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Preface

This Reprint, "Image Processing Based on Convolution Neural Network: 2nd Edition," provides a

comprehensive overview of the current landscape and emerging trends in this field. Convolutional

Neural Networks (CNNs) have brought about a paradigm shift in image analysis, establishing

data-driven hierarchical feature learning as the mainstream methodology. This approach has

demonstrated outstanding performance in numerous applications including medical diagnosis,

autonomous driving, and industrial quality inspection. However, it still faces three core challenges:

high computational costs, insufficient model interpretability, and heavy reliance on annotated data.

The papers collected in this volume have all undergone rigorous peer review. While demonstrating the

performance advantages of CNNs, they also provide innovative solutions to the challenges mentioned

above. We hope that these findings will offer new research directions for the academic community and

promote the development of more efficient and reliable image processing technologies.

Shaozhang Niu and Jiwei Zhang

Guest Editors
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Abstract

COVID-19 still poses a global public health challenge, exerting pressure on radiology
services. Chest X-ray (CXR) imaging is widely used for respiratory assessment due to
its accessibility and cost-effectiveness. However, its interpretation is often challenging
because of subtle radiographic features and inter-observer variability. Although recent
deep learning (DL) approaches have shown strong performance in automated CXR classifi-
cation, their black-box nature limits interpretability. This study proposes an explainable
deep learning framework for COVID-19 detection from chest X-ray images. The frame-
work incorporates anatomically guided preprocessing, including lung-region isolation,
contrast-limited adaptive histogram equalization (CLAHE), bone suppression, and feature
enhancement. A novel four-channel input representation was constructed by combining
lung-isolated soft-tissue images with frequency-domain opacity maps, vessel enhancement
maps, and texture-based features. Classification was performed using a modified Xception-
based convolutional neural network, while Gradient-weighted Class Activation Mapping
(Grad-CAM) was employed to provide visual explanations and enhance interpretability.
The framework was evaluated on the publicly available COVID-19 Radiography Database,
achieving an accuracy of 95.3%, an AUC of 0.983, and a Matthews Correlation Coefficient of
approximately 0.83. Threshold optimisation improved sensitivity, reducing missed COVID-
19 cases while maintaining high overall performance. Explainability analysis showed that
model attention was primarily focused on clinically relevant lung regions.

Keywords: COVID-19; chest X-ray; explainable artificial intelligence (XAI); deep learning;
Grad-CAM; medical image analysis

1. Introduction
Modern medical imaging has become a crucial component of modern medicine for di-

agnosing, treating, and detecting various diseases. Medical imaging technologies continue
to evolve with advances in artificial intelligence (AI) and deep learning technologies, which
have dramatically changed the way we create and produce medical imaging technologies.
The World Health Organisation reported that over 3.6 billion diagnostic imaging proce-
dures are conducted annually in global healthcare facilities and highlighted the importance
of diagnostic imaging in modern healthcare services, and the importance it has in assisting

Electronics 2026, 15, 1443 https://doi.org/10.3390/electronics15071443
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with the detection and management of conditions like cancer, cardiovascular disease, and
neurological disorders. X-ray, MRI, CT and ultrasound are some of the technologies being
used for this purpose. The high demand for diagnostic imaging, coupled with the shortage
of consultant radiologists, is placing substantial strain on health care services around the
world to meet the growing need for imaging [1–3].

With deep learning tools and systems currently being used to assist with this need,
Deep Learning technologies are becoming a significant asset to the healthcare industry.
Convolutional Neural Networks (CNNs) are proven to classify and segment images with
exceptional accuracy [4–6]. These models can identify subtle patterns in images that would
otherwise be undetectable by humans, providing clinicians with vast improvements in their
ability to make treatment decisions. For example, dermatology is finding great promise in
utilising Convolutional Neural Networks to aid in the classification of skin lesions with an
equivalent level of accuracy to Board Certified Dermatologists [7]. AI systems can match or
exceed the performance of human radiologists in detecting pneumonia in patients based
on chest X-rays [8].

Despite this progress, the clinical adoption of deep learning technologies is lagging
behind demands, primarily due to the ‘opaque’ nature of deep learning models. Due to
the inability of healthcare professionals to easily understand the inner workings of these
models, they are often referred to as ‘black-box’ systems. Their “black-box” nature is
a barrier, since predictions are frequently not transparent or easily interpretable [8–10].
This lack of transparency undermines clinician confidence and gives rise to ethical and
regulatory concerns. The inability to understand or explain the predictions observed with
these systems creates a distrust of Artificial Intelligence models by healthcare professionals,
which raises a host of ethical and legal questions, as well as creating barriers to regulatory
approval of these systems [11]. A recent survey of healthcare leaders reported that more
than 60% of respondents indicated that the absence of ‘explainability’ is the primary barrier
to the use of AI in hospitals [12]. It is important to clarify that the goal of explainable
artificial intelligence in this study is not to replace clinical expertise or assume that expert
interpretation is unreliable. In many healthcare settings, experienced radiologists achieve
high diagnostic accuracy when interpreting medical images [5]. Instead, explainable AI
is intended to function as a decision-support mechanism within a human-in-the-loop
framework, where AI systems assist clinicians by providing complementary analysis and
interpretable evidence supporting model predictions. Studies have also shown that the
integration of interpretable AI tools can improve clinician trust and facilitate collaborative
human–AI decision-making in medical imaging environments [13].

To address these issues, Explainable Artificial Intelligence (XAI) has emerged, at-
tempting to provide techniques such as saliency maps, feature detection, and concept-
based models to produce interpretable outputs [13,14]. XAI aims to overcome the lack
of interpretability by providing methods that make AI model predictions transparent,
understandable, and clinically meaningful [15]. Techniques, including SHAP (Shapley
Additive Explanations) values and Concept Bottleneck Models, are attempting to make the
connection between an insight from an algorithm and interpretation of how the AI reached
its conclusions, but many of these techniques are still untested and have not yet made it
into the clinical workflow [15,16].

Many of these techniques still need to be evaluated in the clinical workflow, creating
a need for the current study on explainable deep learning models as applied to medical
imaging. This study aims to develop and evaluate explainable deep learning models that
enhance transparency, usability, and trust in Medical Imaging Analysis. This research aims
to develop and evaluate an explainable deep learning framework for thoracic medical
image analysis, integrating multi-channel feature preprocessing extraction to improve

https://doi.org/10.3390/electronics15071443
2



Electronics 2026, 15, 1443

diagnostic accuracy and interpretability, guided by preprocessing and explainable artificial
intelligence techniques.

Recent research has sought to include explainable AI in medical image analysis and
chest radiograph interpretation. Multi-channel chest radiograph pipelines have been
explored previously, for example, by constructing channels such as LBP, CLAHE, and
contrast/edge-enhanced maps and learning from them using deep neural networks [17].
Reviews of deep learning for chest X-ray analysis have highlighted the importance of
preprocessing, enhancement, and segmentation or masking choices for model performance
and reliability [18,19]. While related feature-fusion strategies exist, an identical combination
of these anatomically and diagnostically motivated channels was not identified in the
reviewed literature.

Beyond input representation, prior studies in explainable AI for medical imaging
have highlighted that saliency maps alone are often insufficient for reliable interpretation,
particularly for non-technical stakeholders [20,21]. Grad-CAM is an established explain-
ability technique; however, it is typically presented solely as a visual artefact, leaving
interpretation to expert users [22,23]. While prior studies have explored either quantita-
tive evaluation of saliency maps or textual explanation of model outputs, a structured
rule-based translation of spatial attention metrics into clinician-oriented natural-language
explanations has not been widely reported in the literature. The major contributions of this
study are as follows:

• A novel four-channel input representation for thoracic chest X-ray analysis was pro-
posed, integrating lung-region masking, frequency-domain enhancement, vesselness
filtering, and texture-based features. While individual preprocessing and feature-
enhancement techniques have been explored in prior chest radiograph studies, an
identical combination of these anatomically and diagnostically motivated channels has
not been identified in the reviewed literature. This novel four-channel combination
provides complementary information beyond a single intensity channel, supporting
improved sensitivity and anatomically aligned model attention when combined with
explainable AI techniques.

• A structured, explainable deep learning framework was developed for thoracic medi-
cal image analysis, integrating the proposed multi-channel input representation with a
modified deep convolutional neural network architecture. The framework is designed
to balance diagnostic performance and interpretability, addressing the limitations of
conventional single-channel pipelines and black-box deep learning models commonly
reported in medical imaging literature.

• A novel approach to interpreting and communicating model attention was introduced
by combining quantitative spatial attention analysis with rule-based natural-language
explanations. Rather than presenting saliency maps solely as visual artefacts, this
study quantified the distribution of model attention inside and outside lung regions
and translated these measurements into concise, human-readable explanations. This
structured explanation strategy improves the accessibility and interpretability of
explainable AI outputs for non-technical users, including clinicians.

• The proposed framework enhances the clinical relevance and trustworthiness of AI-
assisted diagnosis by ensuring that model attention is anatomically meaningful and
aligned with lung regions of interest. This design supports transparent decision-
making and addresses key ethical, regulatory, and usability concerns associated with
the deployment of deep learning models in real-world clinical settings.

• The study provided practical insights into the integration of explainable AI within
medical imaging workflows, demonstrating how anatomically guided preprocess-
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ing, multi-channel learning, and explainability mechanisms can be combined into a
cohesive and computationally feasible diagnostic system.

2. Literature Review
In recent years, deep learning has transformed the way medical images can be inter-

preted by allowing for an expert level of performance in the areas of segmentation and
classification. Deep learning provides healthcare systems with the ability to automate
and extract important diagnostic features from imaging datasets that improve both the
efficiency and quality of care [4,5]. Notably, deep learning has demonstrated diagnostic
accuracy equivalent to that of human physicians working in radiology, ophthalmology,
cardiology, and pathology [24,25].

Recent advances have further strengthened the role of deep learning in medical image
interpretation by integrating explainability and multimodal feature learning techniques that
improve model transparency and robustness [26–28]. These developments reflect a growing
emphasis within the research community on designing systems that not only achieve high
predictive accuracy but also provide interpretable and clinically meaningful insights.

2.1. Deep Learning for Chest X-Ray Classification

Classification of X-ray chest imaging is critical in diagnosing patients who may be
experiencing respiratory failure at an early stage [18]. Several studies have found that
convolutional neural networks (CNNs) have been particularly effective at analysing chest
X-ray images because they can automatically learn feature representations directly from
pixel data [4]. As the use of deep learning becomes increasingly accepted, knowledge and
understanding of how deep learning produces results have become an issue [8,9,14].

In a study, researchers introduced CheXNet, a deep neural network with 121 layers
that was trained on the NIH ChestX-ray14 dataset to predict pneumonia [29]. However,
CheXNet focused primarily on classification accuracy and did not provide mechanisms for
uncertainty handling or localisation of pathological regions. The strength of the CheXNet
approach lies in its ability to leverage a large-scale dataset and deep convolutional architec-
ture to achieve radiologist-level performance in pneumonia detection. This demonstrated
the potential of deep learning models to assist clinicians in large-scale diagnostic screening
tasks. However, the method also presents limitations. The model operates primarily as a
classification system without explicitly identifying the anatomical regions responsible for
its predictions. As a result, it provides limited interpretability and may reduce clinician
trust when used in real-world clinical environments.

Similarly, the CheXpert dataset and associated models introduced uncertainty-aware
learning but did not explicitly address whether model attention aligned with clinically
meaningful lung regions [30]. A key advantage of the CheXpert dataset is its incorporation
of uncertainty-aware labels, which improved the robustness of training when dealing
with ambiguous radiological findings. This approach helped address the challenge of
uncertain annotations commonly present in medical imaging datasets. However, despite
this improvement in label handling, the associated models still did not fully address
interpretability or whether predictions were based on clinically meaningful pulmonary
features. Consequently, the diagnostic reasoning of these models remained largely opaque.

Other studies have explored alternative architecture and transfer learning strategies,
demonstrating improved sensitivity and specificity in thoracic disease classification [31].
While these approaches improved performance, most did not assess whether increased
accuracy translated into clinically interpretable model behaviour. These studies demon-
strated that architectural design choices and transfer learning techniques can significantly
improve classification performance, particularly when training data are limited. However,
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their primary focus remained on predictive accuracy, often without evaluating how mod-
els reached their decisions or whether the extracted features corresponded to medically
relevant structures.

Research focused on COVID-19 diagnosis also demonstrated high reported accu-
racy using deep learning models such as COVID-Net and pre-trained CNNs, including
ResNet50 and InceptionV3 [32,33]. COVID-Net introduced a tailored architecture specifi-
cally designed for COVID-19 detection and contributed an openly accessible dataset that
supported rapid research development during the pandemic. The open-source nature
of the framework enabled reproducibility and encouraged collaboration across the re-
search community. However, concerns regarding dataset heterogeneity, overfitting, and
shortcut learning limited confidence in clinical reliability [34,35]. Studies incorporating
lung segmentation before classification demonstrated that constraining model input to
anatomically meaningful regions improved diagnostic performance and reliability of visual
explanations [36]. The use of lung segmentation represents an important methodological
improvement because it restricts model attention to the pulmonary region, reducing the
influence of irrelevant structures such as ribs, labels, or external artefacts. This approach
helps ensure that the model focuses on clinically meaningful anatomical areas during
prediction. However, segmentation-based pipelines may introduce additional sources of
error if the segmentation algorithm fails to accurately isolate lung boundaries, potentially
affecting downstream classification performance. Conversely, Grad-CAM-based explana-
tions often reveal attention outside pathological regions, highlighting the limitations of
explainability when applied without appropriate preprocessing [13,20,21].

Recent studies have introduced more advanced medical image processing and deep
learning strategies to improve robustness, generalisation, and interpretability in chest X-ray
analysis. For example, hybrid deep learning frameworks that integrate preprocessing
pipelines with explainable AI mechanisms have been proposed to improve both diagnostic
accuracy and transparency in clinical decision-support systems [26,37]. Other studies
have explored multimodal feature learning and interpretable deep networks for medical
imaging tasks, demonstrating improved model reliability when feature extraction, prepro-
cessing, and explainability are jointly considered [27,38]. These developments highlight a
growing research trend toward designing diagnostic models that combine high predictive
performance with clinically interpretable reasoning, which motivates the design of the
explainable multi-channel framework proposed in this study.

Overall, despite deep learning models providing good diagnostic performance in
chest X-ray classification, some challenges remain. Many of the published accuracy results
for these deep learning models are from either small or unbalanced datasets, which present
an increased likelihood of overfitting and poor clinical generalisability. Additionally, most
deep learning models utilise unaltered, raw images for diagnosing patients without remov-
ing or addressing the influence of other anatomical structures in the same imaging area,
which therefore limits the reliability of their predictions. Although explainability meth-
ods such as Grad-CAM are applied, highlighted regions frequently lack alignment with
radiological findings. Taken together, these observations indicate that existing approaches
have made significant progress in improving diagnostic accuracy but still face important
limitations related to interpretability, dataset bias, and clinical reliability. These limitations
emphasise the need for research combining region-focused preprocessing, such as lung
segmentation and bone suppression, with explainable deep learning methods to ensure
predictions are accurate and clinically interpretable.

https://doi.org/10.3390/electronics15071443
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2.2. Explainable Artificial Intelligence in Medical Imaging

Despite strong diagnostic performance, the black-box nature of deep learning systems
remains a major barrier to clinical adoption [8,10]. XAI aims to address this limitation by
offering explanations about how models generate predictions. It is therefore an essential
element for both clinical decision support and regulatory approval for use within a health-
care environment [39]. Saliency-based methods such as Grad-CAM, Grad-CAM++, LIME,
and SHAP are widely used to create visualisations of the areas of an image with the greatest
impact on model prediction [13,34–36]. However, studies have revealed that areas that
receive attention through these techniques do not consistently correspond to observable
signs of disease in diagnostic imaging and may differ depending on the architecture and
preprocessing strategy applied [20,21].

Concept- and prototype-based textual explanation approaches aim to link model pre-
dictions to clinical reasoning by matching the output of the model to rational explanations
for decisions made [37,38,40]. These methods often require extensive human annotation,
large multimodal datasets or creation of explanations that may not always be clinically
valid [41]. Hybrid approaches that integrate several different methods of explainability
have been presented to enhance robustness and enhance clinician trust. However, many of
the same challenges associated with evaluating the consistency of these multiple methods,
integrating them into the workflow, and establishing clinician trust persist [23,41].

The literature demonstrates progress in interpretability methods but highlights weak-
nesses limiting clinical applicability. Saliency-based methods may produce unstable
heatmaps that do not reflect diagnostic reasoning [21]. Concept- and prototype-based
methods require large, annotated datasets or fail to generalise. Textual explanation systems
align with clinical language but are constrained by limited multimodal datasets and risk
producing clinically irrelevant text [41].

Most XAI research remains retrospective, with limited validation in real clinical work-
flows. As noted in prior work, interpretability must be evaluated in collaboration with
human experts to ensure that explanations are clinically meaningful and trustworthy [19].
The lack of standardised evaluation frameworks limits comparison and adoption. Overall,
despite progress, existing approaches remain fragmented and inconsistently evaluated.
These gaps motivate research that develops and evaluates explainability methods in terms
of usability, reliability, and clinician trust. This article, therefore, positions explainable
deep learning as a roadmap for transparent AI systems suitable for integration into health
care practice.

2.3. Addressing Gaps and Advancing Knowledge

This research project addresses gaps in the current literature on deep learning applied
to medical imaging. While convolutional neural networks (CNNs) have demonstrated
strong performance across diagnostic problems, studies often note difficulties arising from
limited dataset diversity, class imbalance, and lack of interpretability for clinical decision-
making [33,42]. These problems become evident particularly in the classification of chest
X-ray, where overlapping anatomical structures mask disease-relevant features, leading
to a lack of visual clarity. This has had an impact on performance on thoracic diagnoses,
leading to a lack of confidence in deployment in real-world healthcare situations [43].

The present research aims to address these shortcomings by incorporating a feature-
focused preprocessing pipeline, including lung segmentation, bone suppression, and
contrast enhancement, to improve the clarity of diagnostically relevant regions. This is in
line with recent work, which emphasises the importance of CNN attention being steered
towards meaningful anatomical features instead of background patterns [33,44]. In addition,
the project utilises explainable AI methods such as Grad-CAM, which provide insight

https://doi.org/10.3390/electronics15071443
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regarding areas that contribute to classification outcomes, thus improving transparency
and clinical trust [13,45].

3. Proposed Methodology
This study introduces an explainable deep learning framework that integrates lung-

focused preprocessing, multi-channel feature construction, and visual explanation tech-
niques to address interpretability and reliability challenges in automated chest X-ray classi-
fication. The proposed method comprises systematic pulmonary region isolation, feature-
specific image enhancement, and robust feature extraction using a modified Xception-
based convolutional neural network, followed by interpretable predictions generated with
Grad-CAM. Each component is designed to improve diagnostic performance while si-
multaneously ensuring anatomical relevance, clinical interpretability, and transparency.
The proposed methodology is illustrated in Figure 1, with each phase of the solution
formulation described in the following sections.

 

Figure 1. Workflow diagram of the proposed explainable DL framework.

This research is based on secondary data and utilises publicly available radiographic
datasets. The data set provided annotated images suitable for this study [4]. The primary
dataset selected for this study is the COVID-19 Radiography Database, a publicly avail-
able benchmark dataset compiled from publicly available clinical repositories [46]. The
dataset contains 21,165 chest X-ray images taken from a posterior–anterior (PA) projection
classified into four diagnostic categories: COVID-19, Normal, Lung Opacity, and Viral

https://doi.org/10.3390/electronics15071443
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Pneumonia [46]. An important element in determining dataset appropriateness is the pres-
ence of segmented lung masks, made for each image, so that lung areas can be isolated and
samples pre-processed consistently. This aspect of lung segmentation masks is crucial to
explainable deep learning, whereby a model is limited to areas of anatomic significance that
provide clinical insights. The details of these operations are included in the methodology
section. A summary of COVID-19 radiography database dataset composition used in this
study is provided in Table 1 and illustrated in Figure 2.

Table 1. Summary of COVID-19 radiography database dataset composition used in this study.

Diagnostic Class Number of Images Description

COVID-19 3616
Confirmed COVID-19 radiographs

sourced from curated
public repositories.

Normal 10,192 Chest radiographs with clear lung fields
and no radiographic abnormalities.

Lung Opacity 6012
Images showing non-COVID-19
pulmonary opacities caused by

various conditions.

Viral Pneumonia 1345 Radiographs depicting viral pneumonia
distinct from COVID-19.

Figure 2. Distribution of the COVID-19 Radiography Database.

Rahman et al. established the COVID-19 Radiography Database to create an accessible
database of COVID-related images for classification research [45]. Initial versions com-
bined images from open-access datasets to reduce background noise, standardise metadata,
and simplify analysis. A distinguishing feature is the inclusion of lung masks for every
image, which enables the isolation of the lung region during preprocessing. This capability
improves the reliability of preprocessing steps such as lung cropping, contrast enhance-
ment, and XAI-based localisation. Studies suggest that a more tightly curated dataset
with standardised PA-view images and corresponding lung masks supports more reliable
preprocessing and region-of-interest extraction [45]. The dataset does not contain patient
metadata, such as age, sex, or clinical history, but it includes consistent diagnostic labels
and image quality, which supports reproducibility for deep learning research. Examples

https://doi.org/10.3390/electronics15071443
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of chest x-ray class with corresponding lung mask in the dataset and their corresponding
masks are shown in Figure 3.

Figure 3. Examples of chest X-ray images (top row) and their corresponding masked lung
shapes (bottom row) for different clinical categories: (a) Normal, (b) Lung Opacity, (c) Pneumonia,
and (d) COVID-19.

Normal chest radiographs show clear lung fields with normal vascular markings.
Lung Opacity and Viral Pneumonia cases display abnormal density patterns, including
localised or diffuse opacification. Bilateral ground-glass opacities and haziness are often
present in most cases of COVID-19; however, early-stage infection may not present with
clearly visible radiographic abnormalities [47]. Therefore, the preprocessing of images and
the use of XAI techniques will be necessary for the developed methods to yield clinically
useful results. Lung-region masks obtained directly from the COVID-19 Radiography
Database were used to isolate pulmonary regions during preprocessing. These masks were
generated by the dataset authors using deep learning-based lung segmentation models
trained on curated chest X-ray data and are provided as paired annotations for each
image [45]. Although not manually delineated by medical practitioners, the masks exhibit
consistent and anatomically plausible lung localisation and have been widely used in
prior chest X-ray analysis studies [33,44]. To ensure the reliability and suitability of the
secondary dataset used in this study, several validation considerations were applied. The
chest radiograph images were obtained from publicly available repositories widely used
in medical imaging research and benchmarking studies [46]. Such datasets are commonly
adopted in medical AI research due to the challenges associated with acquiring large
volumes of clinically annotated imaging data while maintaining patient privacy.

The dataset labels are based on expert radiological assessment, which serves as the
ground truth for supervised model training. Expert annotation is widely recognised
as the reference standard in medical imaging studies and ensures clinically meaningful
diagnostic labels.

To further improve dataset suitability and reduce the influence of heterogeneity aris-
ing from multiple imaging sources and acquisition equipment, preprocessing procedures
including lung-region isolation, image normalisation, contrast enhancement using CLAHE,
and controlled data augmentation were implemented. These steps help reduce imaging
artefacts, background variations, and scanner-related differences while preserving diag-
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nostically relevant pulmonary structures. Similar heterogeneity challenges in multi-source
medical imaging datasets have been discussed in recent studies on heterogeneous medical
image analysis tasks [48]. In addition, dataset distribution was examined to ensure balanced
representation of diagnostic classes. Model performance was evaluated using multiple
statistical metrics, including accuracy, sensitivity, specificity, and Matthews Correlation
Coefficient (MCC), which provides a balanced assessment of classification performance in
the presence of class imbalance [49]. These measures collectively support the reliability of
the dataset for deep learning-based diagnostic modelling.

3.1. Image Preprocessing and Normalisation

Image processing is a crucial stage in medical imaging analysis, where data quality
significantly impacts the performance and reliability of deep learning models. The prepro-
cessing pipeline in this study was directed towards enhancing the visibility of clinically
useful lung structures by reducing noise and undesirable features within the image. This
process consisted of lung segmentation and suppression of surrounding bony structures,
enhancement of contrast, normalisation of the data, and data augmentation. Figure 4 shows
a visual representation of the preprocessing workflow implemented in this research.

 

Figure 4. A visual representation of the preprocessing workflow implemented in this research.

