transferring
these representations, the student model is better equipped to understand and generalize
from the data. This approach exploits the concept of learning intermediate features, which
are often more informative than final logs alone, particularly in deep networks where
each layer captures progressively higher-level abstractions. In contrast, RKD relies solely
on the teacher’s final logits [8,9]. Although this method helps the student to know the
ultimate limits of the decision, it does not provide the intermediate knowledge essential for
a comprehensive understanding of the input [48]. This can lead to less effective transfer, as
the student does not benefit from the multi-level learning process followed by the teacher.
Interestingly, IKD seems to be more resilient to increasing data complexity; the results show
that in some cases, the distilled student (especially with IKD) can even outperform the
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teacher in terms of performance. This suggests that the transmission of knowledge through
abstract features may be more robust in varied or complex data environments.

That said, knowledge distillation may lead to better generalization or adaptation to
specific test data.

5.2. Optimisation of Distillation Strategies

The results indicate the need to develop more sophisticated distillation strategies that
take into account the specific nature of the data and the characteristics of the models. In
fact, the more complex the database, the greater the effect of distillation on improving the
performance of the student model. This observation highlights the importance of taking
into account the specific nature of the data when choosing the distillation method and
designing the model. According to the results obtained, the IKD method is preferable to
RKD due to its greater performance gains.

5.3. Limitation of the Study

Although the results obtained in our work are very interesting, we are aware that our
study may have certain limitations. The limited choice of model architecture (ResNet50,
ResNet18) used, the fact that the scope was limited to image classification tasks, the nature
of the data used, and the choice of distillation methods (RKD, IKD) were deliberate choices
to maintain a controlled and detailed analysis in a well-defined context. The performance
measures and evaluation methods used in this study could also be a limitation. The scope
of the literature search was limited due to access restrictions on some articles, leading
to our potentially overlooking important findings that could influence our results. The
limitation in isolating the variable impact on knowledge distillation performance; indeed,
we compared KD performance on very different datasets rather than systematically varying
individual parameters while holding other factors constant. The interpretation of the results
is also open to discussion.

6. Conclusions

We conducted a thorough examination of the impact of databases on knowledge distil-
lation in the context of image classification. We have used a diverse array of databases with
different levels of complexity. We were able to derive several important and meaningful
conclusions by meticulously analyzing the performance of both teacher and student models
across various distillation methods.

Firstly, our results clearly demonstrated that knowledge distillation can be pivotal in
enhancing the performance of student models, particularly in scenarios where the data
are intricate and heterogeneous. Specifically, the IKD method exhibited more substantial
performance improvements compared to the RKD method, underscoring the significance of
transferring knowledge through abstract and generalizable representations. Furthermore,
we observed that the complexity of the database plays a critical role in determining the
effectiveness of knowledge distillation. Our findings indicated that as the complexity of
the database increases, so do the performance gains of the student model, emphasizing the
necessity of considering the unique characteristics of the data during the distillation process.

Additionally, our comprehensive analyses allowed us to compare the performance of
the teacher and student models in detail, revealing instances where the distilled student
models actually outperformed their teacher counterparts. This observation highlights
the remarkable potential of knowledge distillation to foster improved generalization and
adaptation to specific test data. Moreover, our results provided guidance on selecting the
most appropriate distillation method based on the complexity of the database. Specifically,
they suggest that the IKD method is particularly advantageous in scenarios involving
complex and varied data.
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Overall, our study offers valuable insights into the influence of databases on knowl-
edge distillation, contributing important perspectives for the development of more robust,
generalizable, and efficient machine learning models applicable to a wide range of domains.
By delving into the nuances of how different distillation methods perform across diverse
datasets, we provide a deeper understanding that can inform future research and practical
applications in the field of machine learning and image analysis in particular.
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Appendix A

(a) (b) (c)

Figure A1. Accuracy and loss over epochs during the training phase of the student model in the MNIST
dataset. (a) Training student from scratch, (b) RKD student training, and (c) IKD student training.

(a) (b) (c)

Figure A2. Student metrics after the training phase of the student model in MNIST dataset.
(a) Training student from scratch, (b) RKD student training, and (c) IKD student training.
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(a) (b) (c)

Figure A3. Accuracy and loss over epochs during the training phase of student model in USPS
dataset. (a) Training student from scratch, (b) RKD student training, and (c) IKD student training.

(a) (b) (c)

Figure A4. Student metrics after the training phase of the student model in the USPS dataset.
(a) Training student from scratch, (b) RKD student training, and (c) IKD student training.

(a) (b) (c)

Figure A5. Accuracy and loss over epochs during the training phase of the student model in
FashionMNIST dataset. (a) Training student from scratch, (b) RKD student training, and (c) IKD
student training.
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(a) (b) (c)

Figure A6. Student metrics after the training phase of the student model in the FashionMNIST
dataset. (a) Training student from scratch, (b) RKD student training, and (c) IKD student training.

(a) (b) (c)

Figure A7. Accuracy and loss over epochs during the training phase of the student model in the CIFAR10
dataset. (a) Training student from scratch, (b) RKD student training, and (c) IKD student training.

(a) (b) (c)

Figure A8. Student metrics after the training phase of the student model in the CIFAR10 dataset.
(a) Training student from scratch, (b) RKD student training, and (c) IKD student training.

(a) (b) (c)

Figure A9. Accuracy and loss over epochs during the training phase of the student model in the CIFAR100
dataset. (a) Training student from scratch, (b) RKD student training, and (c) IKD student training.
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(a) (b) (c)

Figure A10. Student metrics after the training phase of the student model in the CIFAR100 dataset.
(a) Training student from scratch, (b) RKD student training, and (c) IKD student training.
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