3.1.1. Pulmonary Region of Interest (ROI) Extraction

Pulmonary region of interest (ROI) extraction was applied to isolate lung fields and
enhance clinically relevant soft-tissue information while suppressing non-diagnostic struc-
tures. Lung segmentation was first used to restrict analysis to pulmonary regions, reducing
the influence of surrounding anatomy and imaging artefacts [33,44]. Bone suppression was
then applied to minimise the visual dominance of ribs and the spine, improving visibility
of underlying lung pathology [43]. Finally, Contrast Limited Adaptive Histogram Equalisa-
tion (CLAHE) was used to increase local contrast, highlighting small patterns that can be
seen in chest radiographs, such as ground-glass opacities or Consolidation [45,46].
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I. Lung Region Isolation

In this study, two types of lung masks were considered: dataset-provided lung masks
and algorithmically generated masks. A key limitation observed in previous deep-learning
studies for chest X-ray classification is the model’s over-reliance on non-lung artefacts. Sev-
eral studies have shown that classifiers used irrelevant cues like laterality markers, collars,
and scanner-specific background noise, leading to inflated accuracy and limited clinical
value [31,32]. To mitigate this issue, some researchers have employed automatic lung seg-
mentation networks to constrain model attention to pulmonary regions [33,44]. However,
such approaches may introduce additional uncertainty and segmentation-induced errors.
In contrast, the availability of ground-truth lung masks within the COVID-19 Radiography
Database enables precise pulmonary isolation without reliance on automated segmenta-
tion methods [43]. Consequently, this study adopted anatomically guided masking to
explicitly remove non-pulmonary structures, following prior findings that lung-field ex-
traction improves robustness and supports the reliability of explainable techniques such as
Grad-CAM [13,28,33]. By reducing shortcut learning and constraining model attention to
clinically meaningful regions, this approach enhanced interpretability and strengthened
the validity of explanation-based performance assessment. A comparison between dataset-
provided lung segmentation masks and algorithmically generated lung segmentation,
visualised as overlays on the original chest X-ray image, is provided in Figure 5.

 

Figure 5. Comparison between dataset-provided lung segmentation masks and algorithmically
generated lung segmentation, visualised as overlays on the original chest X-ray image.

As shown in Figure 5, the algorithmically generated lung masks occasionally over-
segment into non-lung regions, particularly around the chest wall and shoulder areas.
This variability can lead to inconsistent region-of-interest extraction, which can affect the
model’s performance. In contrast, the dataset-provided paired lung masks offer more
stable and reliable lung localisation across samples with smoother edges, making them
more suitable for ROI preprocessing and model training in this study.
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The dataset-provided masks were used during preprocessing and model training
to ensure consistent and anatomically accurate pulmonary region extraction across all
samples. These masks act as stable ROI constraints that remove non-pulmonary structures
before feature construction and classification. In contrast, the algorithmically generated
masks were not used during training. Instead, they were introduced only during the
explainability evaluation stage to support quantitative Grad-CAM analysis. Specifically,
the generated masks were used to measure the proportion of model attention located
inside the lung region during explainability assessment. This separation ensures that
potential segmentation noise from automatically generated masks does not influence
model training while still enabling objective evaluation of whether the model focuses on
clinically meaningful pulmonary regions.

The safe_lung_mask function follows a structured three-stage process consisting of
(i) intensity-based segmentation, (ii) geometric filtering, and (iii) anatomical validation.
which is a classical histogram-based segmentation technique widely used in medical image
analysis. The mathematical formulation below follows the original method proposed
by Otsu in 1979 [50]. This method is widely used in medical image segmentation due
to its robustness, simplicity, and computational efficiency in separating foreground and
background regions in grayscale images [50–52].

i. Segmentation Phase: Otsu’s Thresholding

The otsu_lung_mask_simple step determines an optimal threshold t that separates
darker lung regions from brighter surrounding anatomy by maximising the between-class
variance. The optimal threshold is obtained by solving:

Let I(x, y) denote a grayscale chest X-ray image defined on pixel domain Ω.
Let the image contain L possible intensity levels {0, 1, . . . , L− 1}.
Let:

• ni = number of pixels with intensity level i;
• N = total number of pixels in the image.

The normalized histogram probability distribution is defined as

pi =
ni
N

(1)

such that
L−1

∑
i=0

pi = 1 (2)

For a candidate threshold t, Otsu’s method partitions the image into two classes:

• background class C0 = {0, . . . , t};
• foreground class C1 = {t + 1, . . . , L− 1}.

Therefore,
t∗ = argmax

t
σ2

b (t) (3)

where σ2
b (t) denotes the between-class variance associated with a candidate threshold t.

ii. Formula for Between-Class Variance:

σ2
b (t) = ω0(t)ω1(t)[µ0(t)− µ1(t)]

2 (4)

where

• ω0(t), ω1(t) are the probabilities of the two classes;
• µ0(t), µ1(t) are the corresponding mean intensities.
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The class probabilities are derived from the image histogram as

ω0(t) =
t

∑
i=0

pi, ω1(t) =
L−1

∑
i=t+1

pi (5)

The class mean intensities are computed as

µ0(t) =
1

ω0(t)

t

∑
i=0

i pi, µ1(t) =
1

ω1(t)

L−1

∑
i=t+1

i pi (6)

This formulation maximizes the separability between background and foreground
classes and forms the basis of the classical Otsu thresholding algorithm.

iii. Binary Mask Result:

Once the optimal threshold t∗ is determined, the binary segmentation mask is com-
puted as

M (x, y) =

{
1, if I(x, y) < t
0, otherwise

(7)

where I(x, y) denotes the intensity value at pixel location (x, y).
This mask identifies darker lung regions while suppressing brighter surrounding

anatomical structures.

iv. Geometric Phase: Connected Components

The binary mask was treated as a set of connected components Ci. Each component’s
area is computed as

Ai = ∑
(x,y)∈Ci

M(x, y) (8)

where

M(x, y) =

{
1 for foreground pixels
0 otherwise

v. Assuming the lungs correspond to the two largest contiguous dark regions, the mask
was filtered by retaining the two largest components:

Mfiltered =
⋃
{Ci | rank(Ai) ∈ {1, 2}} (9)

vi. Formula for Component Area:

Ai = Σ(x, y) ∈ Ci 1 (10)

vii. Validation Phase: Area Fraction Heuristic

To ensure anatomical plausibility, the fraction of the image occupied by the detected
lung region was computed:

Area Fraction =
∑W

x=1∑H
y=1 Mfiltered(x, y)

H ×W
(11)

where H and W denote the image height and width.
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viii. Decision Rule

Mfinal =

{
Mfiltered, if 0.05 < Area Fraction < 0.80
1H×W , otherwise (fallback)

(12)

This constraint ensures that only anatomically reasonable lung masks are accepted.
Although algorithmically generated lung masks were not adopted for ROI preprocessing,
they were still used during Grad-CAM analysis to constrain percentage activation mea-
surements to the pulmonary region, ensuring that saliency measurements reflected model
attention within the lung fields while avoiding the introduction of segmentation-related
noise into the training pipeline.

II. Soft-Tissue Enhancement: CLAHE and Bone Suppression

Soft-tissue visibility is fundamental for detecting diffuse opacities associated with
COVID-19 pneumonia. Contrast Limited Adaptive Histogram Equalisation (CLAHE) is
widely used in radiographic image enhancement, and multiple COVID-19 studies have
demonstrated that moderate local contrast enhancement improves convolutional neural
network sensitivity without distorting anatomical structures or excessively amplifying
noise [53,54].

Bones such as the ribs and clavicles can obscure subtle parenchymal changes; bone
suppression techniques have therefore been explored to reduce this effect. Early work
showed that suppressing rib shadows improves diagnostic accuracy, while more recent
studies have confirmed that soft-tissue emphasis benefits the detection of COVID-19-related
lesions [43].

Theory: CLAHE applies Histogram Equalisation to small image tiles, and limits
contrast amplification using a clipping threshold (clipLimit = 3.0).

Formula (General Histogram Equalisation): The transformation function T(r) maps
the input intensity r to the output intensity s. The general histogram equalisation transfor-
mation is defined as

s = T(r) = (L− 1)

r

∑
j=0

pr(j) (13)

where

• pr(j) is the normalised histogram;
• L = 256 is the number of grayscale levels.

CLAHE applies this transformation locally to image tiles with contrast clipping (cli-
pLimit = 3.0).

Where pr(j) is the normalised histogram of the image (or tile), and L is the number of
intensity levels (256).

Bone suppression uses lightweight approximation to enhance fine details and reduce
high-contrast bony structures.

Theory: The image was decomposed into a base (low-frequency structures) and a
detailed component (high-frequency texture). Reducing the detailed component suppresses
bone structures. A bilateral filter was used as it preserves edges better than Gaussian
filtering.

Filter Used (Bilateral Filter): The output intensity IF at pixel x is: Bilateral Filter

IF(x) =
1

Wx
∑
ξ∈Ω

I(ξ) f (∥ x− ξ ∥) g(| I(x)− I(ξ) |) (14)

where

https://doi.org/10.3390/electronics15071443
14



Electronics 2026, 15, 1443

Wx is a normalisation factor;
f (·) is the spatial Gaussian kernel (controlled by σspace);
g(·) is the range Gaussian kernel (controlled by σcolor).
Approximation Formula in Code:

Base = BilateralFilter(Img) (15)

Detail = Img − Base (16)

Output = Base + (0.18 Detail) (17)

The coefficient controlling the contribution of the detailed component was determined
empirically through preliminary parameter exploration. Several candidate values in the
range of 0.05–0.30 were evaluated to balance rib suppression and preservation of diagnosti-
cally relevant lung textures. Lower values (<0.10) excessively suppressed fine pulmonary
structures, while higher values (>0.25) retained strong rib artefacts that reduced soft-tissue
visibility. A value of 0.18 was therefore selected, as it provided a stable compromise be-
tween rib attenuation and preservation of parenchymal patterns, producing clearer lung
structures while maintaining the radiographic detail that is relevant for deep learning
feature extraction. Similar empirical parameter-tuning strategies are commonly adopted in
lightweight bone-suppression and image-enhancement pipelines used in chest radiograph
analysis, where parameters are selected based on visual quality and downstream model
performance rather than fixed theoretical constants.

This study, therefore, combined CLAHE with bilateral-filter-based bone suppression
to enhance soft-tissue visibility while reducing structural noise, improving interpretability
and discriminative ability with lower computational cost than learning-based suppression
models. Figure 6 represents raw chest X-ray images compared with pulmonary region of
interest (ROI) representations following lung segmentation, bone suppression, and contrast
enhancement. Typical raw chest X-ray images vs. pulmonary region of interest (ROI)
representations are shown in Figure 6.

Figure 6. Raw chest X-ray images vs. pulmonary region of interest (ROI) representations.

3.1.2. Multi-Channel Feature Construction

Following core preprocessing, a multi-channel representation is constructed to provide
complementary views of the same lung region. Rather than relying on a single greyscale
image, this approach encodes multiple radiologically meaningful characteristics into sepa-
rate channels, supporting richer and more anatomically aligned feature learning [17,18].
The lung-masked region of interest (ROI) forms the base channel, ensuring that all derived
representations focus exclusively on clinically relevant pulmonary tissue. Frequency-based
representations are included to emphasise diffuse opacity patterns commonly associated
with infectious lung disease [55]. A vessel-enhanced channel highlights pulmonary vas-

https://doi.org/10.3390/electronics15071443
15



Electronics 2026, 15, 1443

cular and airway-related structures linked to inflammatory changes [56–58]. Finally, a
texture-based channel captures local lung texture variations that support differentiation
between normal and pathological radiographic patterns [59].

Although frequency-domain opacity maps, vessel enhancement, and texture descrip-
tors have each been used individually, they behave like three different “lenses” that high-
light different visual clues in the same lung image. A single greyscale chest X-ray image
may obscure subtle disease patterns because ribs, imaging noise, and illumination varia-
tions compete with weak pulmonary features, making early pathological signs difficult
to distinguish [43,55]. Multi-channel representations address this limitation by providing
complementary feature views of the same lung region, allowing deep learning models to
capture opacity patterns, vascular structures, and fine texture variations simultaneously,
thereby improving sensitivity to subtle radiographic abnormalities [17,18]. Similar multi-
representation strategies have been shown to improve robustness and feature learning in
medical imaging tasks [59].

Specifically, the frequency channel makes “cloudy” regions (diffuse opacities and
haze) stand out by reducing lighting variation and fine noise, which supports the detec-
tion of subtle infectious patterns [55]. The vessel-enhanced channel makes thin tube-like
structures clearer, helping the model observe vascular-related changes linked to pulmonary
disease [56,58]. The texture channel (LBP) converts small local intensity changes into a
consistent pattern code, which helps separate normal lungs from abnormal lungs when
visual differences are small [59].

This combination is important for addressing inter-observer variability: different clini-
cians may focus on different visual cues such as opacity distribution, vascular changes, or
local texture patterns, particularly in early or borderline cases where radiographic findings
are subtle or ambiguous [18,42]. Previous studies have reported that multi-channel or
multi-representation inputs can improve model robustness and classification performance
compared with single-image representations, as the model can learn complementary di-
agnostic features from multiple visual perspectives [17,18]. For example, Nneji et al. [17]
demonstrated that multi-channel deep learning inputs can enhance chest X-ray classifica-
tion by allowing the model to learn complementary feature representations. Using multiple
channels reduces dependence on one cue and makes the model more robust because it
can agree across several complementary feature views rather than relying on a single
appearance pattern [17,18]. Similarly, recent studies have explored multi-representation
learning strategies that combine structural, texture, and frequency-based features to im-
prove diagnostic performance and model robustness in medical image analysis [2,3,24].
However, these studies generally focus on generic feature fusion and do not explicitly
integrate lung-region masking, frequency-based opacity mapping, vessel enhancement,
and texture encoding within a single unified framework. Based on the reviewed liter-
ature and available studies in chest X-ray analysis, the joint combination of these four
lung-focused representations has not been systematically explored for explainable chest
X-ray classification. The proposed framework, therefore, integrates these complementary
feature channels within anatomically constrained lung regions to capture subtle pulmonary
patterns while supporting clinically interpretable predictions. Therefore, the multi-channel
design is a formulated strategy to improve sensitivity to subtle radiographic findings and
stability across variable interpretations.

I. Mid-frequency opacity mapping (Fourier band-pass filtering)

Mid-frequency textures associated with ground-glass opacities have been identified
using radiomics-based texture analysis techniques [55]. Band-pass filtering improves
visualisation by suppressing low-frequency illumination variations and high-frequency
noise, thereby enhancing diagnostically relevant structural patterns. Prior medical imaging
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studies supported the diagnostic value of frequency-based feature decomposition for
disease characterisation.

Theory: The 2D Discrete Fourier Transform (DFT) converts images to the frequency
domain. A band-pass filter preserves frequencies within a radial range (r1, r2).

Formulas:

(a) 2D DFT:

F(u, v) =
M−1

∑
x=0

N−1

∑
y=0

f (x, y)exp
[
−j2π

(ux
M

+
vy
N

)]
(18)

(b) Distance to Centre:

d(i, j) =
√
(i− crow)

2 + (i− ccol)
2 (19)

(c) Filter Mask (Ideal Band-Pass):

Mask(i, j) =





1, r1 < d(i, j) < r2

0, otherwise
(20)

(d) Filtered Transform:
Ff iltered(i, j) = Fshi f ted(i, j)·Mask(i, j) (21)

(e) Inverse DFT:

Output(x, y) =
∣∣∣F−1

{
Funshi f ted(i, j)

}∣∣∣ (22)

II. Vessel enhancement using the Frangi filter

The Frangi Vesselness filter enhances tubular structures by emphasising vascular
morphology and suppressing background noise [56]. COVID-19 chest imaging studies have
reported vascular thickening and dilation associated with inflammatory and thrombotic
processes [57]. Prior pulmonary imaging research has demonstrated that vessel-enhanced
representations can improve diagnostic sensitivity for pulmonary disease patterns [58].

Theory: The Frangi filter analyses the Hessian matrix and its eigenvalues to identify
line-like structures across multiple scales. The eigenvalues (λ1, λ2) of the Hessian indicate
the directions and magnitudes of maximum and minimum curvature.

Hessian Matrix:

HI(x, y)




∂2 I(x,y)
∂x2

∂2 I(x,y)
∂x∂y

∂2 I(x,y)
∂y∂x

∂2 I(x,y)
∂y2


 (23)

The maximum vesselness response across scales (1–8) is retained.

III. Texture encoding using Local Binary Patterns (LBP)

LBP are established texture descriptor for capturing local intensity variations and
micro-texture information in images [59]. Prior chest X-ray studies have demonstrated
that LBP features complement convolutional neural network representations by capturing
fine-grained texture variations present in COVID-19 radiographs [17].

Theory: LBP compares a centre pixel with neighbouring pixels to generate a bi-
nary code.

LBP Formula (General):

LBPP,R(xc, yc) =

P−1

∑
p=0

s
(
ip ic

)
2p (24)
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where:
ic is the grey value of the centre pixel (xc, yc).
ip is the grey value of the p-th neighbour.
P is the number of neighbours (P = 8).
R is the radius of the circle (R = 1).

s(x) is the step function: s(x) =

{
1 i f x ≥ 0
0 i f x < 0

.

Collectively, these channels augment the soft-tissue ROI to form a four-channel tensor
(ROI, Frequency, Vessel, LBP). This approach advances beyond single-channel studies
and aligns with hybrid feature-learning strategies [17]. Figure 7 represents four-channel
lung-focused feature representations.

 
Figure 7. Four-channel lung-focused feature representations prepared for model input.

3.2. Normalisation, Class Balancing, and Augmentation

Minimum–maximum scaling was applied to preserve relative tissue intensity while
ensuring numerical stability during training. Class imbalance was addressed using a con-
trolled over-sampling strategy to balance COVID-19-positive and non-COVID-19 samples.
Conservative data augmentation techniques, including horizontal flipping and small rota-
tions, were applied to simulate acquisition variability while preserving radiological realism.

3.3. Model Architecture

The modelling phase involved constructing a deep convolutional neural network
based on the Xception architecture. Xception was selected due to its effectiveness in
medical imaging tasks requiring fine-grained feature extraction and its use of depth-wise
separable convolutions. Xception was chosen because it replaces Inception’s multi-branch
modules with depthwise separable convolutions (depthwise spatial filtering followed
by 1 × 1 channel mixing). In its original evaluation, Xception was shown to slightly
outperform InceptionV3 at a comparable parameter scale, supporting it as a parameter-
efficient backbone [60]. In transfer learning for small and imbalanced clinical datasets, this
efficiency helps control overfitting, while stacked 3 × 3 convolutional blocks still provide a
broad effective receptive field suitable for capturing diffuse thoracic patterns. Relative to
ResNet50, it remains a robust and comparable architecture, while compared to EfficientNet,
it is less parameter-efficient but often less sensitive to compound scaling strategies [61,62].
Limitations include reduced throughput of depthwise operations on certain hardware
and the need for region-of-interest constraints and augmentation to mitigate shortcut
learning. Recent studies in medical imaging have further confirmed the effectiveness
of lightweight and depthwise-separable architectures for improving generalisation in
clinical datasets [24]. The architecture was modified to accept four-channel input tensors
corresponding to the proposed multi-channel representation. The first convolutional layer
was adapted accordingly, and the classification head was replaced with a fully connected
layer producing a single output logit for binary classification. Transfer learning was
employed, and optimisation strategies were selected to ensure stable convergence and
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robustness to class imbalance. Conceptual architecture of the proposed 4-channel Xception-
based model for this study is provided in Figure 8.

 

Figure 8. Conceptual architecture of the proposed four-channel Xception-based model for this study.

3.4. Explainability Integration

Explainability was incorporated as a core component of the proposed framework
rather than as a post hoc addition. Gradient-weighted Class Activation Mapping (Grad-
CAM) was used to generate localisation heatmaps highlighting image regions contributing
to model predictions.

The explainability framework is strengthened through lung-field masking, ensuring
that activation patterns reflect clinically meaningful pulmonary regions using lung-region
coverage analysis. Both qualitative inspection and quantitative lung-region coverage
analysis were used to assess the anatomical relevance of model attention, supporting
transparent and clinically grounded interpretation.

3.5. Quantitative Explainability Assessment

Explainability is a critical requirement in medical AI systems, particularly in radiology,
where model predictions must be grounded in clinically meaningful image regions.

In this study, explainability was implemented using Gradient-weighted Class Activa-
tion Mapping (Grad-CAM), which produced spatial heatmaps indicating image regions
that contribute most strongly to the model’s prediction by backpropagating gradients from
the final convolutional layer. While visual inspection of Grad-CAM heatmaps provides
intuitive insight, visual explanations alone are subjective and insufficient for rigorous
evaluation. Global average pooling combined with attention and multi-scale feature repre-
sentations can be interpreted clinically, as these mechanisms aggregate distributed evidence
across lung fields while preserving spatial salience for focal abnormalities. This improves
robustness to imaging artefacts when used alongside lung region constraints. Grad-CAM
provides class-discriminative visual explanations that clinicians can inspect for anatomical
plausibility [13]. However, interpretability claims should be supported by quantitative
evaluation, including (i) lung-region CAM energy or coverage analysis, (ii) overlap metrics
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such as Dice or IoU where ground truth is available, and (iii) repeatability assessments
across random seeds and augmentations, as recommended in saliency evaluation stud-
ies [22]. More recent studies have further emphasised the importance of combining visual
explanations with quantitative validation to ensure clinical reliability and trustworthiness
in medical AI systems [3]. To address this limitation, this study incorporated a quantitative
explainability assessment based on lung-region coverage and CAM energy distribution,
enabling objective measurement of anatomical relevance. The effectiveness of the proposed
explainability framework is closely linked to the feature extraction strategy adopted in this
study. Specifically, the multi-channel representation, comprising frequency-based opacity
mapping, vessel enhancement, and texture-based descriptors, is designed to capture clini-
cally relevant characteristics such as diffuse opacities, vascular alterations, and fine-grained
texture variations associated with pulmonary disease. By combining these complementary
feature representations with lung-region constraints, the model is encouraged to focus on
diagnostically relevant patterns, thereby improving both predictive performance and the
clinical interpretability of Grad-CAM visualisations.

Two complementary quantitative measurements are used.
(a) CAM Energy
CAM energy represents the total activation strength of the Grad-CAM heatmap and is

computed as the sum of all pixel intensities in the heatmap:

ECAM = ∑
x,y

H(x, y) (25)

where H(x, y) is the Grad-CAM activation value at pixel location (x, y).
This value reflects how strongly the model attends to image regions overall for a given

prediction.
(b) Lung-Region CAM Energy Coverage
To assess anatomical relevance, CAM energy is separated into contributions inside

and outside the lung region using a binary lung mask M(x, y):

Elung = ∑
x,y

H(x, y) ·M(x, y) (26)

Etotal = ∑x,y H(x, y) (27)

The lung-region coverage ratio is then defined as

Lung Coverage (%) =
Elung

Etotal
× 100 (28)

This metric quantifies the proportion of model attention focused within anatomically
valid pulmonary regions.

4. Experimental Results and Analysis
4.1. Implementation Setup

This section presents the experimental evaluation results for the proposed explainable
deep learning framework for COVID-19 binary classification. The dataset was divided into
training, validation, and test sets using stratified sampling to preserve class proportions. A
stratified 70%–15%–15% split was adopted, which is widely used in medical AI to provide
a reliable assessment of model generalisation when evaluating heterogeneous clinical data.
The stratification also ensures that each split contains an equal proportion of COVID-19
cases. Model performance is assessed using standard classification metrics and threshold
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analysis, including accuracy, precision, recall (sensitivity), F1 score, Matthews Correlation
Coefficient (MCC), and area under the receiver operating characteristic curve (AUC), while
explainability was evaluated through qualitative visualisation and quantitative lung-region
attention analysis. The objective was to demonstrate diagnostic performance, robustness,
and clinically meaningful interpretability.

4.2. Model Training Configuration

The proposed model was trained using four-channel chest X-ray inputs with a spatial
resolution of 512 × 512 pixels, where each sample consisted of the lung-isolated ROI,
frequency-based opacity map, vessel-enhanced image, and texture-based LBP representa-
tion. Training was performed using a batch size of eight and the AdamW optimiser with
an initial learning rate of 3 × 10−3 and weight decay of 1 × 10−4. The Focal Loss function
(α = 0.35, γ = 2.0) was used instead of binary cross-entropy to improve robustness to class
imbalance and reduce the influence of easily classified samples.

AdamW was used in this study because decoupled weight decay improves generalisa-
tion and provides more stable regularisation compared to standard Adam optimisation [63].
For fine-tuning, a practical weight decay range is approximately 10−5 to 10−3, with common
starting values between 1 × 10−4 and 5 × 10−4. Focal Loss addresses class imbalance by
down-weighting easy examples; γ ≈ 2 is widely used, while α can be tuned based on class
prevalence [64]. For learning rate scheduling, cosine annealing with a short warm-up phase
(approximately 5–10% of training steps) provides stable convergence, while ReduceLROn-
Plateau offers a conservative alternative when validation performance stagnates. OneCycle
scheduling can also accelerate convergence if an appropriate maximum learning rate is
identified [65]. Recent work in medical deep learning optimisation has also highlighted the
importance of adaptive optimisation and loss re-weighting strategies for handling class
imbalance and improving convergence stability [2].

The model was trained for 20 epochs using a balanced training dataset, with perfor-
mance monitored on the validation set. Training incorporated Automatic Mixed Precision
(AMP) to improve computational efficiency, gradient clipping (threshold = 0.5) to stabilise
optimisation, and cosine annealing learning rate scheduling with warm-up. Early stopping
was applied based on the validation Matthews Correlation Coefficient (MCC) rather than
the F1 score, as MCC provides a more reliable performance indicator under class imbalance
conditions [49].

Prior to training, input tensors were normalised by scaling pixel intensities to the
range [0,1] and subsequently standardised to [−1,1]. Conservative data augmentation was
applied during training, including random horizontal flipping with probability 0.5 and
random rotations between−7◦ and +7◦, to simulate acquisition variability while preserving
radiological realism.

Training metrics included loss, accuracy, precision, recall, and F1 score. The training
history demonstrated stable convergence, with training and validation losses decreasing in
parallel, indicating appropriate model capacity and optimisation strategy.

4.3. Quantitative Classification Performance

The results are summarised in Table 2 and the confusion matrix is shown in Figure 9.
Initial evaluation was conducted using a default probability threshold of 0.50. At this
threshold, the model achieved an accuracy of 95.3%, precision of 88.2%, recall of 83.8%, F1
score of 85.9%, MCC of 0.83, and an AUC of 0.983. The confusion matrix indicated that
2572 non-COVID-19 images were correctly classified, while 454 COVID-19-positive cases
were correctly identified, with 88 false negatives and 61 false positives observed at this
operating point.
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Table 2. Model evaluation metrics at different thresholds.

Threshold Accuracy Precision Recall F1 MCC

0.05 0.70 0.37 0.99 0.53 0.48
0.10 0.82 0.49 0.99 0.65 0.61
0.15 0.88 0.58 0.98 0.73 0.69
0.20 0.91 0.67 0.97 0.80 0.76
0.25 0.93 0.71 0.95 0.81 0.78
0.30 0.94 0.76 0.93 0.84 0.81
0.35 0.95 0.81 0.91 0.86 0.83
0.40 0.95 0.83 0.89 0.86 0.83
0.45 0.95 0.85 0.87 0.86 0.83
0.50 0.95 0.88 0.84 0.86 0.83
0.55 0.95 0.90 0.82 0.86 0.83
0.60 0.95 0.93 0.78 0.85 0.82
0.65 0.95 0.94 0.74 0.83 0.80
0.70 0.94 0.96 0.69 0.80 0.78
0.75 0.94 0.98 0.65 0.78 0.77
0.80 0.92 0.98 0.57 0.72 0.71
0.85 0.91 0.99 0.48 0.65 0.66
0.90 0.89 1.00 0.37 0.54 0.57
0.95 0.86 0.99 0.20 0.34 0.41

Figure 9. Confusion matrix at default threshold (0.50).

While the default threshold yielded strong overall performance, medical diagnosis
often requires prioritising sensitivity. False negative predictions, corresponding to missed
COVID-19 cases, pose a greater clinical risk than false positive classifications, particularly
in screening-oriented applications. The model was therefore evaluated across probability
thresholds ranging from 0.05 to 0.95 to identify an operating point that better balances
sensitivity and specificity.

At a threshold of 0.40, the model achieved an accuracy of 95.1%, a precision of 83.4%, a
recall of 89.1%, an F1 score of 86.2%, and the highest MCC (approximately 0.83). Lowering
the threshold from 0.50 to 0.40 reduced the number of missed COVID-19 cases from 88
to 59, while increasing false positives from 61 to 96. This trade-off is clinically acceptable
in screening contexts, as it substantially improves sensitivity at the cost of a moderate
increase in false alarms. The confusion matrix at selected operating threshold 0.40 is shown
in Figure 10.
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Figure 10. Confusion matrix at selected operating threshold (0.40).

The ROC curve (Figure 11) demonstrates strong class separability, with an AUC of
approximately 0.98.

Figure 11. Receiver Operating Characteristic (ROC) curve on the test set.

Further analysis of MCC across thresholds (shown in Figure 12) revealed a broad
optimal operating region between approximately 0.35 and 0.45, indicating robustness to
minor threshold variations.
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Figure 12. Matthews Correlation Coefficient (MCC) as a function of decision threshold.

5. Discussion
The modified Xception-based model demonstrated strong and reliable performance,

particularly when evaluated using ROC-AUC, which is robust to class imbalance. The
model achieved an AUC of 0.983, indicating excellent discrimination between COVID-19
and non-COVID-19 cases across varying decision thresholds. Unlike accuracy, which can be
biassed toward majority classes, ROC-AUC reflects the model’s ability to correctly rank pos-
itive and negative cases irrespective of class distribution. This highlights the effectiveness
of the architecture and training strategy, including focal loss and threshold optimisation.
The consistently high AUC confirms that the model maintains strong generalisation and
sensitivity, making it suitable for imbalanced medical diagnostic tasks. For the explain-
ability, which is the focus of this study, examples of the Grad-CAM explainability analysis
for chest X-ray classification are included in Figure 13. Higher lung-region CAM energy
indicates that the model relies predominantly on clinically relevant lung structures, such as
parenchymal textures and opacity patterns, when making predictions. Conversely, lower
coverage suggests reliance on non-diagnostic cues such as image borders, background
artefacts, or acquisition markers. Increased concentrations of CAM energy within lung
fields, therefore, provide objective evidence that the model’s decision-making process is
anatomically aligned and clinically meaningful, rather than driven by spurious correlations.
This quantitative evaluation strengthens confidence in the interpretability and reliability of
the model beyond qualitative heatmap inspection alone.

Quantitative evaluation was based on CAM energy distribution and lung-region
coverage, measuring the proportion of model attention located within anatomically valid
pulmonary regions. This explainability stage ensures that the developed COVID-19 clas-
sification model demonstrates behaviour that is interpretable, clinically grounded, and
suitable for integration into diagnostic support workflows.

Explainability was incorporated as a core component of the framework through the
integration of Grad-CAM and lung-region coverage analysis. Visual explanations and
quantitative attention measurements confirmed that model predictions were predominantly
driven by anatomically meaningful pulmonary regions rather than background artefacts.
This combination of qualitative and quantitative explainability supports transparent and
clinically grounded interpretation of model outputs and increases diagnostic confidence.
Unlike purely visual XAI approaches, our method also introduces quantitative validation
of interpretability, ensuring that predictions are grounded in anatomical regions. While
parametric models offer transparency, they often lack the representational power required
for complex imaging tasks. Our approach bridges this gap by combining high-performing
deep learning with measurable explainability.
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Figure 13. Grad-CAM explainability analysis for chest X-ray classification. Shown are (left) lung-
masked chest X-ray, (centre) Grad-CAM heatmap, and (right) heatmap overlaid on the original image.

Beyond classification accuracy, an important contribution of this work is demonstrat-
ing how explainability can be incorporated as a measurable component of the diagnostic
modelling process. Rather than treating explainability as a purely visual post hoc tool,
the proposed framework introduces quantitative evaluation of model attention using
lung-region coverage and CAM energy distribution. This approach enables objective
assessment of whether deep learning predictions are grounded in clinically meaningful
pulmonary structures. By combining anatomically guided preprocessing with quantitative
explainability analysis, the framework helps bridge the gap between high-performing deep
learning models and scientifically interpretable diagnostic systems suitable for clinical
decision support.
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Overall, the findings indicate that combining anatomical guidance, a novel four-
channel feature representation, and explainable artificial intelligence techniques can yield
robust predictive performance while maintaining high interpretability. Although the pro-
posed four-channel representation was designed to provide complementary anatomical,
opacity, vascular, and texture information, the present study did not include a formal abla-
tion analysis isolating the independent contribution of each individual channel. Therefore,
while the overall framework demonstrated strong performance, the relative importance of
each component cannot be quantified directly from the current experiments. This should
be interpreted as a methodological limitation rather than evidence that all channels con-
tribute equally. The proposed framework provides a foundation for explainable chest X-ray
classification systems and supports the safe and trustworthy adoption of deep learning
methods in medical imaging.

Future research should focus on extending the framework to multi-class respiratory
disease classification, performing external and multi-centre validation to assess generalis-
ability, conducting ablation experiments to quantify the independent contribution of each
channel in the four-channel representation, incorporating clinical metadata to enhance
contextual relevance, and evaluating performance through prospective clinical studies.
Continued development of human-centred explainability methods will further strengthen
the role of explainable deep learning systems in real-world healthcare applications.

The proposed explainable DL framework offered a robust and interpretable solution
for COVID-19 detection from chest X-rays, supporting its potential integration into clinical
decision-support workflows.

6. Conclusions
This paper presented an explainable deep learning framework for COVID-19 detection

from chest X-ray images, addressing the need for accurate, interpretable, and clinically
relevant diagnostic support systems. The proposed approach integrates anatomically
guided preprocessing, a novel four-channel input representation, and explainable artificial
intelligence techniques to enhance both predictive performance and transparency.

A modified Xception-based convolutional neural network was developed to process a
four-channel representation comprising lung-isolated soft-tissue images, mid-frequency
opacity maps, vessel enhancement maps, and texture-based features. This multi-channel
formulation extends beyond conventional single-channel chest X-ray analysis and pro-
vides complementary anatomical, frequency-domain, vascular, and texture information.
Experimental evaluation demonstrated strong classification performance, achieving high
accuracy, recall, F1 score, Matthews Correlation Coefficient, and AUC. Threshold analysis
further identified an operating point that prioritised sensitivity, reducing missed COVID-19
cases and aligning model behaviour with screening-oriented clinical requirements.
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Abstract

Bird’s-eye-view (BEV) perception has emerged as a key representation for unified scene
understanding in autonomous driving. However, current BEV methods relying solely on
monocular cameras suffer from severe degradation under adverse weather and dynamic
scenes due to limited depth cues and illumination dependency. To address these challenges,
we propose a robust multi-modal BEV perception framework that integrates dual-source
4D millimeter-wave radar and multi-view camera images. The proposed architecture
systematically exploits Doppler velocity and temporal information from 4D radar to model
dynamic object motion, while introducing a deformable fusion strategy in the BEV space
for accurate semantic alignment across modalities. Our design includes four key modules:
a Doppler-Aware Radar Encoder (DARE) that enhances motion-sensitive features via
velocity-guided attention; a Fog-Aware Feature Denoising Module (FADM) that suppresses
modality inconsistency in low-visibility conditions through cross-modal attention and
residual enhancement; a Multi-Modal Temporal Fusion Module (TFM) that encodes radar
temporal sequences using a Transformer encoder for motion continuity modeling; and a
confidence-aware multi-task loss that jointly supervises semantic segmentation, motion
estimation, and object detection. Extensive experiments on the DualRadar dataset and
adverse-weather simulations demonstrate that our method achieves significant gains over
state-of-the-art baselines in BEV segmentation accuracy, detection robustness, and motion
stability. The proposed framework offers a scalable and resilient solution for real-world
autonomous perception, especially under challenging environmental conditions.
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1. Introduction
With the rapid development of autonomous driving and advanced driver assistance

systems (ADAS), vehicles are required to perceive their surroundings with high accuracy
and strong robustness. Among various perception paradigms, bird’s-eye-view (BEV)
perception has emerged as a key intermediate representation that bridges perception
and downstream tasks such as planning and decision-making. By transforming multi-
sensor observations into a unified top-down coordinate frame, BEV perception effectively
eliminates perspective ambiguities and provides a geometrically consistent and structured
scene representation, which is particularly beneficial for urban driving scenarios [1,2].
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In recent years, camera-based BEV perception methods have achieved remarkable
progress. By leveraging explicit or implicit view-lifting mechanisms, these approaches
project 2D image features into 3D space or directly into the BEV domain, enabling fine-
grained scene understanding and semantic mapping [3–6]. However, as passive sensors,
cameras heavily rely on external illumination conditions. Their performance degrades
significantly under adverse environments such as fog, rain, nighttime, or strong glare,
leading to blurred object boundaries, missed detections of distant targets, and unstable
perception of dynamic objects. This inherent limitation poses a critical challenge to the
safety and reliability of vision-centric BEV perception systems in real-world autonomous
driving [7,8].

To mitigate the vulnerability of vision-based perception, multi-sensor BEV fusion
frameworks have gained increasing attention [9,10]. Among them, BEVCar [11] is a notable
effort toward camera–radar BEV semantic segmentation. By introducing a learning-based
radar point encoding and a radar-guided image feature lifting strategy, BEVCar demon-
strates improved robustness under nighttime and rainy conditions compared with camera-
only baselines. Despite these advances, several limitations remain. First, existing radar
modeling in BEVCar primarily relies on sparse spatial point representations and does not
fully exploit the rich dynamic information inherent in radar measurements [12]. Second,
the employed radar configurations are mainly based on conventional automotive radars,
leaving the potential of emerging 4D millimeter-wave radars underexplored. Third, under
extreme adverse conditions such as dense fog, the noise mismatch between radar and
visual features may still hinder effective fusion, limiting further performance gains [13,14].

Recently, 4D millimeter-wave radar has attracted considerable interest due to its
ability to provide not only spatial location but also Doppler velocity and temporal
information [15–17]. Compared with LiDAR, 4D radar offers lower cost and superior
all-weather capability; compared with traditional automotive radar, it provides enhanced
resolution and richer dynamic cues, making it particularly suitable for perceiving moving
objects under low-visibility conditions [18–21]. Nevertheless, how to systematically and
efficiently integrate 4D radar information with vision in the BEV domain remains an open
research problem.

From a data perspective, the DualRadar dataset [22] offers a valuable opportunity
to investigate this challenge. It provides multi-source millimeter-wave radar data (e.g.,
Arbe and ARS548), together with LiDAR and camera observations, enabling the study of
multi-radar collaboration and cross-modal fusion in realistic driving scenarios. However,
the dataset also introduces new difficulties, including sensor heterogeneity, data incom-
pleteness, and increased noise under adverse conditions, which make it non-trivial to
directly apply existing single-radar or simplified fusion approaches.

Motivated by these observations, this paper builds upon BEVCar and related works to
investigate a robust BEV perception framework that jointly leverages Dual 4D millimeter-
wave radar and vision under challenging environmental conditions. The core idea is to
fully exploit the dynamic information provided by 4D radar, including Doppler velocity
and temporal cues, and to incorporate environment-aware feature modeling within the
BEV fusion process. By doing so, the proposed method aims to significantly enhance
perception robustness and generalization in real-world adverse scenarios.

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

• Novel Motion-Aware BEV Architecture: Unlike existing camera–radar frameworks
such as BEVCar that primarily rely on static, sparse point representations for query
initialization, we propose a fundamentally new fusion paradigm. We introduce a
Motion-Aware Fusion Module (MAFM) that explicitly leverages 4D radar’s Doppler
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velocity to modulate deformable attention in the BEV space, achieving superior spa-
tiotemporal semantic alignment for dynamic objects.

• Doppler-Aware Radar Encoding (DARE) for Heterogeneous Sensors: We design a
unified multi-radar modeling strategy that goes beyond simple point concatenation.
By introducing a velocity-guided gating mechanism, DARE effectively standardizes
and prioritizes dynamic features from heterogeneous 4D sensors (e.g., Arbe and
ARS548), systematically filtering static clutter and addressing inherent discrepancies
in resolution and noise distribution.

• Dynamic Cross-Modal Denoising and Temporal Consistency: To tackle modality
inconsistency in extreme weather, we transition from assuming equal sensor reliability
to a dynamic restoration approach. We propose the Fog-Aware Feature Denoising
Module (FADM), which utilizes radar-guided cross-modal attention to restore de-
graded visual semantics, seamlessly integrated with a Multi-Modal Temporal Fusion
Module (TFM) that encodes radar history to ensure trajectory continuity across frames.

• Comprehensive Validation and Robustness Benchmark: Extensive experiments on
the DualRadar dataset and systematic adverse-weather simulations (fog and rain)
demonstrate that our framework achieves significant gains over current state-of-the-
art methods in BEV segmentation accuracy, detection robustness, and motion stability,
establishing a highly resilient solution for low-visibility environments.

2. Related Work
In this section, we review prior works related to BEV perception, radar-based percep-

tion and sensor fusion, robustness under adverse weather conditions, as well as commonly
used datasets for multi-modal autonomous driving research.

2.1. BEV Perception from Multi-View Cameras

Bird’s-eye-view (BEV) perception has become a central research topic in autonomous
driving due to its ability to provide a unified and geometrically consistent scene representa-
tion. Early camera-based BEV approaches focused on learning implicit mappings between
image space and top-down representations using convolutional or variational architec-
tures [23,24]. With the advent of transformer-based models, recent works have significantly
improved BEV perception performance by explicitly modeling geometric relationships.

BEVFormer [25] introduces a spatiotemporal transformer that leverages camera calibra-
tion parameters and deformable attention to project multi-view image features into the BEV
space, achieving state-of-the-art performance in vision-only 3D perception. BEVDet [26]
and its variants further enhance efficiency and accuracy by adopting explicit depth es-
timation and voxel-based aggregation strategies. These methods demonstrate strong
performance under favorable illumination but remain vulnerable to adverse environmental
conditions due to their reliance on passive visual sensing.

To address robustness issues, BEVCar extends camera-based BEV perception by incor-
porating automotive radar. BEVCar proposes a learning-based radar point encoding and
utilizes radar measurements to initialize BEV queries during image feature lifting. This
design enables improved performance under rain and nighttime conditions compared with
camera-only baselines. Nevertheless, BEVCar primarily exploits sparse spatial radar points
and does not fully utilize the rich temporal and Doppler information available in modern
4D millimeter-wave radar systems.

2.2. Radar Perception and Multi-Modal Fusion

Radar sensors have long been recognized for their robustness to illumination and
weather variations. Traditional radar perception research focused on standalone radar
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object detection or clustering [27], while recent studies increasingly explore radar–camera
or radar–LiDAR fusion for autonomous driving.

M2-Fusion [28] demonstrates that fusing radar with LiDAR can improve 3D object de-
tection robustness, particularly for distant and partially occluded targets. L4DR [29] further
investigates multi-radar fusion under adverse weather conditions, proposing radar-aware
feature modeling and fog simulation strategies to enhance robustness. These approaches
highlight the importance of leveraging radar’s physical sensing advantages, especially in
degraded visibility scenarios.

Compared with conventional automotive radar, 4D millimeter-wave radar provides
additional Doppler velocity and temporal information, offering richer cues for dynamic ob-
ject perception. However, effectively integrating such high-dimensional radar information
into BEV representations remains challenging. Existing fusion methods often treat radar
points as static spatial inputs, limiting their ability to model motion patterns and temporal
consistency in complex driving environments [30,31].

2.3. Robust Perception Under Adverse Weather Conditions

Robust perception under adverse weather, such as fog, rain, and snow, is critical
for real-world autonomous driving. Several works have investigated sensor degradation
modeling and data augmentation strategies to improve robustness. Fog simulation tech-
niques for LiDAR [32] and camera sensors have been widely adopted to synthesize adverse
conditions during training.

Recent studies emphasize that radar sensors maintain reliable measurements under
low visibility, making them particularly suitable for adverse weather perception [33].
L4DR [29] explicitly incorporates fog simulation into radar-based learning, demonstrating
improved performance under degraded conditions. However, most existing methods focus
on detection tasks and do not systematically address BEV semantic understanding or joint
map and object segmentation in adverse environments.

2.4. Autonomous Driving Datasets

Large-scale multi-modal datasets play a crucial role in advancing BEV perception
research. The nuScenes dataset [34] provides synchronized multi-camera, LiDAR, and auto-
motive radar data with comprehensive annotations and has become a standard benchmark
for BEV-based perception. The View-of-Delft (VoD) dataset [35] further enriches radar
research by offering high-resolution radar measurements suited for object detection.

More recently, the DualRadar dataset introduces multiple millimeter-wave radar
sensors alongside LiDAR and camera data, enabling the study of multi-radar collaboration
and heterogeneous sensor fusion in real-world driving scenarios. While these datasets
provide valuable resources, effectively exploiting multi-radar and multi-modal information
under challenging environmental conditions remains an open research problem.

2.5. Summary

To systematically clarify the architectural distinctions between our proposed frame-
work and existing state-of-the-art methods, we provide a comprehensive comparison in
Table 1. While early monocular BEV methods (e.g., BEVFormer, BEVDet) lack robustness
in low-visibility environments, recent multi-modal approaches have introduced radar or
LiDAR to compensate for visual degradation. Notably, BEVCar pioneers camera–radar BEV
fusion but relies on sparse 3D point representations without exploiting radar dynamics.
L4DR introduces weather-robust modeling but focuses on LiDAR–radar fusion rather than
vision. In contrast, our approach is uniquely structured to fully harness Dual 4D radar by
explicitly incorporating Doppler-guided attention, multi-modal temporal encoding, and
dynamic cross-modal denoising.
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Table 1. Architectural comparison of the proposed framework with existing BEV and multi-modal
fusion approaches.

Method Primary
Modalities Fusion Space 4D Radar

Integration
Doppler

Utilization
Temporal
Modeling

Adverse Weather
Denoising

BEVFormer [25] Camera BEV × × ✓(Camera only) ×
BEVDet [26] Camera BEV × × × ×
M2-Fusion [28] LiDAR + 3D Radar 3D × × × ×
BEVCar [11] Camera + 3D

Radar BEV × × × ✓(Implicit via
Radar)

L4DR [29] LiDAR + 4D Radar 3D ✓ ✓ × ✓(Fog Simulation)

Ours Camera + Dual 4D
Radar BEV ✓ ✓(DARE &

MAFM) ✓(Radar TFM) ✓(FADM)

In summary, while existing radar-assisted BEV methods have improved robustness,
they still primarily underexploit the temporal and Doppler characteristics of 4D radar,
leaving robust perception under extreme weather conditions insufficiently explored. These
specific gaps motivate the proposed work, which aims to leverage Dual 4D millimeter-
wave radar and vision to achieve resilient and reliable BEV perception in challenging
real-world environments.

3. Method
To enhance the robustness of autonomous perception in complex dynamic environ-

ments and under adverse weather conditions, we propose a multi-modal BEV-based per-
ception framework. This architecture integrates multi-view RGB images and dual-source
4D millimeter-wave radar data, and performs system-level optimization for dynamic object
modeling and semantic understanding in the BEV domain. Built upon the BEVCar back-
bone, the proposed method introduces explicit motion-aware encoding, temporal sequence
modeling, and sensor-level denoising strategies, which improve perceptual accuracy and
stability under low illumination, occlusion, fog, and long-range sensing scenarios.

The overall system adopts an encoder–fusion–decoder architecture and consists of
five core functional modules, as outlined below:

• Enhanced BEV backbone: Based on the BEVCar structure, we introduce a 4D radar-
specific processing branch and a motion-aware guidance mechanism to jointly model
and fuse multi-view camera and radar point cloud features, generating robust BEV
representations under varying conditions.

• Doppler-aware radar encoder: A Doppler-weighted attention mechanism is designed
to process dual-source radar inputs (Arbe and ARS548), enabling early-stage radar
feature fusion and explicit encoding of motion states and dynamic responses to
enhance the representation of moving objects.

• Fog-aware feature denoising: To address modality inconsistency under foggy or rainy
conditions, we propose a denoising network based on FogSim-augmented training
and multi-scale residual fusion. This module enhances semantic discriminability and
feature reliability in occluded and low-visibility regions.

• Multi-modal temporal fusion: Leveraging the temporal characteristics of 4D radar
(e.g., velocity, timestamp, and compensated speed), we design a Transformer-based
temporal modeling module that captures motion continuity in the BEV space and
suppresses transient noise during object tracking.

• Multi-task loss design: A multi-branch loss framework is introduced to jointly super-
vise position, category, and motion estimation. We integrate an IoU-based weighting
strategy and confidence-adaptive dynamic loss modulation to improve fine-grained
segmentation and small object detection performance.
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The proposed method addresses sensor heterogeneity and temporal inconsistency
through architectural fusion design, incorporates motion-guided feature selection and
weather-adaptive refinement at the modeling level, and strengthens learning constraints for
dynamic and small-scale targets via tailored loss functions. Collectively, these components
construct a robust BEV semantic perception framework, as illustrated in Figure 1. The
following subsections will elaborate on the design principles and implementation details
of each module.

Figure 1. Overview of the proposed robust BEV perception framework. The architecture integrates
multi-view images and dual 4D radar point clouds. Key components include the Doppler-Aware
Radar Encoder (DARE) for dynamic feature extraction, the Motion-Aware Fusion Module (MAFM) for
adaptive cross-modal alignment, the Multi-Modal Temporal Fusion module for sequence modeling,
and the Fog-Aware Feature Denoising (FADM) module for enhancing robustness under adverse
weather conditions.

3.1. Enhanced BEV Architecture with 4D Radar Integration

The proposed robust BEV perception framework adopts a modular encoder–fusion–
decoder architecture, aiming to jointly model environmental semantics and object dynamics
in the BEV space by integrating multi-view RGB imagery with dual-source 4D millimeter-
wave radar data. Built upon the BEVCar backbone, our architecture introduces several
key enhancements, including temporal radar modeling, motion-aware fusion, and adverse-
weather feature denoising, to achieve adaptive perception under dynamic and degraded
real-world conditions.

For the image stream, synchronized multi-camera inputs are first processed by a
shared ResNet-50 backbone followed by a Feature Pyramid Network (FPN) to extract
multi-scale visual features. These features are subsequently lifted into the BEV domain
using a deformable attention-based spatial projection module. This module dynamically
aligns each BEV query with the corresponding image features across all views, enabling
robust aggregation of semantic cues from visually observable regions and forming the
initial BEV feature representation.

To complement visual perception, we introduce a dedicated 4D radar modeling branch
that processes point clouds independently from the Arbe and ARS548 radar devices. Each
radar output is represented as a six-dimensional tuple (x, y, z, vr, P, t), where vr denotes
radial velocity, P represents signal intensity and t is the timestamp. We perform an early fu-
sion of both radar sources to construct a unified dynamic feature tensor. This is then passed
through a shared radar encoder to extract spatial–temporal features, effectively enhancing
the point cloud density and improving cross-modal alignment in the BEV domain.
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To explicitly capture the spatiotemporal evolution of dynamic targets, we design a
Motion-Aware Fusion Module (MAFM) guided by radar-estimated velocity vectors. This
module incorporates motion cues into two critical stages of the perception pipeline:

• During image lifting: Radar-derived velocity vectors are used to modulate the de-
formable attention weights during BEV query projection, prioritizing features from
fast-moving regions and improving the alignment of dynamic object boundaries.

• During BEV feature fusion: The initial BEV features from the image and radar branches
are fused using a velocity-guided attention mechanism. The fusion weights are adap-
tively modulated based on target motion intensity, enhancing semantic consistency
for dynamic objects.

By using BEV space as a unified fusion domain, the proposed architecture enables
complementary modeling of structural image features and motion-consistent radar signals.
This design facilitates robust spatiotemporal perception, particularly under challenging
conditions such as low illumination, fog, rain, and distant object scenarios. Quantitative
and qualitative evaluations further demonstrate significant improvements in robustness
and false-positive suppression compared with previous BEV fusion baselines.

3.2. Doppler-Aware Radar Encoder (DARE)

Millimeter-wave radar provides reliable perception capabilities under various weather
conditions, yet its raw point cloud data often suffers from sparsity, noisy reflections, and
limited semantic discrimination. In particular, low-speed or static clutter points (e.g.,
walls, curbs, infrastructure) may dominate the spatial representation, leading to false
positives in downstream perception tasks. To address these limitations and leverage the
inherent motion sensitivity of radar, we propose a DARE. This module introduces a velocity-
guided attention mechanism to enhance dynamic object features while suppressing static
background noise in the BEV domain.

Each radar point is represented as a six-dimensional tuple:

r = (x, y, z, vr, P, t) (1)

where (x, y, z) denotes the spatial coordinates, vr is the Doppler radial velocity, P is the
reflection intensity, and t is the timestamp. Compared with conventional radar encoders
that use only spatial and reflectance information, the inclusion of vr and t enables the
modeling of temporal dynamics and motion priors.

To integrate information from both radar sources (Arbe and ARS548), we employ an
early dual-radar fusion strategy, in which all radar points are aggregated and processed
jointly through the following steps:

1. Feature extraction: each radar point ri is passed through a shared multilayer percep-
tron (MLP) to obtain a local embedding ϕ(ri).

2. Velocity-guided attention: a learnable gating function ψ(vi
r) is applied to Doppler

velocity to compute an importance weight αi for each point, highlighting those with
stronger motion cues.

3. Feature aggregation: the fused radar feature is computed as

f(t)radar =
N

∑
i=1

αi · ϕ(ri), αi =
exp(ψ(vi

r))

∑N
j=1 exp(ψ(vj

r))
(2)

This formulation implements a velocity-sensitive attention pooling mechanism. Theo-
retically, this velocity-guided attention is highly effective because raw 4D radar point clouds
are overwhelmingly populated by static clutter (e.g., ground reflections, buildings, and
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infrastructure). By explicitly weighting points based on their dynamic state, the attention
mechanism acts as a soft semantic filter. It forces the network to allocate its representational
capacity toward critical moving objects, thereby suppressing false positives from the static
background before the cross-modal fusion stage.

Furthermore, real-world Doppler velocity measurements inherently contain noise due
to multipath reflections or imperfect ego-motion compensation. To mitigate the effect of
such noisy velocity estimates, our gating function ψ(·) is designed as a learnable, contin-
uous projection rather than a hard physical threshold. Because the attention weights αi

are jointly optimized with the high-dimensional spatial embeddings ϕ(ri), the network
does not strictly over-rely on any single instantaneous velocity scalar. Instead, it learns
to correlate velocity cues with local geometric context. Moreover, the subsequent Multi-
Modal Temporal Fusion Module (TFM) aggregates these features over multiple frames,
effectively smoothing out transient velocity noise. Together, these architectural designs
ensure robust feature aggregation even when individual velocity estimates fluctuate in
complex environments.

3.3. Fog-Aware Feature Denoising Module (FADM)

Perception under adverse weather conditions—such as fog, rain, or snow—is par-
ticularly challenging for multi-modal sensor fusion systems. In such scenarios, visual
sensors often suffer from degraded image quality due to scattering and reduced contrast,
resulting in blurred object boundaries and semantic uncertainty. While millimeter-wave
radar remains robust in low-visibility environments, its point cloud is typically sparse and
lacks fine-grained structural details. This discrepancy between sensor modalities can lead
to inconsistent semantic representation, spatial misalignment, and unreliable fusion in the
BEV space.

To address this challenge, we introduce a FADM, designed to perform semantic
enhancement and noise suppression on the BEV feature map by leveraging the comple-
mentary nature of radar and camera inputs. This module specifically focuses on occluded
or visually degraded regions, aiming to recover semantic fidelity and improve feature
alignment under foggy conditions.

To improve generalization to complex real-world adverse weather scenarios, we adopt
a dual-modality synthetic degradation strategy for data augmentation during training.
Specifically, we apply FogSim-based weather simulation primarily to the camera inputs
to mimic visibility degradation caused by atmospheric scattering. Concurrently, although
millimeter-wave radar is physically resilient to pure fog, we intentionally inject synthetic
noise and point sparsity into the radar point clouds. This serves as a stress test, simu-
lating extreme compounding factors such as radome blockage by mud or severe signal
attenuation from heavy rain. This joint augmentation forces the FADM to learn in a
broader, heavily degraded input domain without altering ground-truth semantics, effec-
tively enhancing its dynamic restoration capabilities even when both sensor modalities are
simultaneously compromised.

FADM combines a multi-scale residual enhancement structure with a cross-modal
attention mechanism to refine the fused BEV feature map. Let Ffused

BEV denote the BEV feature

map after BEV projection and motion-aware fusion, and let f(t)radar and Fimg
BEV denote the

radar feature embedding at time t and the BEV-lifted image feature map, respectively. The
denoising operation is defined as

Fdenoise
BEV = ResBlock(Ffused

BEV ) + XAttn(f(t)radar, Fimg
BEV). (3)

Here, ResBlock(·) is a multi-scale residual enhancement module that captures local
context and recovers fine-grained boundary information often weakened by weather-
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induced degradation, while XAttn(·, ·) denotes a cross-modal attention module that adap-
tively fuses radar and image features and modulates BEV responses based on modality
reliability and semantic complementarity. This formulation enables dynamic reweighting
of degraded regions using radar-guided attention, improving the consistency and quality
of BEV semantic features.

FADM provides three advantages. First, it performs sensor-adaptive enhancement
by using radar cues to guide semantic restoration in degraded image regions. Second, it
preserves structure through residual connections, which helps retain high-frequency details
and reduces over-smoothing. Third, it is modular and compatible with common BEV
backbones, and can operate alongside temporal fusion or image enhancement modules.

Extensive experiments show that FADM improves performance under fog, occlu-
sion, and long-range scenarios, supporting its role in building robust adverse-weather
perception pipelines.

3.4. Multi-Modal Temporal Fusion Module (TFM)

In multi-sensor perception systems, temporal synchronization and motion continuity
are crucial for achieving stable BEV mapping and robust dynamic object prediction. How-
ever, the inherent discrepancies in sampling frequency, latency, and timestamp resolution
between radar and camera sensors often lead to temporal inconsistencies in feature repre-
sentations. This discrepancy poses a significant challenge for modeling coherent trajectories
of dynamic objects and maintaining temporal stability in BEV-based inference.

To address these issues, we propose a TFM, which leverages the temporal continuity of
4D radar as the primary modality for motion modeling. TFM aggregates radar features from
multiple consecutive frames and encodes their temporal dynamics using a Transformer-
based sequence encoder. This design allows the network to model short-term motion
patterns and semantic continuity, thereby enhancing prediction stability across frames.

Let t denote the current timestamp, and let T represent the temporal window size.
We collect radar BEV features from T + 1 historical frames: {f(t−T)

radar , . . . , f(t)radar}, where each

f(t)radar is the Doppler-aware BEV feature output from the DARE module. Each frame also
includes time-compensated velocity vcomp

r and timestamp t metadata.
To capture temporal dependencies, the radar features are fed into a Transformer

encoder, formulated as:

Ht = TransformerEnc({f(t−T)
radar , . . . , f(t)radar}) (4)

The encoder consists of stacked self-attention layers that model intra-sequence correla-
tions, enabling the fusion of temporal information across frames. This mechanism captures
continuous motion trajectories and helps suppress transient noise or flickering artifacts
caused by occlusion or sparse detection.

The TFM module offers several distinct benefits:

• Temporal consistency modeling: Explicitly encodes the motion evolution of objects
across frames, improving trajectory continuity and temporal stability in predictions.

• Modality-aligned fusion: Works in parallel with image enhancement and radar encoding
modules, helping compensate for missing or degraded features in individual modalities.

• Flexible deployment: Supports adjustable window length T to balance modeling
complexity and real-time performance, making it adaptable to systems with varied
sensor frame rates.

• Robust dynamic feature encoding: Enhances the quality of BEV features under occlu-
sion, weak signals, or adverse weather, supporting more reliable semantic mapping
and object detection.
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By incorporating temporally enriched radar features into the fusion pipeline, the TFM
module significantly improves the temporal stability and robustness of the overall BEV
perception framework, particularly in dynamic and complex driving environments.

3.5. Multi-Task Loss Function Design

To achieve unified learning of BEV semantic segmentation, object detection, and
motion modeling, we formulate a composite multi-task loss function that supervises
distinct but complementary objectives within a joint training framework. This design
enables the network to learn both static scene semantics and dynamic target behaviors,
while improving overall robustness and convergence stability.

The total loss is defined as a weighted sum of three task-specific components:

L = λseg · Lseg + λmotion · Lmotion + λiou · LIoU (5)

Here, Lseg is the standard pixel-wise cross-entropy loss for BEV semantic segmenta-
tion; Lmotion includes a smooth L1 loss for regressing object-level velocity vectors and a
binary classification loss for predicting motion masks; and LIoU is an IoU-aware loss that
emphasizes detection quality for small objects and improves bounding box localization
accuracy, particularly for weak or distant targets.

Real-world scenarios often exhibit significant variance in feature quality and seman-
tic certainty across spatial regions, particularly in occluded, long-range, or low-visibility
areas. In practice, we apply a confidence-aware spatial weighting to Lmotion and LIoU

based on the motion probability Pmotion(x, y), which yields the weighted form summa-
rized in Algorithm 1. Specifically, the weights of Lmotion and LIoU are amplified in high-
motion regions (Pmotion > τ) to provide stronger supervision for dynamic targets and
boundary precision.

This mechanism enhances spatial adaptivity and task focus during training, leading to
faster convergence and improved generalization, especially under complex and cluttered
environmental conditions.

In summary, the proposed multi-task loss function jointly optimizes static semantic
understanding, fine-grained boundary modeling, and motion-aware dynamics, while
the confidence modulation strategy enables targeted supervision of uncertain or motion-
sensitive regions. Together, these contribute to a more robust and accurate BEV perception
system in real-world autonomous driving scenarios.

Algorithm 1 summarizes the full training procedure of the proposed BEV-based multi-
modal perception system, including heterogeneous sensor encoding, temporal modeling of
radar history, BEV-space fusion, fog-aware feature refinement, and multi-task prediction
with confidence-aware supervision.

Specifically, Step 1 extracts multi-view image features using ResNet50 with FPN.
Step 2 performs early fusion of Arbe and ARS548 radar point clouds and encodes points
via an MLP with Doppler-aware reweighting (DARE) to prioritize dynamic returns. Step 3
aggregates radar features over a temporal window using a Transformer encoder (TFM)
to improve temporal consistency. Step 4 lifts image features to BEV using deformable
attention and fuses them with motion-guided radar embeddings (MAFM). Step 5 mitigates
fog-induced degradation through residual enhancement and cross-modal attention (FADM),
producing a refined BEV representation. Step 6 predicts semantic maps, motion states, and
bounding boxes using a unified BEV head. Steps 7–8 compute task-specific losses and form
the final weighted objective.
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Algorithm 1: Multi-Modal BEV Perception with Multi-Task Loss

Input: Multi-view camera images {Ii}M
i=1; dual-radar point clouds RArbe, RARS;

radar history {f(t−k)
radar }T

k=0.
Output: BEV semantic map and dynamic object predictions; multi-task training

loss L.
// Step 1: Visual Feature Encoding

1 Fimg ← ResNet50+FPN({Ii});
// Step 2: Radar Feature Encoding (DARE)

2 R← RArbe ∪ RARS // Early fusion of radar sources;
3 foreach ri ∈ R do
4 ϕ(ri)← MLP(ri);
5 αi ← Softmax(ψ(vi

r)) // Velocity-aware gating;

6 f(t)radar ← ∑i αi · ϕ(ri);
// Step 3: Temporal Fusion (TFM)

7 Ht ← TransformerEnc({f(t−k)
radar }T

k=0);
// Step 4: BEV Projection and Fusion

8 Fimg
BEV ← DeformAttnLift(Fimg, Ht);

9 Ffused
BEV ← MotionAwareFusion(Fimg

BEV, Ht);
// Step 5: Feature Denoising under Fog

10 Fdenoise
BEV ← ResBlock(Ffused

BEV ) + XAttn(f(t)radar, Fimg
BEV);

// Step 6: Multi-Task Head Prediction
11 {ŷseg, vpred, mpred, bpred} ← BEVHead(Fdenoise

BEV );
// Step 7: Multi-Task Loss Computation

12 Lseg ← CrossEntropy(ŷseg, yseg);
13 Lmotion ← SmoothL1(vpred, vgt) + BCE(mpred, mgt);
14 LIoU ← IoULoss(bpred, bgt);

// Step 8: Confidence-Aware Weighted Loss
15 Pmotion ← σ(mpred) // Motion probability map from the mask branch;
16 w(x, y)← I[Pmotion(x, y) > τ] // High-motion indicator;
17 L ← λseg · Lseg + λmotion · (1 + γw)⊙Lmotion + λiou · (1 + γw)⊙LIoU;
18 return L;

4. Experiments
In this section, we validate the effectiveness of the proposed method on the Dual-

Radar dataset and under simulated adverse weather conditions. First, we introduce the
experimental setup, evaluation metrics, and implementation details. Then, we present
quantitative comparisons with state-of-the-art methods, comprehensive ablation studies,
and qualitative visualizations to further demonstrate the robustness and generalization
capability of our approach.

4.1. Experimental Setup
4.1.1. Datasets

We primarily evaluate the proposed method on the DualRadar dataset, which contains
synchronized multi-view RGB cameras, multiple 4D millimeter-wave radars (e.g., Arbe
and ARS548), and LiDAR sensors, covering a variety of urban driving scenarios. The
dataset also includes a range of environmental conditions such as clear, rainy, foggy, and
nighttime driving. Following prior research practices, we divide the dataset into training,
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validation, and test sets, ensuring that the scenes in each subset do not overlap to avoid
information leakage.

To evaluate the performance under extreme weather conditions, we augment Du-
alRadar dataset with data generated using FogSim (fog simulation) and rain simulation
techniques, ensuring the experimental evaluation covers conditions not encountered during
camera-only training.

While datasets like nuScenes are widely used benchmarks for multi-modal au-
tonomous driving, they predominantly feature conventional 3D automotive radars. Be-
cause the core methodological contributions of our proposed framework—specifically the
Doppler-Aware Radar Encoder (DARE) and Motion-Aware Fusion Module (MAFM)—rely
heavily on exploiting high-resolution Doppler velocity and multi-radar joint modeling
(Arbe and ARS548), our current empirical evaluation focuses exclusively on the DualRadar
dataset. Evaluating the generalizability of our framework by adapting it to standard 3D
radar benchmarks or emerging single-4D radar datasets remains a valuable direction for
our future work.

4.1.2. Dataset Split Protocol and Test-Set Reproducibility

To ensure strict reproducibility and avoid evaluation bias, we adopt a fixed scene-
level split of the DualRadar dataset into training, validation, and test subsets. The split is
performed at the scene/sequence level rather than the frame level, such that temporally
adjacent frames from the same driving sequence never appear in different subsets. This
protocol prevents information leakage caused by overlapping trajectories, repeated road
layouts, or highly correlated environmental conditions.

In our revised evaluation protocol, the validation set is used exclusively for hyper-
parameter tuning, model selection, and early stopping, while the final performance com-
parison is reported on the held-out test set only. No test samples are used during model
development. All compared baselines and the proposed method are trained and evaluated
under the exact same split configuration and preprocessing pipeline.

For transparency, we additionally report the numbers of scenes and frames in each
subset and will release the corresponding split file (or scene IDs) to facilitate independent
reproduction. To further verify result stability, we repeat the final test-set evaluation with
multiple random seeds and report the mean and standard deviation of the main metrics.

Table 2 summarizes the dataset partition used in this work. The split is performed
at the scene level to prevent temporal leakage across subsets, and the numbers of scenes,
sequences, and frames are reported for full reproducibility.

Table 2. DualRadar dataset split statistics used in this work.

Subset #Scenes #Sequences/Clips #Frames

Train 70 300 40,320
Val 20 86 11,376
Test 20 84 11,148

Total 110 470 62,844

4.1.3. Evaluation Metrics

To comprehensively evaluate perception quality, we adopt the following standard
evaluation metrics:

• Semantic Segmentation (mIoU): The mean Intersection-over-Union (mIoU) computed
on the BEV map across predefined semantic classes, such as road, lane, building,
and obstacles.
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• Object Detection (AP@0.5, AP@0.7, AR): Average Precision (AP) and Average Recall
(AR) at IoU thresholds of 0.5 and 0.7. These metrics help evaluate the trade-off between
precision and recall in detection tasks.

• Motion Estimation (EPE): The End-Point Error (EPE) for dynamic object prediction,
quantifying the deviation between predicted and ground truth velocity vectors, as-
sessing the model’s ability to track dynamic objects.

• Robustness Metrics: Performance drop under adverse weather conditions (such as fog
and rain) compared with nominal conditions. These metrics gauge the stability and
robustness of the perception system under degraded visibility.

All metrics are computed in the BEV coordinate frame and averaged over multiple
sequences to ensure the representativeness of the results.

4.1.4. Baselines

We compare the proposed method with the following state-of-the-art baselines:

• BEVFormer [25]: A transformer-based monocular BEV perception method.
• BEVDet [26]: A BEV perception method based on depth estimation, using voxel

aggregation strategies to enhance 3D understanding from camera images.
• BEVCar [11]: A camera–radar fusion baseline that introduces learning-based radar

point encoding and radar-guided feature lifting strategies for improved performance
under rain and nighttime conditions.

• M2-Fusion [28]: A LiDAR–radar fusion method for 3D object detection, particularly
focusing on robustness for distant and partially occluded targets.

• L4DR [29]: A multi-radar fusion method for adverse weather conditions, incorporating
radar-aware feature modeling and fog simulation strategies to improve performance
in low-visibility conditions.

To ensure strict experimental fairness and validate that the significant performance
improvements stem fundamentally from our architectural designs rather than training
discrepancies, all baseline models were re-implemented and trained from scratch under
rigorously controlled conditions. Specifically:

• Data Splits & Augmentation: All models utilized the exact same DualRadar dataset
splits (train/val/test) without any information leakage. A unified data augmenta-
tion pipeline (including random horizontal flipping, color jittering, and identical
FogSim/Rain simulations) was applied universally.

• Input Resolution: The multi-view camera input resolution was strictly unified at
1600× 900 across all vision-reliant baselines (BEVFormer, BEVDet, BEVCar, and Ours).

• Dual Radar Availability: To ensure a fair multi-modal comparison, radar-assisted
baselines originally designed for single or 3D radar (e.g., BEVCar, M2-Fusion, L4DR)
were adapted to receive the combined point clouds from both Arbe and ARS548
sensors. This guarantees they benefited from the exact same dense “dual radar”
information as our method.

• Hyperparameters: Optimization hyperparameters (e.g., batch size, learning rate sched-
ules) were carefully tuned for each baseline following their official codebase recommen-
dations to ensure optimal convergence, preventing any unfair comparisons against
undertrained models.

4.1.5. Implementation Details

We implement the proposed method using PyTorch 2.1.0 and train on 8 NVIDIA A100
GPUs. The input image resolution is set to 1600× 900. Multi-view image features are
extracted using a ResNet-50 backbone pretrained on ImageNet, followed by a Feature
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Pyramid Network (FPN) for multi-scale feature extraction. The radar encoder is initialized
randomly and trained end-to-end.

The temporal window size T is set to 5 frames through grid search. The loss weights
are selected as follows: λseg = 1.0, λmotion = 0.8, λiou = 1.2. The optimizer used is AdamW
with an initial learning rate of 1× 10−4 , a cosine annealing scheduler, and a batch size
of 16.

Data augmentation techniques include random horizontal flipping, color jittering for
images, and noise injection for radar point clouds.

4.2. Quantitative Results
4.2.1. Main Results

Table 3 shows the performance comparison of the proposed method and baselines on
the DualRadar validation set. Our approach significantly outperforms the camera-only and
radar fusion baselines across all metrics, especially under adverse weather conditions.

Table 3. Performance comparison on the DualRadar dataset.

Method mIoU AP@0.5 AP@0.7 Motion EPE

BEVFormer 45.3 42.8 31.2 1.85
BEVDet 48.1 45.5 34.7 1.78
BEVCar 52.8 51.2 39.0 1.65
M2-Fusion 50.7 49.8 37.5 1.72
L4DR 54.0 53.1 40.2 1.60
Ours 60.4 59.5 47.6 1.31

Our method shows a relative improvement of +7.6 mIoU over BEVCar and +6.4 AP@0.7
over L4DR, demonstrating the effectiveness of incorporating Doppler information and
temporal modeling for better dynamic object representation.

4.2.2. Robustness Under Adverse Weather

To rigorously evaluate the robustness of our framework, we measure its performance
under synthetic fog and rain conditions compared to normal (clear) weather. To avoid
ambiguity, Table 4 presents the absolute performance metrics under both normal and
adverse conditions alongside the relative drop rates.

As shown in Table 4, our method exhibits significantly less performance degradation
than the baselines. For instance, under fog simulation, the baseline BEVCar suffers a
severe relative mIoU drop of 17.5%, whereas our method explicitly mitigates modality
inconsistency via the Fog-Aware Feature Denoising Module (FADM), limiting the mIoU
drop to only 6.8%. Similar robustness trends are observed under rain conditions and across
object detection metrics, indicating that our dynamically modulated multi-modal fusion is
highly resilient to visual degradation.

4.3. Ablation Studies

We conduct ablation studies to quantify the contribution of each key component.
Starting from the full model, we evaluate four variants: (i) removing Doppler-guided
weighting in the radar encoder (w/o Doppler), (ii) disabling the temporal fusion module
(w/o TFM), (iii) removing the fog-aware feature denoising module (w/o FADM), and
(iv) disabling the confidence-aware loss weighting (w/o Confidence Weighting). The
results in Table 5 indicate that each component contributes to the final performance, and
removing any module leads to consistent degradation across segmentation, detection, and
motion metrics.
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Table 4. Performance and robustness evaluation under adverse weather (FogSim and Rain). Calcula-
tion Criteria: The relative drop rate is calculated as ∆ = Normal−Adverse

Normal × 100%. The Motion EPE is
reported as absolute error, where lower is better, hence its degradation is presented as an absolute
increase rather than a percentage drop.

Method Metric Normal Fog Simulation Rain Simulation
(Clear) Absolute Drop (∆ ↓) Absolute Drop (∆ ↓)

BEVCar
mIoU (%) 52.8 43.6 17.5% 45.0 14.8%
AP@0.5 (%) 51.2 41.4 19.2% 42.9 16.3%
Motion EPE 1.65 2.30 (+0.65) 2.18 (+0.53)

L4DR
mIoU (%) 54.0 47.5 12.1% 48.4 10.3%
AP@0.5 (%) 53.1 46.9 11.6% 47.3 10.9%
Motion EPE 1.60 2.05 (+0.45) 1.98 (+0.38)

Ours
mIoU (%) 60.4 56.3 6.8% 57.1 5.5%
AP@0.5 (%) 59.5 55.1 7.4% 55.9 6.1%
Motion EPE 1.31 1.62 (+0.31) 1.59 (+0.28)

Regarding the effect of noisy velocity estimates, it is critical to note that the raw 4D
radar measurements in the DualRadar dataset, captured in complex real-world driving
scenarios, inherently contain substantial Doppler noise (e.g., due to multipath reflections,
clutter, and imperfect ego-motion compensation).

Rather than conducting artificial noise-injection simulations, we investigate this effect
by analyzing the model’s behavior on this naturally noisy dataset. As demonstrated in
our ablation study (Table 5), the full model—which actively utilizes the velocity-guided
attention mechanism—achieves the highest performance (60.4 mIoU). When the Doppler
guidance is removed (w/o Doppler), the performance significantly degrades to 57.2 mIoU.

This performance gap provides strong empirical evidence regarding the effect of noise:
it proves that our learnable soft-gating function ψ(·) does not cause the network to be
misled by instantaneous velocity noise. Instead, it effectively extracts robust motion cues
from the inherently noisy raw measurements and correlates them with spatial embeddings,
thereby stabilizing and enhancing the entire perception pipeline.

Table 5. Ablation study on the DualRadar validation set.

Variant mIoU AP@0.7 Motion EPE

Full Model 60.4 47.6 1.31
w/o Doppler 57.2 44.3 1.45
w/o TFM 55.8 42.7 1.53
w/o FADM 56.5 43.8 1.47
w/o Confidence Weighting 58.3 45.9 1.39

4.4. Qualitative Analysis

In real-world scenarios, millimeter-wave radar is physically highly resilient to pure
fog compared to optical sensors. However, complex adverse weather often involves com-
pounding factors—such as heavy rain, condensation or mud blocking the sensor radome,
and extreme multipath interference—which can collectively induce signal attenuation and
point sparsity.

To rigorously evaluate the extreme robustness of our proposed framework, we sub-
jected the radar point clouds to a synthetic degradation model (originally parameterized as
FogSim levels 0 to 0.03, functioning here as a generic adverse-weather stress test). Figure 2
visualizes the radar point-cloud returns under increasing degradation intensity.

https://doi.org/10.3390/electronics15061284
44



Electronics 2026, 15, 1284

• Increasing sparsity and noise: As the degradation intensity increases, we intentionally
randomly drop point returns and inject spatial noise to simulate worst-case hardware
blockage or severe rain attenuation. This significantly reduces the amount of usable
radar evidence, raising the difficulty of downstream tracking.

• Target ambiguity and disappearance: Under extreme simulation levels (e.g., level
0.03), backscattered measurements for certain distant targets are heavily suppressed,
causing object contours to become ambiguous or disappear entirely.

By artificially forcing the radar data into such degraded states, we demonstrate that
our Fog-Aware Feature Denoising Module (FADM) and temporal fusion mechanisms
can still maintain highly reliable BEV perception even when both the camera and radar
modalities are severely compromised.

4.5. Limitations and Failure Cases

While the proposed multi-modal framework significantly improves BEV perception
robustness under adverse weather conditions, it still exhibits certain limitations in extreme,
highly complex environments. Through qualitative analysis of our evaluation results, we
identify two primary failure modes:

• Extreme Multipath Interference in Confined Spaces: In scenarios such as tunnels or
urban canyons with dense metallic infrastructure (e.g., surrounding large trucks),
the 4D radar signals suffer from severe multipath reflections. This can generate
“ghost” Doppler signatures. If the camera simultaneously fails due to low illumination,
the Motion-Aware Fusion Module (MAFM) might incorrectly aggregate these ghost
signals, occasionally leading to false positive object detections.

• Complete Occlusion of Small Dynamic Targets: Both radar and camera are line-of-
sight sensors. When a small dynamic object (e.g., a pedestrian or cyclist) is completely
occluded by a large opaque obstacle (e.g., a bus) in dense traffic, the radar point
cloud becomes entirely void in that region. Our temporal fusion (TFM) can predict
short-term trajectories based on history, but if the occlusion persists over an extended
temporal window, the system inevitably loses track of the target.

Addressing these limitations requires exploring non-line-of-sight sensing capabilities
(e.g., V2X communication) and integrating uncertainty estimation mechanisms to dynam-
ically reject highly ambiguous radar multi-path artifacts, which remains a focus for our
future work.

4.6. Complexity Analysis and Practical Applicability

Since practical autonomous driving systems require not only high perception accuracy
but also stable real-time execution, we further evaluate the deployment efficiency of the
proposed framework. Specifically, we report the number of parameters, FLOPs, peak GPU
memory consumption, average inference latency, and frames per second (FPS) under a
unified inference setting.

All measurements are conducted on a single NVIDIA A100 GPU with batch size 1,
input resolution 1600 × 900, and temporal window length T = 5, consistent with the
default implementation setting used in our experiments. To ensure fairness, all compared
methods are benchmarked under the same hardware and software environment. Latency
and FPS are averaged over repeated runs after warm-up, and peak memory is measured
during inference.
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(a) No fog (Fog0)

(b) Light fog (Fog0.01)

(c) Moderate fog (Fog0.02)

(d) Dense fog (Fog0.03)

Figure 2. Qualitative visualization of simulated radar point-cloud degradation under increasing
synthetic degradation intensity.

https://doi.org/10.3390/electronics15061284
46



Electronics 2026, 15, 1284

Table 6 summarizes the overall efficiency-performance trade-off. Although the pro-
posed method introduces additional computation, it provides substantially stronger BEV
segmentation and detection performance while maintaining a practically deployable in-
ference speed. In particular, the measured FPS and latency indicate that the method is
suitable for near-real-time perception pipelines, especially in safety-critical scenarios where
robustness under adverse weather is more important than pursuing the absolute highest
frame rate.

To further clarify the source of computational overhead, Table 7 reports the incremental
cost of each proposed module. The additional computational overhead mainly comes from
two sources: (1) the Transformer-based temporal fusion over a history window of T = 5
frames, and (2) the cross-modal attention used in the fog-aware denoising module. In
contrast, the Doppler-aware radar encoder (DARE) introduces only lightweight overhead,
since it operates on sparse radar features with shared MLP layers.

Overall, these results demonstrate that the proposed framework improves robustness
in a structured and cost-effective manner rather than relying on excessive model scaling,
providing a strong basis for practical applicability.

Table 6. Complexity and real-time performance comparison on the DualRadar validation set. All
methods are benchmarked on a single NVIDIA A100 GPU with batch size 1 and input resolution
1600× 900.

Method Params (M) FLOPs (G) Peak Mem. (GB) Latency (ms) FPS mIoU (%) AP@0.7 (%)

BEVFormer 69.4 412.7 6.8 84.5 11.8 45.3 31.2
BEVDet 48.6 286.3 5.1 52.4 19.1 48.1 34.7
BEVCar 55.2 318.9 5.7 58.6 17.1 52.8 39.0
L4DR 61.8 347.5 6.2 64.3 15.6 54.0 40.2
Ours 66.1 365.4 6.5 68.9 14.5 60.4 47.6

Table 7. Incremental efficiency and performance analysis of the proposed modules.

Variant Params (M) FLOPs (G) Peak Mem.
(GB) Latency (ms) FPS mIoU (%) AP@0.7 (%)

Baseline backbone 52.4 301.7 5.3 55.1 18.1 53.1 38.4
+ DARE 56.8 323.9 5.7 59.4 16.8 55.8 41.6
+ TFM 62.7 351.6 6.1 65.7 15.2 58.7 45.1
+ FADM (Full model) 66.1 365.4 6.5 68.9 14.5 60.4 47.6

5. Conclusions
In this work, we present a novel multi-modal BEV perception framework that ef-

fectively integrates multi-view camera imagery with dual 4D millimeter-wave radar
data to achieve robust scene understanding and dynamic object modeling. The pro-
posed architecture addresses key limitations of existing vision-centric and radar-assisted
BEV methods, particularly in the presence of occlusion, motion ambiguity, and adverse
weather conditions.

We design a comprehensive pipeline composed of four essential modules: (1) a
Doppler-Aware Radar Encoder (DARE) for motion-adaptive radar feature representa-
tion, (2) a Fog-Aware Feature Denoising Module (FADM) for cross-modal enhancement in
degraded visibility, (3) a Transformer-based Multi-Modal Temporal Fusion Module (TFM)
for capturing motion continuity, and (4) a confidence-aware multi-task loss formulation
that dynamically weights task contributions based on spatiotemporal uncertainty. Each
component is explicitly tailored to address sensor heterogeneity, temporal misalignment,
and scene-level degradation.
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Empirical results on the DualRadar dataset, including fog and rain simulations, vali-
date the superiority of our method over strong camera-only and multi-modal baselines.
Our model demonstrates significantly higher mIoU and AP under normal and adverse
conditions, while maintaining low endpoint error in motion prediction. Ablation studies
further confirm the individual contributions of Doppler modeling, temporal encoding, and
weather-aware enhancement.

Future work includes extending this architecture to incorporate additional sensor
modalities (e.g., LiDAR), adapting the framework for cross-dataset evaluation on various
radar benchmarks, deploying in real-time settings, and exploring uncertainty estimation
for safety-critical applications in autonomous driving.

Author Contributions: Conceptualization, Z.L. and B.S.; methodology, Z.L.; software, Z.L.; validation,
Z.L. and B.S.; formal analysis, Z.L.; investigation, Z.L.; resources, B.S.; data curation, Z.L.; writing—
original draft preparation, Z.L.; writing—review and editing, B.S.; visualization, Z.L.; supervision,
B.S. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: All data in this study come from relevant open-source datasets in the
field of autonomous driving.

Acknowledgments: The authors wish to thank the anonymous referees for the constructive request.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Liu, Z.; Tang, H.; Amini, A.; Yang, X.; Mao, H.; Rus, D.L.; Han, S. BEVFusion: Multi-Task Multi-Sensor Fusion with Unified

Bird’s-Eye View Representation. In Proceedings of the IEEE International Conference on Robotics and Automation (ICRA), London, UK,
29 May–2 June 2023; IEEE: New York, NY, USA, 2023; pp. 2774–2781.

2. Hu, Y.; Yang, J.; Chen, L.; Li, K.; Sima, C.; Zhu, X.; Chai, S.; Du, S.; Lin, H.; Wen, W.; et al. Planning-oriented autonomous driving.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Vancouver, BC, Canada,
17–24 June 2023; pp. 17853–17862.

3. Li, Y.; Ge, Z.; Yu, G.; Yang, J.; Wang, Z.; Shi, Y.; Sun, J.; Li, Z. BEVDepth: Acquisition of reliable depth for multi-view 3D object
detection. In Proceedings of the AAAI Conference on Artificial Intelligence (AAAI), Washington, DC, USA, 7–14 February 2023;
Volume 37, pp. 1477–1485.

4. Liu, Y.; Wang, T.; Zhang, X.; Sun, J. PETR: Position embedding transformation for multi-view 3D object detection. In Proceedings
of the European Conference on Computer Vision (ECCV), Tel Aviv, Israel, 23–27 October 2022; pp. 531–548.

5. Wang, Y.; Guizilini, V.C.; Zhang, T.; Wang, Y.; Zhao, H.; Solomon, J. DETR3D: 3D object detection from multi-view images via
3D-to-2D queries. In Proceedings of the Conference on Robot Learning (CoRL), London, UK, 8–11 November 2021; pp. 180–191.

6. Sakaridis, C.; Dai, D.; Van Gool, L. ACDC: The adverse conditions dataset with correspondences for semantic driving scene
understanding. In Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV), Montreal, QC, Canada,
11–17 October 2021; pp. 10765–10775.

7. Sun, T.; Segu, M.; Postels, J.; Wang, Y.; Van Gool, L.; Schiele, B.; Tombari, F.; Yu, F. SHIFT: A synthetic driving dataset for continuous
multi-task domain adaptation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
New Orleans, LA, USA, 18–24 June 2022; pp. 21371–21382.

8. Xie, S.; Kong, L.; Zhang, W.; Ren, J.; Pan, L.; Chen, K.; Liu, Z. RoboBEV: Towards robust bird’s-eye view perception under
corruptions. arXiv 2023, arXiv:2304.06719.

9. Lin, Z.; Liu, Z.; Xia, Z.; Wang, X.; Wang, Y.; Qi, S.; Man, Y.; Zhu, C. RCBEVDet: Radar-camera fusion in bird’s-eye view for 3D
object detection. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA,
USA, 17–21 June 2024; pp. 14928–14937.

10. Zhao, Y.; Zhang, L.; Deng, J.; Zhang, Y. BEV-Radar: Bidirectional radar-camera fusion for 3D object detection. J. Univ. Sci. Technol.
China 2024, 54, 0101. [CrossRef]

https://doi.org/10.3390/electronics15061284
48



Electronics 2026, 15, 1284

11. Schramm, J.; Vödisch, N.; Petek, K.; Kiran, B.R.; Yogamani, S.; Burgard, W.; Valada, A. BEVCar: Camera-radar fusion for BEV map
and object segmentation. In Proceedings of the IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS),
Abu Dhabi, United Arab Emirates, 14–18 October 2024; pp. 1435–1442.

12. Kim, J.; Seong, M.; Choi, J.W. CRT-Fusion: Camera, radar, temporal fusion using motion information for 3D object detection. Adv.
Neural Inf. Process. Syst. 2024, 37, 108625–108648.

13. Palladin, E.; Dietze, R.; Narayanan, P.; Bijelic, M.; Heide, F. SAMFusion: Sensor-adaptive multimodal fusion for 3D object detection
in adverse weather. In Proceedings of the European Conference on Computer Vision (ECCV), Milan, Italy, 29 September–4
October 2024; pp. 484–503.

14. Xie, S.; Kong, L.; Zhang, W.; Ren, J.; Pan, L.; Chen, K.; Liu, Z. Benchmarking and improving bird’s-eye-view perception robustness
in autonomous driving. IEEE Trans. Pattern Anal. Mach. Intell. 2025, in press.

15. Fan, L.; Wang, J.; Chang, Y.; Li, Y.; Wang, Y.; Cao, D. 4D mmWave radar for autonomous driving perception: A comprehensive
survey. IEEE Trans. Intell. Veh. 2024, 9, 4606–4620. [CrossRef]

16. Zhang, K.; Meng, X.; Wang, Q. A review of recent advancements and applications of 4D millimeter-wave radar in smart highways.
Urban Lifeline 2025, 3, 15. [CrossRef]

17. Kong, B.; Shen, H.; Wang, J.; Ali, M.Z.; Teague, K.R.; Yu, C.; Chen, J.Y.C.; Torlak, A.; Wang, D. A survey of mmWave radar-based
sensing in autonomous vehicles, smart homes, and industry. IEEE Commun. Surv. Tut. 2025, 27, 463–508. [CrossRef]

18. Yao, S.; Guan, R.; Huang, X.; Li, Z.; Sha, X.; Lim, E.G.; Seo, H.; Man, K.L.; Zhu, X.; Yue, Y. Radar-camera fusion for object detection
and semantic segmentation in autonomous driving: A comprehensive review. IEEE Trans. Intell. Veh. 2024, 9, 2094–2128.

19. Zhou, C.; Yuan, Y.; Zhao, Y.; Zhang, A.; Wang, J.; Wang, C.; Liu, C. Bridging the view disparity between radar and camera features
for multi-modal fusion 3-D object detection. IEEE Trans. Intell. Veh. 2023, 8, 1523–1535. [CrossRef]

20. Zheng, W.; Gao, Y.; Chen, S.; Guo, J.; Zhang, L.; Wang, Y.; Gao, H.; Ding, H. Fusing 4-D radar and camera with view transformation
and feature interaction for 3-D object detection. IEEE Trans. Instrum. Meas. 2023, 72, 8503814. [CrossRef]

21. Bai, X.; Yu, Z.; Zheng, L.; Zhang, X.; Zhou, Z.; Zhang, X.; Wang, F.; Bai, J.; Shen, H.L. SGDet3D: Semantics and geometry fusion
for 3D object detection using 4D radar and camera. IEEE Robot. Autom. Lett. 2025, 10, 828–835. [CrossRef]

22. Zhang, X.; Wang, L.; Chen, J.; Fang, C.; Yang, G.; Wang, Y.; Yang, L.; Song, Z.; Liu, L.; Zhang, X.; et al. Dual Radar: A multi-modal
dataset with dual 4D radar for autonomous driving. Sci. Data 2025, 12, 439. [PubMed]

23. Lu, C.; van de Molengraft, M.J.G.; Dubbelman, G. Monocular semantic occupancy grid mapping with convolutional variational
encoder–decoder networks. IEEE Robot. Autom. Lett. 2019, 4, 445–452. [CrossRef]

24. Roddick, T.; Cipolla, R. Predicting semantic map representations from images using pyramid occupancy networks. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 13–19 June 2020;
pp. 11138–11147.

25. Li, Z.; Wang, W.; Li, H.; Xie, E.; Sima, C.; Lu, T.; Dai, J. BEVFormer: Learning bird’s-eye-view representation from LiDAR-camera
via spatiotemporal transformers. IEEE Trans. Pattern Anal. Mach. Intell. 2024, 46, 298–312. [CrossRef] [PubMed]

26. Huang, J.; Huang, G.; Zhu, Z.; Ye, Y.; Du, D. BEVDet: High-performance multi-camera 3D object detection in bird-eye-view. arXiv
2021, arXiv:2112.11790.

27. Schumann, O.; Hahn, M.; Dickmann, J.; Wöhler, C. Semantic segmentation on radar point clouds. In Proceedings of the 21st
International Conference on Information Fusion (FUSION), Cambridge, UK, 5–8 July 2018; pp. 2179–2186.

28. Wang, L.; Zhang, X.; Li, J.; Xu, B.; Fu, R.; Chen, H.; Yang, L.; Jin, D.; Zhao, L. Multi-modal and multi-scale fusion 3D object
detection of 4D radar and LiDAR for autonomous driving. IEEE Trans. Veh. Technol. 2023, 72, 5628–5641. [CrossRef]

29. Huang, X.; Xu, Z.; Wu, H.; Wang, J.; Xia, Q.; Xia, Y.; Wang, C. L4DR: LiDAR-4D radar fusion for weather-robust 3D object
detection. In Proceedings of the AAAI Conference on Artificial Intelligence (AAAI), Philadelphia, PA, USA, 27 February–4 March
2025; Volume 39, pp. 3806–3814.

30. Xiong, W.; Liu, J.; Huang, T.; Han, Q.L.; Xia, Y.; Zhu, B. LXL: LiDAR excluded lean 3D object detection with 4D imaging radar and
camera fusion. IEEE Trans. Intell. Veh. 2024, 9, 79–92. [CrossRef]

31. Liu, H.; Liu, J.; Jiang, G.; Jin, X. MSSF: A 4D radar and camera fusion framework with multi-stage sampling for 3D object detection
in autonomous driving. IEEE Trans. Intell. Transp. Syst. 2025, 26, 8641–8656. [CrossRef]

32. Hahner, M.; Sakaridis, C.; Dai, D.; Van Gool, L. Fog simulation on real LiDAR point clouds for 3D object detection in adverse
weather. In Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV), Montreal, QC, Canada,
11–17 October 2021; pp. 15283–15292.

33. Barnes, D.; Gadd, M.; Murcutt, P.; Newman, P.; Posner, I. The Oxford Radar RobotCar Dataset: A radar extension to the Oxford
RobotCar Dataset. In Proceedings of the IEEE International Conference on Robotics and Automation (ICRA), Paris, France,
31 May–31 August 2020; pp. 6433–6438.

https://doi.org/10.3390/electronics15061284
49



Electronics 2026, 15, 1284

34. Caesar, H.; Bankiti, V.; Lang, A.H.; Vora, S.; Liong, V.E.; Xu, Q.; Krishnan, A.; Pan, Y.; Baldan, G.; Beijbom, O. nuScenes: A
multimodal dataset for autonomous driving. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), Seattle, WA, USA, 13–19 June 2020; pp. 11621–11631.

35. Palffy, A.; Pool, E.; Baratam, S.; Kooij, J.F.; Gavrila, D.M. Multi-class road user detection with 3+1D radar in the View-of-Delft
dataset. IEEE Robot. Autom. Lett. 2022, 7, 4961–4968. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/electronics15061284
50



Article

A Hybrid Ensemble-Based Intelligent Decision Framework for
Risk-Aware Photovoltaic Panel Soiling Detection and Cleaning
Bakht Muhammad Khan 1, Abdul Wadood 1,2,*, Hani Albalawi 1,2,*, Shahbaz Khan 1, Aadel Mohammed Alatwi 1,2

and Omar H. Albalawi 3

1 Renewable Energy and Environmental Technology Center, University of Tabuk, Tabuk 47913, Saudi Arabia;
bakht@ut.edu.sa (B.M.K.); shahbaz@ut.edu.sa (S.K.); aadel.alatwi@ut.edu.sa (A.M.A.)

2 Electrical Engineering Department, Faculty of Engineering, University of Tabuk, Tabuk 47913, Saudi Arabia
3 Industrial Engineering Department, Faculty of Engineering, University of Tabuk, Tabuk 47913, Saudi Arabia;

oalbalawi@ut.edu.sa
* Correspondence: wadood@ut.edu.sa (A.W.); halbala@ut.edu.sa (H.A.)

Abstract

Soiling of solar panels has a considerable impact on the performance of photo voltaic (PV)
systems, emphasizing the importance of developing reliable decision support tools for
solar panel cleaning. Although recent convolutional neural network (CNN)-based models,
including lightweight architectures such as SolPowNet, have demonstrated high classifica-
tion accuracy, their performance can be sensitive to dataset variability and domain shifts
encountered in real-world PV environments. Motivated by the lightweight design philoso-
phy of SolPowNet, this paper proposes a hybrid and ensemble-based intelligent cleaning
decision framework that integrates classical image processing, machine learning, and deep
learning techniques. The proposed approach combines physically interpretable handcrafted
texture and sharpness features classified using a Random Forest model with a pretrained
MobileNetV3-Small CNN through a conservative OR-based ensemble fusion strategy. In
addition, a probability-driven Soiling Index (SI) is introduced to translate classification
confidence into actionable cleaning decisions, including no cleaning, light cleaning, and
full cleaning. Experimental results on multiple PV image datasets demonstrate that, under
domain-shift conditions where individual models may experience performance degrada-
tion, the proposed ensemble framework achieves an accuracy of up to 85.93% and attains a
dusty-panel detection rate of 0.90 on the unseen dataset. On the in-distribution evaluation,
the proposed OR-ensemble achieves an average accuracy of 0.9663 ± 0.0177 with dusty
recall of 0.9896 ± 0.0104 over repeated stratified runs. Importantly, the conservative fusion
strategy minimizes high-risk false negative cases while avoiding excessive misclassification
of clean panels. Overall, the proposed framework offers a robust, scalable, and deployment-
ready solution for intelligent PV cleaning decision support, advancing CNN-based soiling
detection toward practical and risk-aware operation and maintenance systems.

Keywords: photovoltaic panel soiling; intelligent cleaning decision; ensemble learning;
MobileNetV3-Small; Random Forest; risk-aware classification; computer vision for PV
systems; condition-based maintenance

1. Introduction
The depletion of fossil fuel resources and their adverse environmental impacts have

accelerated the global transition toward renewable energy sources. Among the available
alternatives, solar energy has emerged as one of the most promising solutions due to
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its sustainability, widespread availability, and critical role in ensuring long-term energy
security. PV technology, which directly converts solar radiation into electrical energy,
has consequently experienced rapid growth, shown in Figure 1, with the global installed
capacity projected to exceed 8000 GW by 2050 [1].

Figure 1. Global rise in electricity power installation using renewable energy sources. The statistics
are taken from https://www.irena.org (accessed on 7 January 2026).

Despite all these advantages, the operational efficiency of PV systems is highly sen-
sitive to environmental factors. Prolonged exposure to dust, sand, air pollution, rainfall
residues, and changes in meteorological conditions causes soiling of the PV panels. Soil-
ing causes the loss of incident solar radiation and hence affects the efficiency of the PV
system [2]. It has been observed in various studies that the efficiency loss of PV systems
due to soiling varies between 10 and 60% [3]. Such extreme losses have been observed in
different geographical locations. In Saudi Arabia, 50% efficiency loss has been observed in
six months [4]. In Nepal, 76% efficiency loss has been observed in 29 months [5]. In India,
30% efficiency loss has been observed in two months [6]. In Kuwait, 65% efficiency loss
has been observed in two months [7]. In addition to efficiency loss, soiling of PV panels
causes the trapping of moisture, leading to corrosion and structural degradation of the
panels [8]. Figure 2 shows various types of dirt accumulated on solar panels.

Figure 2. Various types of dirt and birds waste found on solar panels.
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All these effects, collectively, underscore the need to ensure effective monitoring,
timely cleaning, and effective maintenance strategies for large-scale solar power plant
installations. However, it is not practical to use conventional methods such as image
processing and cleaning strategies for solar power plant installations due to their high costs,
labour requirements, and scalability. Hence, image processing and AI-based monitoring
systems have drawn considerable attention as a cost-effective solution to monitor solar
power plant conditions [9]. This is to ensure intelligent scheduling strategies to reduce
energy production costs. Recent advances in image processing and AI have made significant
contributions to various applications, including surveillance, disease detection, and medical
image analysis [6]. Similarly, image processing and AI have made significant contributions
to solar power plant monitoring. Specifically, CNN models have shown promising potential
to learn discriminative features from images to detect soiling on solar panel surfaces.
However, most state-of-the-art models have a large number of parameters to be trained,
which may require significant computational resources, such as GPUs. Moreover, the
model architecture and classification-oriented outputs may not be suitable for risk-based
decision-making [10,11].

In order to overcome these challenges, lightweight CNN architectures have been
proposed to reduce the computational cost while achieving reasonable classification per-
formance. Among these, SolPowNet proposed an efficient CNN architecture specifically
designed for solar panel dust detection, which showed promising results under controlled
experimental conditions. However, it is observed that most CNN-based methods proposed
so far use a single CNN model to perform classification on the given dataset, with limited
focus on predicting the cleanliness level of the solar panels. Moreover, these methods do
not use prediction confidence to make decisions. These limitations restrict the applicability
of CNN-based methods to real-world PV operation and maintenance scenarios. With these
observations in mind, this paper proposes an intelligent cleaning decision framework that
is inspired by the SolPowNet architecture. The proposed framework utilizes the benefits of
classical image processing techniques, machine learning methods, and lightweight deep
learning architectures. The proposed system uses physically interpretable handcrafted
features to represent the intuitive soiling features, while the high-level semantic features are
represented using a lightweight CNN architecture. Unlike existing CNN-based methods,
the proposed system uses an ensemble approach to make decisions, thereby reducing
high-risk classification.

1.1. Paper Contributions

The main contributions of this research work are briefly summarized as follows:

• A hybrid ensemble method that combines a handcrafted feature-based Random Forest
classifier and a lightweight CNN architecture, namely MobileNetV3-Small, to enhance
the robustness of soiling detection results.

• A conservative OR-based ensemble fusion method that ensures minimal false negatives
in dusty-panel detection, which is critical in PV maintenance decision-making.

• A probability-based SI that utilizes confidence probability to inform decision-making
in PV panel maintenance, including no cleaning, light cleaning, and heavy cleaning,
which redefines soiling detection as decision-making rather than classification.

• Experimental evaluation of the proposed method on various PV panel image datasets
to demonstrate improved reliability in dusty panel detection and decision-making
under different environmental conditions.

Novelty and innovation: While several existing methods report high classification
accuracy, their primary focus is typically on classifier performance under a fixed dataset
setting. The novelty of this work is the introduction of a risk-aware maintenance deci-
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sion framework that (i) integrates physically interpretable handcrafted features with a
lightweight CNN to exploit complementary cues, (ii) employs a conservative OR-based
fusion rule specifically designed to reduce maintenance-critical missed soiling events (false
negatives), and (iii) converts probabilistic confidence into an actionable Soiling Index
(SI) with explicit cleaning thresholds. Together, these design choices emphasize mainte-
nance outcomes and deployment-oriented decision support, rather than only maximizing
headline accuracy.

Risk-aware problem statement: In PV operation and maintenance, the cost of a false
negative (dusty panel predicted as clean) is typically higher than that of a false positive,
because missed soiling can delay cleaning and cause cumulative energy loss. Therefore,
the objective of this work is to design a soiling detection system that explicitly prioritizes
reducing dusty false negatives (i.e., improving dusty recall) while maintaining acceptable
overall classification performance.

Hypothesis (risk-aware fusion): Because handcrafted texture–sharpness features (RF
branch) and CNN features respond differently to environmental and imaging variations,
fusing the two branches using a conservative OR-based ensemble rule (flagging dusty
if either model predicts soiling) will reduce missed soiling events (false negatives) and
improve dusty-panel recall, thereby providing more reliable maintenance-oriented cleaning
decisions when combined with the probability-driven Soiling Index (SI).

1.2. Paper Roadmap

The rest of this paper is organized as follows. Section 2 discusses the relevant literature
on solar panel soiling detection and intelligent monitoring systems. Section 3 introduces
the proposed hybrid ensemble approach along with its architectural components. Section 4
introduces the experiment design along with the evaluation approach. Section 5 contains a
detailed discussion of the results. Section 6 concludes the paper and presents directions for
future research.

2. Related Work
In recent years, various image processing and deep learning-based techniques have

been extensively researched and explored for the purpose of automatic evaluation of PV
panel cleanliness. CNN architectures have been found to possess excellent potential in
learning discriminative features from images of PV panels and classifying them into clean
and dusty panels quickly and accurately. Such developments in this field have greatly
aided in the automation of monitoring and maintenance activities in solar power plants,
and this has resulted in an increased interest in this field of research. Various studies were
conducted on developing a deep learning framework for the purpose of detecting and
classifying dust on solar panels. Sun et al. used a YOLO-based architecture for improving
the detection of dust pollution on PV panels, and it was found to perform better in terms of
accuracy and speed compared to conventional deep learning models. The precision and
recall of this model were 89.71% and 90.23%, respectively, making it highly suitable for
practical applications [12]. In addition to this, some studies were conducted to explore
the physical effects of dust on solar panels using experimental measurements. Maghami
et al. conducted comparative experiments using two identical PV panels, one of which was
cleaned and the other left uncleaned, and it was found that an energy loss of 11.61 kWh
occurred in the uncleaned panel, thereby validating the direct proportionality between
dust and power loss [13].

In addition to this, various studies have focused on combining deep learning with
traditional machine learning paradigms to create a hybrid model that leverages CNN
features and traditional machine learning classification algorithms. Mehta and Singh
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created a CNN–SVM model that utilized a CNN to obtain deep features and then employed
a support vector machine classifier to classify those features. This model was able to achieve
95% accuracy even when subjected to adverse environmental conditions while keeping the
implementation costs low [14]. Ghosh et al. employed a CNN model inspired by AlexNet
to detect dust on solar panels and was able to achieve 85% accuracy, thus proving that CNN
can be employed to automate PV cleaning processes [15]. Other more complex architectures
combine residual learning and attention mechanisms with physics-informed approaches to
achieve higher robustness and accuracy. Fan et al. created a residual network model that
was enhanced with image preprocessing capabilities and was thus able to achieve an R2

accuracy of 78.7% and a mean absolute error of 3.67%, thus proving to be more accurate
than other such models [16]. Bashirr et al. created a model that combined CNN with a
Random Forest classifier and was thus able to achieve 98% accuracy by first converting
characteristics of an electric I–V curve into an RGB image and then extracting features
using a CNN model [17].

Apart from fixed camera image analysis techniques, various drone-assisted and sensor-
based vision techniques have been proposed in the recent literature for large-scale PV sys-
tem monitoring. In this context, various techniques have been proposed that use unmanned
aerial vehicles (UAVs), cameras, and computer vision techniques for the automation of data
acquisition and analysis for large-scale solar farms. Some specific techniques proposed
in the literature include cell-level soiling analysis techniques, hybrid CNN-tree-based
techniques, attention-based CNN-Transformer techniques, and physics-informed deep
learning techniques. A comparative summary of various techniques proposed in the recent
literature is given in Table 1.

Table 1. Summary of representative studies on PV panel soiling detection and analysis.

Study Methodology Key Contributions Reported Performance

Dust Accumulation Analysis
on Desert Solar Panels: A

CNN–Transformer
Approach [18]

CNN with attention
mechanisms and

Transformer layers using
transfer learning and
data augmentation

Lightweight fusion
architecture robust to

illumination variability
and suitable for embedded

systems

Accuracy: 98%

Deep Learning-Based
Detection of Solar Panel

Condition in Power Plants [19]

Histogram equalization
preprocessing combined

with deep learning
classification

Real-time dust detection
implemented using an

AI-enabled drone platform
F1-score: 97%

Efficient Combination of Deep
Learning and Tree-Based

Models for Solar Panel Dust
Detection [20]

Hybrid framework
combining

CNN/ViT-based feature
extraction with Random

Forest and XGBoost
classifiers

Enhances dust detection
performance through

feature fine-tuning and
ensemble-based tree

classification

Accuracy: 97%

Solar Panel Dust Detection
Using Deep Learning

Models [21]

CNN-based feature
extraction followed by

SVM classification

Comparative evaluation of
VGG, ResNet, DenseNet,
MobileNet, Xception, and

NASNet architectures

Accuracy: 96.5%, Loss:
0.083

A Novel Vision-Based
Technique for Dust and Soil
Detection on PV Panels [22]

RGB image analysis
using HSV colour space

and GLCM texture
features with linear

classification

Cost-effective dust
detection using standard

camera sensors and
handcrafted features

Accuracy: 82%
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Table 1. Cont.

Study Methodology Key Contributions Reported Performance

Dust Accumulation and
Aggregation on PV Panels [23]

Mathematical modelling
of dust impact on PV
output and cleaning

efficiency

Integrates soiling loss
indices, power derating

factors, and bilinear power
models for cleaning

assessment

Cleaning efficiency up
to 90%

Experimental Study of Dust
Deposition and Cleaning
Effects on PV Panels [24]

Physics-informed deep
neural network

integrating irradiation,
temperature, and

pollution parameters
with visual features

Combines physical
constraints with

data-driven learning for
accurate energy efficiency

prediction

Energy prediction
error < 3%

CNN-Based Dust Detection
with Economic Benefit

Analysis [25]

Adam-optimized CNN
models including

ResNet-18, VGG-16, and
MobileNetV2

Unified optimization
framework incorporating

warm-up and cosine
annealing strategies

Performance reported
across multiple

CNN architectures

Cell-Resolved PV Soiling
Measurement Using Drone

Images [26]

Drone-based RGB image
acquisition combined
with optical–electrical

correlation analysis

Enables visualization and
quantification of cell-level

soiling losses validated
through electrical

measurements

RMSE ≈ 1%

Despite these advances, most existing methods emphasize classification accuracy
without explicitly addressing decision confidence or the operational risks associated with
false negative soiling detections.

3. Proposed Hybrid Ensemble Framework
In this section, a SolPowNet-inspired hybrid and ensemble-based intelligent cleaning

decision framework is presented for the automatic detection of dust on PV panels, with the
overall workflow illustrated in Figure 3.

The section first describes the datasets used in this study, highlighting their main
characteristics, class distributions, and variability in environmental and imaging conditions,
which form the basis for training, validation, and independent testing. It then introduces
the core components of the proposed framework, including a classical image processing
branch that extracts handcrafted texture, sharpness, and statistical features and classifies
them using a Random Forest model, alongside a lightweight deep learning branch based
on transfer learning that employs a convolutional neural network for high-level feature
extraction from RGB images. The “complementary” nature of these two branches is
exploited through the implementation of a conservative ensemble fusion strategy with the
aim of increasing robustness while minimizing the likelihood of risky misclassification,
especially with regard to the misclassification of soiled panels as clean. Additionally, the
formulation of a probability-driven SI is presented with the aim of mapping model outputs
to actionable cleaning decisions, namely no cleaning, light cleaning, and full cleaning,
thereby effectively transforming the soiling detection problem from a binary classification
one to a more applicable one. Lastly, the criteria employed in the performance evaluation
are presented, namely accuracy, precision, recall, F1-score, confusion matrix analysis, with
special emphasis being given to the reliable detection of dusty panels.
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Figure 3. Proposed hybrid ensemble framework work flow.

3.1. Effect of Dust on Light Attenuation in PV Panels

The electrical performance of PV panels is directly influenced by the amount of solar
irradiance reaching the cell surface. Under standard operating conditions, the output
power of a PV module can be expressed as [27]:

Pout = PSTC ×
G

GSTC
× [1 + γ× (T − TSTC)] (1)

where Pout denotes the output power, G is the incident solar irradiance on a clean panel
surface, γ is the temperature coefficient, and T represents the ambient temperature. PSTC,
GSTC, and TSTC correspond to values under Standard Test Conditions.

In real outdoor environments, PV panels are exposed to dust and airborne contaminants
that attenuate incoming solar radiation through absorption and scattering effects [28–30]. The
effective irradiance received by a dust-covered panel can be modelled as:

Gd = G× e−τd (2)

where Gd denotes the irradiance under dusty conditions and τd represents the dust-induced
optical attenuation coefficient.
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To quantify soiling-induced degradation, the Soiling Loss Index (SLI) is defined as:

SLI =
Gd − G

G
× 100 (3)

The SLI provides a normalized indicator of irradiance loss due to surface contamina-
tion and directly reflects the severity of dust accumulation. Incorporating the soiling effect
into the power model yields:

Pout = PSTC ×
G× (1 + SLI)

GSTC
× [1 + γ× (T − TSTC)] (4)

This formulation highlights the combined influence of irradiance attenuation, temper-
ature variation, and surface soiling on PV output power, thereby motivating the need for
accurate soiling detection and intelligent cleaning decision mechanisms.

3.2. Dataset Description

The data used by the research is collected from an openly accessible photovoltaic panel
soiling dataset provided by Afroz and shared on the Kaggle platform [31]. The dataset
consists of RGB images of photovoltaic panels collected under different environmental
conditions, with different lighting, surface contamination levels, viewing angles, and
background environments. The images are classified as clean or dusty photovoltaic panels.

In total, the dataset comprises 383 images, with 193 images classified as clean and
190 images classified as dusty photovoltaic panels, which can be considered almost equally
distributed. Because the dataset is modest in size for CNN training, it applies lightweight
data augmentation during MobileNetV3-Small training to improve generalization while
preserving physically meaningful soiling cues. Specifically, the training images are aug-
mented using random horizontal flipping, small-angle rotations (±5◦), and mild colour
jittering; augmentation is applied only to the training subset (see Section 4.2 for details).
The images were originally collected at different spatial resolutions; however, all of these
images are resized to a uniform size of 224 × 224 × 3 pixels. This uniform size is appro-
priate for the input data for the MobileNetV3-Small CNN and meets the criteria for the
conventional and deep learning components of the CNN. Figure 4 shows some examples
of clean and dusty photovoltaic panels.

Figure 4. Sample images illustrating clean and dirty PV panels.
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To assess model robustness beyond controlled experimental conditions, additional
evaluation was performed using an independent unseen dataset, enabling the investigation
of cross-dataset generalization under domain-shift scenarios. Details regarding dataset
partitioning, training–validation–testing splits, and evaluation protocols are provided in
Section 4.1.

Independent Unseen Dataset (Domain-Shift Evaluation Dataset)

To assess model robustness beyond the development dataset, additional evaluation
has been performed using an independent unseen dataset to examine cross-dataset gen-
eralization under domain shift. In this study, domain shift refers to a change in the
image distribution between the development dataset and the external dataset due to
differences in acquisition and environmental conditions (e.g., illumination, camera view-
point/orientation, background content, and soiling appearance). The unseen dataset was
obtained from a separate Kaggle PV soiling dataset and was not used during training,
validation, or model selection. It contains 2562 images, comprising 1493 clean and 1069
dusty samples (clean: dusty ratio ≈ 1.40:1).

Labelling procedure: Images were labelled into clean and dusty classes according to
the Kaggle dataset annotations (class folders/labels). These provided labels used directly
for evaluation to ensure consistency with the dataset ground truth.

Details regarding dataset partitioning, training–validation–testing splits, and evalua-
tion protocols are provided in Section 4.1, while cross-dataset performance under domain
shift is reported in Section 5.8.

3.3. Image Preprocessing

Before the feature extraction or classification, each image of the PV panel undergoes an
image preprocessing step, which is unique to the needs of the two branches in the suggested
framework, namely, the classical machine learning branch and deep learning approaches.
In the classical machine learning, the images are converted from RGB to grayscale. The
rationale for this is to optimize the calculation of texture and sharpness-related features, as
well as those associated with dust buildup. The image is converted to grayscale to reduce
redundancy in the colour data, but the essential intensity and spatial irregularities are
preserved, reflecting the impact of the dust on the PV panel surface. The dust primarily
affects the image in terms of contrast, brightness, and high-frequency texture, and these are
the dimensions in the image data in the case of the grayscale image, which are the most
relevant to the calculation of the Laplacian variance, Local Binary Pattern (LBP), and other
statistical intensity-related features.

An illustrative example of this conversion is presented in Figure 5, where a dusty PV
panel in RGB format (Figure 5a) and its corresponding grayscale representation (Figure 5b)
are shown. As observed, the grayscale image retains dust-related texture non-uniformities
and shading variations, which are critical for classical feature modelling, while simplifying
the data representation.

In the deep learning branch, the images are used in RGB to ensure the presence
of colour and semantic information in the image data, as explained in the following
paragraphs. All the images are resized to 224 × 224 × 3 pixels and are normalized using
the ImageNet dataset’s mean and variance values to ensure the stability of the learning
process and the convergence of the deep learning model. This dual preprocessing strategy
ensures that each branch operates on an input representation optimized for its respective
modelling paradigm, thereby enhancing complementary feature learning within the hybrid
ensemble framework.
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Figure 5. (a) Example RGB image of a dusty PV panel; (b) Corresponding grayscale representation
used for handcrafted texture and sharpness feature extraction.

3.4. Handcrafted Feature Extraction and Random Forest Classification

Inspired by classical image processing techniques, a set of handcrafted features is
extracted to capture physically interpretable soiling characteristics from PV panel images.
Image sharpness and surface clarity are quantified using the Laplacian variance, which
measures the amount of high-frequency content in the image. The Laplacian operator
applied to a grayscale image I(x, y) is defined as

∇2 I(x, y) =
∂2 I
∂x2 +

∂2 I
∂y2 , (5)

and the corresponding Laplacian variance is computed as

σ2
Lap = Var

(
∇2 I(x, y)

)
(6)

Moreover, the histograms of Local Binary Pattern (LBP) are utilized to extract the local
texture variations introduced by dust accumulation. For a central pixel with intensity Ic,
the LBP code is expressed as

LBPP,R = ∑P−1
p=0 s

(
Ip − Ic

)
2p,

s(x) =

{
1, x ≥ 0,
0, x < 0,

(7)

Here, Ip represents the intensity of neighbouring pixels within a circular neighbour-
hood of radius R. The resulting LBP codes are accumulated into histograms that describe
local texture distributions.

Furthermore, statistical intensity measures are computed to capture global brightness
and contrast variations caused by surface contamination. These include the mean intensity

µI =
1

MN

M

∑
x=1

N

∑
y=1

I(x, y) (8)

While the standard deviation is computed as

σI =

√√√√ 1
MN

M

∑
x=1

N

∑
y=1

(I(x, y)− µI)
2 (9)
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The root mean square (RMS) contrast, which reflects overall intensity contrast, is
defined as

RMS =

√
1

MN ∑M
x=1 ∑N

y=1(I(x, y)− µI)
2, (10)

and the local intensity variation is computed as the average of local standard deviations
over K neighbourhoods,

σlocal =
1
K ∑K

k=1 σk (11)

All extracted descriptors are concatenated to form a compact feature vector repre-
senting each image. These feature vectors are classified using a Random Forest classifier,
selected for its robustness to overfitting, ability to model nonlinear feature interactions,
and reliable performance on medium-sized datasets. In addition to predicted class labels,
the RF model provides class probability estimates, which are later incorporated into the
ensemble fusion strategy and the cleaning decision formulation.

The Random Forest classifier was configured as follows: number of trees n_estimators = 400,
maximum depth max_depth = None (i.e., nodes are expanded until pure or until the minimum
split constraint is reached), and feature selection at each split max_features = “sqrt”, meaning
that a random subset of

√
d candidate features is considered at each split (where d is the number

of handcrafted input features). The split criterion was Gini impurity, and class imbalance was
handled using class_weight = “balanced”. The full handcrafted feature vector is provided to the
RF; the max_features setting controls the random subset of candidate features evaluated at each
node split.

3.5. Lightweight CNN Architecture (MobileNetV3-Small)

To complement the physically interpretable handcrafted features, a lightweight CNN
based on MobileNetV3-Small is employed to automatically learn high-level visual repre-
sentations directly from RGB PV panel images. MobileNetV3-Small is specifically designed
for efficiency-critical applications and offers an optimal trade-off between classification
accuracy and computational complexity, making it particularly suitable for deployment
in resource-constrained environments such as edge devices, embedded systems, and
drone-based inspection platforms. This claim is supported by the CPU inference-time
and model-size benchmarks reported in Section 5.9. The choice of MobileNetV3-Small
is motivated not only by deployment efficiency but also by its reduced parameter count
(~2.5M), which helps mitigate overfitting risks in limited-data scenarios.

In this work, transfer learning is applied by initializing the network with ImageNet-
pretrained weights and replacing the final classification layer with a two-node output
corresponding to the clean and dusty classes. Fine-tuning enables the network to adapt to
PV-panel-specific soiling patterns while retaining the compact structure and fast inference
capability of the original architecture.

MobileNetV3-Small is composed of stacked convolutional blocks that integrate depth
wise separable convolutions, inverted residual bottleneck structures, and squeeze-and-
excitation (SE) attention mechanisms. Compared with conventional CNN architectures,
this design significantly reduces the number of trainable parameters and floating-point
operations while preserving strong representational capacity.

3.5.1. Convolutional and Depth Wise Separable Convolution Layers

Instead of standard convolutions, MobileNetV3-Small predominantly employs depth
wise separable convolutions, which decompose a conventional convolution into two se-
quential operations: a depth wise convolution and a pointwise convolution. For an input
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feature map X and convolution kernel K, a standard two-dimensional convolution is
expressed as

T(i, j) = (X× K)(i, j) = ∑n
m=1 ∑n

n=1 K(m, n)× X(i + m, j + n) (12)

In depth wise separable convolution, the operation is factorized as

Td = X× Kd, Tp = Td × Kp (13)

where Kd represents the depth wise kernel applied independently to each input channel,
and the term Kp represents a pointwise convolution operation of size 1× 1, which combines
the responses of each channel. This factorization reduces the computation significantly
and enables the model to learn discriminative texture and intensity features related to dust
accumulation on the surface of PV panels. The model enables fast inference and retains
sufficient representation capacity to model surface soiling.

3.5.2. SE Attention Mechanism

To enhance the discriminability of features, MobileNetV3-Small introduces SE mod-
ules that dynamically weight channel-wise feature responses. Given a feature map
U ∈ RH×W×C, the squeeze operation collects global spatial features through global average
pooling along the height and width:

zc =
1

HW

H

∑
i=1

W

∑
j=1

Uc(i, j) (14)

The excitation operation computes channel-wise weights using a gating mechanism:

s = σ(W2 × δ(W1 × z)) (15)

In this equation, δ (·) denotes the ReLU activation function, and σ (·) denotes the
sigmoid activation function, with learnable parameters W1, and W2. This configuration
enables the network to focus on more informative feature channels about dust information
and suppress less informative ones.

3.5.3. Pooling and Fully Connected Layers

The pooling operations gradually decrease the spatial resolution of the feature maps
while retaining the significant structural details. After the feature extraction process, fully
connected layers are used for classification. The last layer is adjusted to produce two
outputs for clean PV panels and dusty PV panels. The SoftMax activation function is used
for class probability estimation, and the results are used for ensemble fusion and Soiling
Index calculation.

The detailed layer-wise configuration of the fine-tuned MobileNetV3-Small model
employed in this study is summarized in Table 2.

Table 2. Fine-tuned MobileNetV3-Small architecture used in this study (input size: 224 × 224 × 3).

Layer Block Input Size Parameters
(From MobileNetV3-Small Spec) Output Size

Conv1 224 × 224 × 3 3 × 3 Conv, out = 16, stride = 2, NL = HS 112 × 112 × 16
BNeck1 112 × 112 × 16 k = 3, exp = 16, out = 16, SE = ✓, NL = RE, stride = 2 56 × 56 × 16
BNeck2 56 × 56 × 16 k = 3, exp = 72, out = 24, SE =–, NL = RE, stride = 2 28 × 28 × 24
BNeck3 28 × 28 × 24 k = 3, exp = 88, out = 24, SE =–, NL = RE, stride = 1 28 × 28 × 24
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Table 2. Cont.

Layer Block Input Size Parameters
(From MobileNetV3-Small Spec) Output Size

BNeck4 28 × 28 × 24 k = 5, exp = 96, out = 40, SE = ✓, NL = HS, stride = 2 14 × 14 × 40
BNeck5 14 × 14 × 40 k = 5, exp = 240, out = 40, SE = ✓, NL = HS, stride = 1 14 × 14 × 40
BNeck6 14 × 14 × 40 k = 5, exp = 240, out = 40, SE = ✓, NL = HS, stride = 1 14 × 14 × 40
BNeck7 14 × 14 × 40 k = 5, exp = 120, out = 48, SE = ✓, NL = HS, stride = 1 14 × 14 × 48
BNeck8 14 × 14 × 48 k = 5, exp = 144, out = 48, SE = ✓, NL = HS, stride = 1 14 × 14 × 48
BNeck9 14 × 14 × 48 k = 5, exp = 288, out = 96, SE = ✓, NL = HS, stride = 2 7 × 7 × 96

BNeck10 7 × 7 × 96 k = 5, exp = 576, out = 96, SE = ✓, NL = HS, stride = 1 7 × 7 × 96
BNeck11 7 × 7 × 96 k = 5, exp = 576, out = 96, SE = ✓, NL = HS, stride =1 7 × 7 × 96

Conv2 (1 × 1) 7 × 7 × 96 1 × 1 Conv, out = 576, stride = 1, NL = HS 7 × 7 × 576
Global AvgPool 7 × 7 × 576 7 × 7 pooling→ global feature 1 × 1 × 576
Conv3 (1 × 1) 1 × 1 × 576 1 × 1 Conv, out = 1024, NBN, NL = HS 1 × 1 × 1024

Classifier (1 × 1/FC) 1 × 1 × 1024 1 × 1 Conv (or FC), out = k = 2, NBN 1 × 1 × 2

Note: BNeck = inverted residual bottleneck block (1 × 1 expand→ depth wise k × k→ SE (optional)→ 1 × 1
project), exp = expansion channels inside the block, SE: ✓ = Squeeze-and-Excitation used, NL: RE = ReLU,
HS = h-swish, k = 2 (our two classes).

3.6. Ensemble Fusion Strategy

Risk-aware fusion objective: The ensemble fusion strategy is designed to reflect main-
tenance risk, where missing a dusty panel (false negative) is more costly than incorrectly
flagging a clean panel (false positive). Accordingly, a conservative OR-based rule has been
adopted that marks a panel as dusty if either the RF branch or the MobileNetV3-Small
branch detects soiling, and marks it clean only when both agree it is clean. This design
directly supports maintenance outcomes by reducing missed cleaning events that can lead
to avoidable energy losses.

To leverage the best of traditional machine learning and deep learning without over-
complicating things, a cautious ensemble of a Random Forest classifier and a MobileNetV3-
Small CNN has been used. Both models work on the same input image of a PV panel
independently and produce a label and a confidence score for it.

Instead of relying on a single source of truth, an OR-based fusion rule has been used to
make a final decision, which is more focused on not missing dusty panels. In this approach,
a panel is marked dusty if either model marks it dusty, and it is marked clean only if both
models agree on a clean state.

In addition to providing the final classification result, the ensemble system also re-
tains the probabilistic results from each of the models, which are then used as input to a
probability-driven SI. With the interpretability of the handcrafted features and the high-
level semantic information provided by the CNN, the ensemble system moves beyond
the simple classification task and into the realm of decision support, providing risk-based
cleaning decisions that are critical for large-scale monitoring systems.

3.7. Soiling Index and Cleaning Decision Formulation

A Soiling Index (SI) is introduced as a continuous measure of PV panel soiling severity,
translating classification outputs into actionable maintenance advice. Rather than providing
a binary “clean/dusty” decision, SI encodes the model’s confidence and supports risk-
adjusted cleaning actions aligned with PV operation and maintenance requirements.

Let pRF
dusty and pCNN

dusty denote the dusty-class probabilities predicted by the Random
Forest classifier and the MobileNetV3-Small CNN, respectively. In accordance with the con-
servative OR-based ensemble strategy adopted in this study, the ensemble dusty confidence
is computed as

pens
dusty = max

(
pRF

dusty, pCNN
dusty

)
(16)
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The Soiling Index is then defined on a normalized scale from 0 to 100 as

SI = 100× pens
dusty (17)

This strategy focuses on the reliable detection of panels that might be dusty by
always choosing the highest confidence score from one of the classifiers. This strategy
aims to reduce high-risk false negatives while remaining responsive to various levels
of surface contamination.

With the SI value calculated, three cleaning levels are established:

• No Cleaning (SI < 30): little to no soiling is detectable;
• Light Cleaning (30 ≤ SI < 60): some soiling is present, with minimal impact on

energy output;
• Full Cleaning (SI ≥ 60): heavy soiling is expected, with noticeable energy losses.

The probabilistic confidence incorporated in the decision process converts the
soiling detection problem from a simple yes/no question into a useful decision support
system. This helps in the scheduling of condition-based maintenance, minimizes
unnecessary cleaning, and keeps automated vision-based detection in tune with cost-
effective PV cleaning strategies.

3.8. Performance Evaluation Metrics

In the study “Assessing the proposed hybrid ensemble framework and its indi-
vidual classifiers,” classification metrics such as accuracy, precision, recall, F1-score
and Area Under the ROC Curve (AUC) were utilized, which are commonly applied
when classifying images. These metrics provide a comprehensive overview, such as
overall correctness, reliability of classifiers when classifying dusty panels, as well as
sensitivity to surface contamination.

The evaluation criteria are derived from the confusion matrix, where the predicted
results are categorized into True Positives (TPs), False Negatives (FNs), True Negatives
(TNs), and False Positives (FPs). In the context of PV panel maintenance, the interest is
particularly in the recall value of the dusty class because a false negative result, which is a
dusty panel missed, may cause a delay in cleaning and result in energy losses.

The definitions of these metrics are provided in Table 3. These metrics are computed
uniformly over all models and evaluation settings, as described in this section, to provide a
fair comparison. The numerical results and side-by-side analysis are provided in Section 5.

Table 3. Mathematical formulas and explanations for the evaluation metrics.

Metric and Formula Description

Accuracy = TP+TN
TP+TN+FP+FN

Represents the proportion of all cases the model gets right, including both clean and
dusty panels.

Precision = TP
TP+FP

This metric shows the proportion of panels classified as dusty that are actually dusty.
The more precise the model is, the fewer false positives there are.

Recall = TP
TP+FN

Measures the model’s ability to find all dusty panels, which is crucial to avoid false
negatives regarding cleaning actions.

F1-score = 2× Precision×Recall
Precision+Recall

Represents the harmonic mean of precision and recall, providing a balanced view of the
classifier’s performance, especially if one class is more frequent than the other.

AUC =
∫ 1

0 TPR(FPR)d(FPR)

This quantifies the overall discriminative ability of the classifier over all possible
decision thresholds. If the AUC value is close to 1, it implies that the separability

between clean and dusty classes is high, thus showing the robustness of the classifier at
different thresholds.

https://doi.org/10.3390/electronics15061192
64



Electronics 2026, 15, 1192

In addition to the metrics based on the confusion matrix, AUC is said to evaluate the
threshold-independent separability of clean and dusty PV panels, as highlighted in the
ROC curve in Section 5.

3.9. Implementation Environment

All experiments were performed using Python-based libraries for image processing,
machine learning, and deep learning techniques. The classical feature extraction and
classification using the Random Forest classifier were implemented using OpenCV, NumPy,
and scikit-learn libraries, while the CNN was implemented using the PyTorch library.
Due to the lightweight nature of the MobileNetV3-Small architecture used for the CNN,
the experiments can be performed efficiently using a CPU-based workstation, with the
option to use a GPU for the CNN training process. This implementation of the proposed
framework is suitable for deployment in resource-constrained environments.

4. Experimental Setup
This section describes the process of testing the proposed hybrid and ensemble-based

intelligent soiling detection framework. The division of data, training of models, steps of
the algorithm, and performance metrics will be discussed in this section.

4.1. Dataset Partitioning and Evaluation Protocol

The dataset obtained in Section 3.2 was divided using a stratified method to
maintain class balance. In particular, 70% of the images were used for training, 15% for
validation, and the remaining 15% for testing. A fixed random seed was used to make
the results reproducible.

Statistical reliability protocol: In addition to reporting single-split results, 10 indepen-
dent repetitions of the stratified 70%/15%/15% train/validation/test partitioning were
performed using different random seeds. For each repetition, the RF, MobileNetV3-Small,
and OR-ensemble models were trained and evaluated using the same hyperparameters
and preprocessing. The research work reports mean ± standard deviation across runs and
95% confidence intervals (CIs) for accuracy, dusty recall, dusty F1-score, and AUC using a
t-based interval computed from the per-run metric distribution.

In addition to testing on the same dataset, it is also tested for the generalization
performance across datasets by performing batch inference on a separate PV image dataset
obtained under different conditions. This protocol enables assessment of model robustness
under domain shift, including variations in illumination, camera viewpoint, and soiling
characteristics, which are commonly encountered in real-world PV monitoring scenarios.

The distribution of images across the training, validation, and testing subsets is
summarized in Table 4.

Table 4. Distribution of images in the training, validation, and test sets.

Image Split Percentage (%) Clean PV Panels Dusty PV Panels

Training images 70% 135 133
Validation images 15% 29 29

Test images 15% 29 28
Total images 100% 193 190

4.2. Training Configuration

The CNN branch was fine-tuned using MobileNetV3-Small initialized with ImageNet-
pretrained weights. The final classification layer was replaced to output two classes (clean
vs. dusty), and the network was fine-tuned end-to-end (no layers were frozen during
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training). Training used a learning rate of 1 × 10−4, batch size of 32, the AdamW optimizer
with weight decay of 1 × 10−4, and the cross-entropy loss function. The maximum number
of epochs was set to 50, with early stopping applied based on validation accuracy to
prevent overfitting (the best-performing checkpoint on the validation set was retained).
Data augmentation was applied only to the training split and included random horizontal
flipping, small-angle rotations (±5◦), and mild colour jittering.

The Random Forest (RF) classifier was implemented using scikit-learn with 400 deci-
sion trees (n_estimators = 400). The split criterion was Gini impurity (criterion = “gini”),
the maximum depth was set to max_depth = None (unrestricted depth), and the feature
selection strategy at each split was max_features = “sqrt” (i.e., a random subset of

√
d

features is considered at each node, where d is the number of handcrafted features). Class
imbalance was handled using class_weight = “balanced”. Class probability estimates were
obtained via predict_proba for integration into the ensemble fusion strategy.

All hyperparameters were kept fixed across experiments to ensure consistency and
reproducibility. The final configuration used in this study is reported in Table 5.

Table 5. Final hyperparameters used in the experimental setup.

Parameter Value

Image size 224 × 224 × 3
Batch size 32
Learning rate 1 × 10−4

Epochs (max) 50
Optimizer AdamW
Weight decay 1 × 10−4

Loss function Cross-Entropy
Data augmentation Flip + rotation (±5◦) + mild colour jitter (train only)
CNN backbone MobileNetV3-Small (ImageNet pretrained)
Frozen layers None (end-to-end fine-tuning)
RF implementation scikit-learn
RF number of trees 400
RF max depth None
RF max features “sqrt”
RF class weight “balanced”
Ensemble strategy OR-based fusion

Given the relatively small dataset size (383 images), several measures were imple-
mented to mitigate potential overfitting risks. First, a lightweight backbone architecture
(MobileNetV3-Small) was selected to limit model capacity and reduce the number of train-
able parameters. Second, transfer learning was employed by initializing the network with
ImageNet-pretrained weights, allowing the model to leverage generalized visual repre-
sentations. Third, data augmentation techniques—including random horizontal flipping,
small-angle rotations, and colour jittering—were applied to increase effective data vari-
ability. Additionally, weight decay regularization and early stopping based on validation
accuracy were incorporated to prevent excessive fitting to the training data. The number of
training epochs was selected conservatively to balance convergence and generalization.

4.3. Algorithmic Implementation

To clearly formalize the experimental procedure, the proposed framework is described
through two complementary algorithms. Algorithm 1 describes the training procedure for
MobileNetV3-Small CNN while the Algorithm 2 describes the Hybrid Ensemble-Based
Soiling detection and cleaning decision frame work.

https://doi.org/10.3390/electronics15061192
66



Electronics 2026, 15, 1192

Algorithm 1. Training Procedure for MobileNetV3-Small CNN

Input: Labelled PV panel image dataset
Output: Trained MobileNetV3-Small CNN model

1. Resize all RGB images to 224 × 224 × 3224\times 224\times 3224 × 224 × 3.
2. Split the dataset into training and validation subsets using stratified sampling.
3. Initialize MobileNetV3-Small with ImageNet-pretrained weights.
4. Replace the final classification layer with a two-class output layer.
5. Set training hyperparameters (learning rate, batch size, number of epochs).
6. For each epoch:

a. Perform forward propagation on training images.
b. Compute cross-entropy loss.
c. Update network parameters using the Adam optimizer.

7. Save the trained CNN model with the best validation performance.

Algorithm 2. Hybrid Ensemble-Based Soiling Detection and Cleaning Decision Framework

Input: RGB PV panel image
Output: Final panel condition and cleaning decision

1. Acquire RGB image of a PV panel.
2. Resize the image to 224 × 224 × 3224\times 224\times 3224 × 224 × 3.
3. Classical branch:

a. Extract handcrafted features (Laplacian variance, LBP histograms, statistical
intensity measures).

b. Classify the feature vector using the trained RF model.
c. Obtain RF predicted label and class probability.

4. Deep learning branch:

a. Feed the resized RGB image into the trained MobileNetV3-Small CNN.
b. Obtain CNN predicted label and class probability via SoftMax.

5. Ensemble fusion:

If (RF predicts dusty) OR (CNN predicts dusty):
→ Final decision = dusty
Else:
→ Final decision = clean

6. Compute the probability-based Soiling Index (SI).
7. Map the SI value to a cleaning action (no cleaning, light cleaning, or full cleaning).

4.4. Evaluation Metrics and Testing Protocol

The performance of the model was evaluated based on the metrics discussed in Section 3.8,
including accuracy, precision, recall, and F1-score, all of which are extracted from the confusion
matrix. The performance of the model was evaluated based on the validation data, test data,
and unseen data, giving us a comprehensive view of the performance of the model, including
its generalization. The precision of the dusty class was of major concern, considering that false
negatives could be very detrimental, resulting in unnecessary delays in cleaning, which could
cause loss of energy in photovoltaic systems. The metrics were all derived based on the same
evaluation process, giving us a fair basis for comparing the performance of the models. For the
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repeated-run analysis (Table 6), the research work used 10 seeds (100–109). For visualization
and representative examples, a fixed seed (42) is used.

Table 6. Performance across 10 repeated stratified runs (mean ± std; 95% CI).

Model Accuracy Dusty Recall Dusty F1-Score AUC

Random Forest
(handcrafted)

0.8534 ± 0.0338 (95%
CI: 0.8293–0.8776)

0.8966 ± 0.0488 (95%
CI: 0.8617–0.9314)

0.8594 ± 0.0321 (95%
CI: 0.8365–0.8824)

0.9380 ± 0.0272 (95%
CI: 0.9185–0.9574)

MobileNetV3-Small
(CNN)

0.8897 ± 0.0260 (95%
CI: 0.8711–0.9082)

0.8172 ± 0.0631 (95%
CI: 0.7721–0.8624)

0.8801 ± 0.0320 (95%
CI: 0.8571–0.9030)

0.9623 ± 0.0106 (95%
CI: 0.9547–0.9699)

Proposed
OR-Ensemble

0.9663 ± 0.0177 (95%
CI: 0.9537–0.9790)

0.9896 ± 0.0104 (95%
CI: 0.9822–0.9970)

0.9592 ± 0.0295 (95%
CI: 0.9381–0.9803)

0.9920 ± 0.0102 (95%
CI: 0.9847–0.9993)

5. Results and Discussion
This segment provides an in-depth evaluation of the proposed hybrid ensemble-based

intelligent PV panel soiling detection framework. It commences with an evaluation of
the MobileNetV3-Small CNN’s learning mechanism and continues through quantitative
performance evaluation, error evaluation, assembling effects, and statistical evaluation.
In this context, it is important to consider the implications for PV panel maintenance,
especially in terms of detecting dusty panels.

5.1. Learning Behaviour and Convergence Analysis

The training process of the MobileNetV3-Small CNN was evaluated by observing the
training and validation accuracy and loss at each epoch, as presented in Figures 6 and 7.
Generally, the CNN model has a stable training process with continuous improvement in
validation performance as training progresses.

Figure 6. Training and validation accuracy of the proposed MobileNetV3-Small CNN.

During training, the validation accuracy increases rapidly, indicating effective adap-
tation of the pretrained backbone to PV soiling characteristics. Moving forward, it can
be seen that the training and validation accuracy curves stabilize at a range, with minor
fluctuations in the validation curve. The fluctuations are due to the messy nature of the
limited data, the varying lighting, angles, and textures of the PV panels.
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Figure 7. Training and validation loss curves of the proposed MobileNetV3-Small CNN.

Meanwhile, the training loss decreases rapidly while the validation loss gradually
plateaus without any extreme behaviour. The minor gap between the two curves does
not indicate any extreme overfitting. The overall observations suggest that the model’s
performance with the MobileNetV3-Small backbone is favourable for effective feature
learning, optimization, and generalization, which is beneficial for the model fusion pro-
cess. Although the dataset size is moderate for deep learning applications, the observed
training–validation curves demonstrate stable convergence without severe divergence
between training and validation accuracy. The relatively small gap between training and
validation metrics indicates that overfitting is effectively controlled. Furthermore, the
ensemble framework improves robustness by combining complementary representations,
thereby reducing sensitivity to limited sample variability. These findings suggest that the
lightweight transfer-learning approach is suitable for practical PV monitoring scenarios
with moderate dataset sizes.

5.2. Core Performance Metrics Obtained

To provide a quantitative assessment of the proposed framework, the research work
reports standard performance metrics derived from the confusion matrix and predicted
probabilities (accuracy, dusty-class recall, dusty-class F1-score, and AUC). To address
variability and strengthen comparative conclusions, metrics are reported over 10 repeated
stratified 70%/15%/15% runs as mean ± standard deviation with 95% confidence intervals.
The results for the Random Forest (handcrafted features), MobileNetV3-Small CNN, and
the proposed OR-based ensemble fusion framework are summarized in Table 6.

Table 6 shows that the proposed OR-ensemble achieves the highest dusty-panel recall
(0.9896 ± 0.0104, 95% CI: 0.9822–0.9970), which aligns with the PV maintenance objective
of minimizing missed soiling events (false negatives). In addition, the OR-ensemble attains
the highest mean accuracy (0.9663 ± 0.0177) and highest AUC (0.9920 ± 0.0102) among
the compared methods. These results indicate that combining the complementary RF
and CNN detectors using the conservative OR fusion rule improves the reliability of
dusty-panel identification, while maintaining strong overall discriminative performance.
This behaviour is consistent with risk-aware operation and maintenance, where reducing
false negatives is typically prioritized due to the energy-loss cost of undetected soiling.
These findings directly support the risk-aware hypothesis stated in the Introduction: the
OR-based fusion improves maintenance-relevant performance by reducing missed soiling
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events through higher dusty-panel recall. Table 6 reports performance on the seen (in-
distribution) dataset using repeated stratified runs; cross-dataset results under domain
shift on an independent unseen dataset are reported separately in Table 7.

Table 7. Cross-dataset performance on the unseen dataset (domain-shift evaluation).

Model Accuracy (%) Dusty Recall Dusty F1-Score

Random Forest (handcrafted) 67.10 0.69 0.64
MobileNetV3-Small (CNN) 74.55 0.76 0.71

Proposed OR-Ensemble 85.93 0.90 0.87

5.3. Confusion Matrix of the Proposed OR-Based Ensemble Model

The confusion matrix for the proposed OR-based ensemble model is shown in Figure 8
as an illustrative evaluation on the full seen dataset (N = 383). The primary quantita-
tive results are reported in Table 6, which summarizes performance over 10 repeated
stratified splits.

Figure 8. Confusion matrix of the proposed OR-based ensemble model on the full seen dataset
(N = 383) (illustrative visualization). Primary performance statistics over repeated splits are reported
in Table 6.

In this illustrative evaluation, only a small number of misclassifications occur. False
negatives (dusty predicted as clean) are more critical in PV maintenance because they may
delay cleaning and lead to cumulative energy losses, whereas false positives primarily
trigger earlier inspection or cleaning. The conservative OR decision rule labels a panel as
dusty if either the Random Forest or the MobileNetV3-Small CNN predicts soiling, thereby
reducing the risk of false negatives and supporting deployment-oriented PV cleaning
decision support.

5.4. Ensemble Impact on Decision Reliability

To illustrate the impact of the proposed ensemble method on the reliability of soiling
detection, Figure 9 provides a visual representation of the dusty-panel recall of the models
under consideration. Recall has been emphasized in this figure because this parameter has a
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direct relationship with the capability of the model to correctly identify soiled photovoltaic
panels, thus avoiding unnecessary cleaning operations and the associated energy losses.

Figure 9. Comparison of dusty-panel recall across the Random Forest classifier, MobileNetV3-Small
CNN, and the proposed OR-based ensemble framework.

As illustrated in Figure 9, the standalone Random Forest classifier peaks at a recall
of 90%. This is because it uses physically interpretable handcrafted features that are quite
sensitive to texture and sharpness changes. The MobileNetV3-Small CNN classifier follows
with a slightly lower recall of 82.8%, likely because it uses learned features that are quite
sensitive to lighting changes and contamination patterns. The OR-based ensemble frame-
work, however, aims to achieve a much higher dusty-panel recall of 98.9%, demonstrating
its effectiveness in preventing false negatives. By conservatively classifying a panel as dusty
if either the CNN or the Random Forest classifier detects soiling, the ensemble framework
effectively leverages the complementary strengths of both classifiers. This side-by-side
comparison demonstrates the benefits of the ensemble approach to improving the reliability
of soiling detection over a single classifier.

Overall, the results demonstrate that the proposed ensemble framework provides
a more robust and risk-conscious solution to PV panel soiling detection, particularly in
real-world use cases where false negatives can significantly impair performance.

5.5. Receiver Operating Characteristic (ROC) Analysis

To further evaluate the discriminative capability of the proposed framework under
varying decision thresholds, ROC analysis was conducted for the standalone Random For-
est classifier, the MobileNetV3-Small CNN, and the proposed OR-based ensemble model.
The ROC curve illustrates the trade-off between the true positive rate (recall/sensitivity)
and the false positive rate (1 − specificity) across different classification thresholds, pro-
viding a threshold-independent assessment of model performance. In this study, AUC is
computed on the held-out evaluation set using the dusty-class probability score (dusty
treated as the positive class) to ensure consistent and reproducible reporting.

Figure 10 shows ROC curves for a representative split of the seen dataset (seed = 42) to
visualize the operating characteristics of the RF, MobileNetV3-Small CNN, and the proposed
OR-ensemble. Because ROC/AUC values can vary across data partitions—particularly
for modest dataset sizes—the research work reports the statistical reliability of AUC in
Table 6, which summarizes the mean ± standard deviation and 95% confidence intervals
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over 10 repeated stratified runs. Accordingly, Figure 10 serves as a qualitative visualization of
classifier behaviour, while Table 6 provides the primary aggregated quantitative AUC results.

Figure 10. ROC curves for a representative split (seed = 42) comparing RF, MobileNetV3-Small CNN,
and the proposed OR-ensemble. Aggregated AUC statistics across 10 repeated runs are reported in
Table 6.

Overall, the ROC analysis indicates that the models maintain meaningful discrimina-
tive capability across thresholds, consistent with the AUC values reported in Table 6. While
the CNN and the OR-ensemble show comparable threshold-independent discrimination,
the OR-ensemble is specifically designed to prioritize dusty-panel recall and reduce missed
soiling events, which is critical for PV maintenance decision support.

5.6. PV-Oriented Operational Implications

Accurate detection of dusty panels is vital to PV system operation and maintenance.
Among the reported metrics, dusty-class recall most directly reflects the system’s ability
to identify panels that require cleaning. As shown in Table 6, the proposed OR-ensemble
achieves the highest dusty recall on average across repeated runs, indicating improved
sensitivity to soiling under variations in illumination, partial soiling, and reflections.

5.7. Statistical Significance Analysis

To address variability and strengthen comparative conclusions, the research work
evaluated all models over 10 repeated stratified runs (70%/15%/15%) using different
random seeds. For each run, the Random Forest, MobileNetV3-Small CNN, and the
proposed OR-ensemble were trained and evaluated under the same protocol. Accordingly,
Table 6 reports the performance distribution as mean ± standard deviation together with
95% confidence intervals computed from the per-run metric values. The results show that
the proposed OR-ensemble consistently improves dusty-panel recall across repeated runs,
supporting the reliability of the risk-aware fusion strategy.
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5.8. Domain-Shift Evaluation on an Unseen Dataset (Cross-Dataset Testing)

To examine robustness under domain shift, the research work performed cross-dataset
testing using an independent unseen PV soiling dataset that was not used during training.
This dataset contains 1493 clean and 1069 dusty images (total 2562) and exhibits different
acquisition conditions (e.g., illumination, camera viewpoint/orientation, background, and
soiling appearance), which alter the data distribution relative to the training dataset. The
research work evaluated the RF baseline, the MobileNetV3-Small CNN baseline, and the
proposed OR-ensemble on this unseen dataset using the same inference pipeline.

As shown in Table 7, the proposed OR-ensemble achieves the strongest performance
under domain shift, reaching 85.93% accuracy, 0.90 dusty recall, and a 0.87 dusty-class
F1-score on the unseen dataset. This directly supports the conservative OR-based de-
sign decision: compared with the standalone CNN (dusty recall = 0.76) and RF (dusty
recall = 0.69), OR fusion substantially reduces missed soiling events; for example, at dusty
recall ≈ 0.90 on 1069 dusty samples, the expected number of false negatives is approxi-
mately 107. This indicates improved cross-dataset generalization compared with either
standalone model and demonstrates enhanced capability to detect dusty panels—an es-
sential requirement for PV operation and maintenance, where missed soiling events (false
negatives) can lead to cumulative energy losses. Overall, these results clarify that “robust-
ness under domain shift” in this study refers to maintaining reliable dusty-panel detection
when acquisition conditions differ from those observed during training.

5.9. Computational Complexity and Edge Inference Benchmarking

To validate suitability for resource-constrained deployment, the research works bench-
marked inference latency per image and model size on a standard CPU environment
(PyTorch 2.9.1 + cpu, Python 3.13.7). The research work reports median and 95th-percentile
(p95) latency over repeated runs (with warm-up) for the Random Forest (RF) pipeline
(preprocessing + feature extraction + RF inference), the MobileNetV3-Small CNN, and the
complete OR-ensemble (RF + CNN + fusion). Results are summarized in Table 8. The OR-
ensemble latency reflects the cumulative cost of both branches and the fusion step, while
remaining within practical limits for near real-time PV monitoring and decision support.

Table 8. CPU inference-time and model-size benchmarking (single-image inference).

Component Device
Median
Latency

(ms)

p95
Latency

(ms)

Throughput
(Im-

ages/s)

Model
Size (MB)

RF (preprocess +
features + RF) CPU 67.00 96.94 14.92 2.32

CNN
(MobileNetV3-Small) CPU 18.73 76.45 53.39 5.93

OR-Ensemble (RF +
CNN + fusion) CPU 116.06 210.56 8.62 8.24

Note: median and p95 are computed over repeated runs after warm-up; throughput is computed as 1000 median latency.

6. Conclusions
In this study, a hybrid intelligent decision framework for risk-aware photovoltaic (PV)

panel soiling detection and cleaning support using an ensemble approach has been proposed.
The framework combines physically meaningful handcrafted features classified by a Random
Forest (RF) model with high-level representations learned by a lightweight MobileNetV3-
Small CNN. A conservative OR-based fusion rule is employed to improve the reliability of
dusty-panel detection and to reduce high-risk false negative cases. To strengthen the reliability
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of the reported results, performance was evaluated over 10 repeated stratified 70%/15%/15%
runs, and metrics were reported as mean ± standard deviation with 95% confidence in-
tervals. Across these repeated runs, the proposed OR-ensemble achieved 0.9663 ± 0.0177
accuracy (95% CI: 0.9537–0.9790), 0.9896± 0.0104 dusty-panel recall (95% CI: 0.9822–0.9970),
0.9592 ± 0.0295 dusty-class F1-score (95% CI: 0.9381–0.9803), and 0.9920 ± 0.0102 AUC (95%
CI: 0.9847–0.9993). These results demonstrate that the proposed fusion strategy consistently
prioritizes the detection of dusty panels—an essential requirement for PV operation and
maintenance—while maintaining strong overall discriminative performance.

Furthermore, the probability-driven Soiling Index (SI) transforms the detection outputs
into actionable cleaning recommendations, making the framework suitable for deployment-
oriented PV cleaning management. Overall, this work enhances image-based PV soiling
detection by integrating risk awareness and decision support, providing a practical and
scalable approach for intelligent PV panel cleaning management.
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Abstract

Noise remains a persistent limitation in coherent imaging systems, degrading image quality
and hindering accurate interpretation in critical applications such as remote sensing, med-
ical imaging, and non-destructive testing. This paper presents a physics-informed deep
learning framework for effective image denoising under complex noise conditions. The
proposed approach integrates nonlinear partial differential equations (PDEs), including
the heat equation, diffusion models, MPMC, and the Zhichang Guo (ZG) method, into
advanced neural network architectures such as ResUNet, UNet, U2Net, and Res2UNet. By
embedding physical constraints directly into the training process, the framework couples
data-driven learning with physics-based priors to enhance noise suppression and preserve
structural details. Experimental evaluations across multiple datasets demonstrate that the
proposed method consistently outperforms conventional denoising techniques, achieving
higher PSNR, SSIM, ENL, and CNR values. These results confirm the effectiveness of
combining physics-informed neural networks with deep architectures and highlight their
potential for advanced image restoration in real-world, high-noise imaging scenarios.

Keywords: physics-informed neural networks (PINNs); image denoise; deep learning;
PDE; encoder–decoder; image processing

1. Introduction
Image denoising is a crucial task in image processing aimed at removing noise while

preserving the underlying structures [1,2]. As high-resolution digital imagery becomes
increasingly accessible, especially with novel modalities such as single-pixel imaging
(SPI) [3,4], UAV or SAR Images [5,6], and other computer image applications, there is a
growing demand for denoising algorithms that deliver high effectiveness and computa-
tional efficiency. In recent years, deep learning-based approaches have shown superior
performance in image denoising, surpassing traditional hand-made methods [7]. These
approaches employ convolutional neural networks (CNNs) to learn the mapping between
noisy and clear from noisy to clean images, training on large datasets of paired noisy–clean
difference between the network output and the corresponding clean image [8].

One of the key advantages of deep learning-based denoising methods is their ability to
learn complex [9], nonlinear relationships between noisy and clean image patches [10,11].
This enables networks to capture both local and global image structures and patterns,
resulting in more accurate and visually pleasing denoising results (see Table 1). Image
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priors [12], including nonlocal self-similarity (NSS) models [13], median filters [14], sparse
models [15], gradient models [16], Markov models [17], BM3D [18], LSSC [19], NCSR [20],
and WNNM [21], address the challenge of noise removal. More recently, deep learning-
based denoising models, such as standard CNNs [22], residual networks (ResNets) [23],
and generative adversarial networks (GANs) [24], have emerged as effective solutions. The
standard CNN model learns a direct mapping from noisy to clean images, while the ResNet
model uses skip connections to learn residual mappings, resulting in more efficient training
and improved denoising performance. GAN-based models further enhance denoising
by incorporating a generator that produces denoised images and a discriminator that
differentiates between real and generated images, leading to more realistic and visually
consistent results [24,25].

Physics-informed neural networks (PINNs) have emerged as a novel approach in
artificial intelligence [26], particularly by using partial differential equations (PDEs) for
efficient image denoising [27]. PDE-based models such as heat diffusion [28], Perona–Malik
(PM) [29], MPMC [30], and the Black-Zhichang Guo model [31] are effective in addressing
noise reduction in images. In the PINN framework, a neural network is utilized to approxi-
mate the solution of a PDE by minimizing a loss function that includes terms representing
the mismatch of the residual PDE and its boundary conditions. The nonlinearity of PDEs
and the varying boundary conditions do not pose significant challenges when employing
neural networks, offering a distinct advantage over traditional numerical methods. How-
ever, integrating PDEs into deep learning frameworks also introduces challenges, including
balancing accuracy and stability, managing computational complexity, and ensuring inter-
pretability [32]. Many existing approaches address these issues only partially, leaving room
for improvement in terms of generalization, computational efficiency, and preservation of
fine-scale structures.

This work presents a physics-informed deep learning framework that couples nonlin-
ear PDE priors—heat, diffusion-based regularization, Mean Curvature Motion (MPMC),
and the Zhichang Guo (ZG) model—with modern denoising backbones including Re-
sUNet, UNet, U2Net, and Res2UNet. We focus on these four PDEs because they offer
complementary denoising behavior while remaining computationally predictable and
suitable for future FPGA/embedded-GPU deployment [33,34]. Specifically, heat provides
a stable isotropic baseline, diffusion introduces edge-aware anisotropy, MPMC enforces
curvature-driven geometric smoothing, and ZG improves robustness under speckle and
other multiplicative degradations.

By embedding physical constraints directly into the network training process, the
proposed method improves denoising performance, preserves fine structural details, and
reduces dependence on large-scale labeled datasets. This hybrid approach combines the
interpretability and stability of PDE-based modeling with the representational power of
deep learning, offering a robust and scalable solution for image denoising in challenging
noise environments. To rigorously assess the performance of the framework, a comprehen-
sive set of evaluation metrics is used, including the peak signal-to-noise ratio (PSNR), the
structural similarity index measure (SSIM), the equivalent number of looks (ENL), and the
contrast-to-noise ratio (CNR). Our experiments consistently achieve PSNR values greater
than 20 dB and SSIM values greater than 0.5, demonstrating the effectiveness of the model
in enhancing image quality while maintaining computational efficiency.

The main contributions of this work are summarized as follows:

• The integration of physics-informed neural networks (PINNs) with PDE-based models
for effective image denoising leverages physical priors to enhance noise suppression
and structural preservation.
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• This study introduces a rigorous and diverse set of evaluation metrics for denoising in
remote sensing imagery, spanning pixel-level fidelity and perceptual quality.

• The proposed framework demonstrates superior performance compared to classical
denoising algorithms and existing deep learning-based methods, achieving higher
image quality and robustness across multiple datasets.

Table 1. Overview of the main advantages and drawbacks of the implemented denoising approaches.

Method Advantages Drawbacks

Supervised CNN [35] High reconstruction quality with
sufficiently large labeled training sets.

Requires extensive paired datasets; weaker
generalization outside the training domain.

Self-supervised CNN [36]
Training does not require paired clean
labels; it can learn directly from noisy
data.

May exhibit residual bias and relies on
masking/noise assumptions that can be
violated.

Wavelet/Sparse [37]
Often excellent PSNR/SSIM for additive
Gaussian noise; interpretable
transform-domain representation.

Can leave granular residue for speckle-like
noise; requires careful parameter tuning.

Score-based diffusion [38]
Naturally integrates explicit forward
noise models; very strong perceptual
quality.

Computationally demanding due to long
sampling chains with many denoising steps.

Variance-stabilized
PDE [39]

Simple pipeline combining
variance-stabilizing transform and PDE
evolution; fast and lightweight.

Inverse-VST can introduce bias; performance
degrades for strongly spatially varying noise.

Nonlocal PDE/NL-TV [40]
Preserves fine textures and details by
exploiting nonlocal similarities;
texture-aware regularization.

Sensitive to patch and hyper-parameter
choices; typically higher runtime.

Classical PDE [41]
Conceptually simple, interpretable, and
numerically stable with low
computational cost.

Parameter sensitive and prone to
over-smoothing fine structures and textures.

PINN–PDE [42]
Physics-informed formulation enables
adaptation across sensors with limited
retuning.

More complex training procedure and higher
computational cost than analytical PDE
solvers.

Transformer-based
denoisers [43]

Easy to add noise-level maps, prompts,
or multi-scale features.

Can overfit to training noise statistics; may
generalize poorly to unseen
sensors/artifacts.

Diffusion-model
denoisers [44]

Robust when noise/artifacts are heavy
or complex (with good conditioning).

Expensive to train. Strong generative prior
may introduce plausible but incorrect
details—bad.

DIP-TV [45] Can work reasonably even when the
noise model is not well specified.

DIP can start fitting noise; results depend on
stopping criterion/hyperparameters.

SwinIR [46]
Strong on PSNR/SSIM, preserves edges
and textures well with long-range
context.

Needs supervised (or well-designed
self-supervised) training; may generalize
poorly to unseen sensors/noise statistics.

DDPMs [47] Can handle complex noise/artifacts
when properly conditioned.

Many denoising steps; even accelerated
samplers can be heavy.

DDRM [48]

Designed for restoration/inverse
problems; can incorporate the
measurement/degradation model more
directly than plain DDPM denoising.

Inference remains multi-step, often similar
order to diffusion sampling.
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The outline of this article is as follows. Section 2 reviews previous work on image
denoising, with an emphasis on PDE-based approaches. In Section 3, we introduce the
specific nonlinear PDE formulations used in our framework. Section 4 describes the
architecture of the general physics-informed denoising, while Section 5 details the neural
network backbones used, and Section 6 discusses refinement through PINN denoising.
The numerical benchmark results appear in Section 7 and conclude with key lessons and
directions for future work in Section 8.

2. Related Work
2.1. Deep Learning Methods for Image Denoising

Deep learning methods can be classified into supervised [1], semi-supervised [49], and
unsupervised learning approaches [50].

2.1.1. Supervised Learning

It relies on labeled data to guide the model in learning parameters for tasks such as
image denoising [51]. For example, consider a denoising model defined as y = x + ϵ where
x, y, and ϵ represent the clean image, noisy image, and additive Gaussian noise (AWGN)
with a standard deviation of σ, respectively. Based on this model and Bayesian inference,
learning the model parameters depends on a dataset of paired examples {(xk, yk)}N

k=1,
where xk and yk denote clean and noisy images k-th, and N is the total number of sam-
ples. The relationship can be expressed as xk = f (yk, θ, m), where θ denotes the model
parameters and m is the known noise level.

2.1.2. Unsupervised Learning

Does not require labeled data [52]. Instead, it identifies the underlying patterns within
the input data to perform tasks such as domain transfer or image enhancement. For
example, the Cycle-in-Cycle GAN (CinCGAN) [53] architecture performs super-resolution
by first estimating a high-resolution label and then refining this estimate using loss functions
and unlabeled data.

2.1.3. Semi-Supervised Learning

Combines labeled and unlabeled data [54]. It is particularly useful in scenarios with
limited labeled samples, such as in medical diagnostics [55]. For example, the Semi-
Supervised Learned Sinogram Restoration Network (SLSR-Net) [56] initially learns feature
distributions from paired sinograms through a supervised component and then applies
this knowledge in an unsupervised manner to reconstruct high-quality sinograms from
unlabeled low-dose data [57].

2.2. CNNs for Image Denoising

Convolutional neural networks (CNNs) have demonstrated remarkable success in
image processing tasks due to their flexible plug-and-play architectures [58]. LeNet [59],
one of the first CNN models, used convolutional kernels of various sizes to effectively
extract features for image classification. However, its reliance on the sigmoid activation
function led to slow convergence, limiting its applicability in real-world scenarios [60]. The
introduction of AlexNet marked a significant milestone in the field of deep learning. Its
success stemmed from several key innovations: leveraging the computational power of
GPUs, employing dropout to mitigate overfitting [61], using the ReLU activation function
to accelerate stochastic gradient descent (SGD) [62], and incorporating data augmentation
techniques. Despite its strong performance, the large convolutional kernels of AlexNet
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required significant memory [63], which restricted its use in resource-limited applications,
such as smart cameras.

2.3. Recent Image Denoising Methods

Transformer-based denoisers, such as Swin Transformer/SwinIR-style models [64],
use windowed self-attention to capture long-range dependencies and typically deliver
strong PSNR/SSIM with fast, single-pass inference. In contrast, DIP-TV [45] (Deep Image
Prior with Total Variation) is a training-free, per-image optimization approach that can
work without clean datasets, but is slower and can over-smooth fine textures. Diffusion
models (DDPMs) [65] provide powerful generative priors and often achieve excellent
perceptual denoising, yet require iterative sampling with higher computational cost and
potential hallucination if not constrained. DDRM [44] adapts diffusion priors to restoration
by enforcing data consistency with an explicit degradation model, often improving fidelity
over unconstrained diffusion, but still inherits multi-step inference and sensitivity to
forward-model mismatch.

2.4. Recent Progress in PDE-Based Image Denoising

Recent work has progressed along three converging research directions (Table 2), with
several studies emphasizing the implementation of PDE-based image denoising techniques.

i New and generalized PDE formulations for denoising (including multiplicative/speckle
noise): Variable- and fractional-order PDEs have been proposed to better adapt the
smoothing strength to local structure and speckle statistics, improving detail preser-
vation over classical anisotropic diffusion. Examples include a variable spatially
exponent PDE for multiplicative noise [66] and fractional-order PDEs that enhance
edge/texture fidelity while suppressing ultrasound noise [67]. Anisotropy-stabilized
formulations continue to evolve, e.g., tunable despeckling guided by anisotropic
diffusion within a degradation framework [68]. These works collectively report gains
in PSNR/SSIM and texture retention compared to standard PM/TV baselines.

ii Hybrid PINN/PDE–DL schemes that enforce physics during learning: PINN-style
training that embeds PDE residuals and boundary conditions into loss has been
shown to improve robustness and interpretability in imaging tasks. For image de-
noising and edge preservation, physics-informed blending of PDE priors has demon-
strated improved artifact control over CNNs driven purely by data [69]. Beyond
natural images, PINN denoisers have been specialized for modality-specific physics
(e.g., high b-value diffusion MRI), showing superior fidelity under limited data [70].
Physics-informed microscopy reconstruction similarly integrates forward optics into
a diffusion-conditioned architecture to suppress hallucinations [71].

iii Generative diffusion models tailored to SAR despeckling with explicit noise physics
have emerged as the state of the art. Regional DDPMs and diffusion posterior sam-
pling strategies explicitly consider block-wise structure and speckle statistics to reduce
texture loss and over-smoothing [72,73]. Conditional/efficient DDPMs further incor-
porate the SAR noise model and achieve strong quantitative and visual performance
in synthetic and real scenes [74,75]. These methods consistently report gains in
ENL/CNR while maintaining edges.
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Table 2. Implementation case studies of PDE-based image denoising.

Method (PDE) Noise Model Dataset/Application Ref.

Heat diffusion Additive Gaussian USC–SIPI, Kodak24;
baseline smoothing [76]

SRAD Multiplicative speckle
(Gamma) Ultrasound, SAR [77]

Table 2. Cont.

Method (PDE) Noise Model Dataset/Application Ref.

Nonlocal PDE/NL-TV Multiplicative speckle Gaussian test images;
texture preservation [78]

Complex diffusion Additive Gaussian Various natural images [79]

Variance-stabilized PDE Poisson Microscopy images [39]

Fourth-order PDE Additive Gaussian Various natural images [80]

TV-Poisson (TV-KL) Poisson Various natural images [81]

CED Additive Gaussian Fingerprint images [82]

3. Denoising PDE Models
Partial differential equations (PDEs) are widely applied in various image processing

tasks [42]. One powerful approach to solving PDEs using neural networks, particularly
(FNNs) [83], is the physics-informed neural network framework (PINN) [69]. In a PINN, a
neural network is designed to serve as a surrogate model for the PDE solution. Consider an
FNN that takes inputs x and t, with hidden layers composed of nl neurons. The objective is
to train the neural network to approximate the solution u(x, t) using a function f (x, t, θ),
where θ denotes the parameters of the network, including weight matrices and bias vectors.
The output of the FNN is generated through an activation function, typically the hyperbolic
tangent function tanh.

To enforce the PDE constraints, the PINN calculates the required k-th order derivatives
of f (x, t, θ) regarding its inputs using automatic differentiation (AD) [84]. The backpropa-
gation algorithm, an AD technique, is employed to calculate these derivatives within the
neural network. AD consists of two main phases: a forward pass to compute variable
values and a backward pass to compute their derivatives. The neural network is then
restricted to satisfy the given PDE and its associated boundary and initial conditions. The
training dataset τ includes two subsets of points: those sampled from the interior domain
and those on the boundary. These points are collectively referred to as residual points. A
loss function L(θ, τ) is defined as a weighted sum of L2 − norms of the residuals of the
PDE and the boundary conditions. This loss quantifies the deviation of the neural network
from satisfying the problem constraints. The goal is to minimize L(θ, τ) to identify an
optimal set of parameters θ. Gradient-based optimization algorithms are used for this
minimization. To achieve a high level of accuracy, it is essential to carefully tune various
hyperparameters, including the network size, the number of residual points, and other
model-specific settings.

These models form the mathematical backbone for traditional and modern image
denoising techniques, including physics-informed neural networks (PINNs) that integrate
such equations into their training process:

• Modified Perona–Malik Curvature Model (MPMC) Model: The MPMC model
enhances classic Perona–Malik anisotropic diffusion by incorporating curvature in-
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formation to better preserve edges during denoising. The Equation (1) [30] is as
follows:

∂u
∂t

= ∇ · (g(|k|)∇u) (1)

where u(x, y, t) is the image intensity, k is the curvature of the level lines, and g(·) is
an edge-stopping function that controls diffusion strength.

• Zhichang Guo (ZG) Model: A PDE model combining second- and fourth-order
anisotropic diffusion was proposed to simultaneously smooth flat regions and preserve
fine details. The Equation (2) [31] is as follows:

∂u
∂t

= λ1∇ · (g1(|∇u|)∇u)− λ2△2u (2)

where λ1, λ2 are regularization weights, g1(·) is an edge-preserving function, and△2u
is the biharmonic operator for fourth-order diffusion.

• Heat Equation Residual Model: The heat equation is the simplest form of isotropic
diffusion used for image smoothing. The Equation (3) [85] is as follows:

∂u
∂t

= △u (3)

This model blurs both noise and edges uniformly. The residual form is often used in
deep learning to guide the network’s output f (x, t, θ) through a physics-informed loss
Equation (4):

R(x, t) =
∂ f
∂t
−△ f (4)

• General Diffusion Model: This model is a general formulation for anisotropic diffu-
sion. The Equation (5) [44] is as follows:

∂u
∂t

= ∇ · (D(x, y, t)∇u) (5)

where D(x, y, t) is a diffusion tensor that controls the direction and strength of the
smoothing, adaptable based on the characteristics of the image.

Speckle Model for Data Generation

Speckle noise in coherent imaging systems, such as SA,R is commonly modeled using
a multiplicative noise model [86]:

Y = NX, (6)

where Y ∈ RW×H is the noisy image observed (intensity domain), X ∈ RW×H is the
underlying speckle-free image, and N ∈ RW×H is a positive random variable representing
the speckle. For a multi-look SAR image with L independent looks, N follows a Gamma
distribution with unit mean and variance 1/L, whose probability density function (PDF) is

p(N) =
LLN L−1e−LN

Γ(L)
, N ≥ 0, L ≥ 1, (7)

where Γ(·) is the Gamma function.

• Amplitude image: Many SAR processors work on the amplitude image, defined as the
square root of the intensity: x =

√
X for the clean image and y =

√
Y for the observed

one. The same multiplicative model applies:

y = n x, (8)
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where n is the multiplicative speckle affecting the amplitude domain. In this case, n
follows a Nakagami distribution with PDF:

p(n) =
2LLn 2L−1e−Ln2

Γ(L)
, n ≥ 0, L ≥ 1. (9)

• Single-look image: A single-look (L = 1) SAR image is obtained from one coher-
ent measurement without multi-look averaging; it contains the strongest speckle
fluctuations. For L = 1, the Nakagami distribution in Equation (9) reduces to the
Rayleigh distribution, which characterizes the amplitude speckle in single-look data
(see Figure 1). This formulation allows us to synthesize speckle-corrupted images
in either the intensity or the amplitude domain by drawing samples from the corre-
sponding PDFs for any chosen number of looks L.

Figure 1. Dataset generation process for speckle-corrupted images. The original clean image X is
multiplied by a noise sample n drawn from a Rayleigh distribution to produce the speckle-corrupted
observation Y = n · X. This simulates the multiplicative noise model commonly used in image
degradation.

Image denoising is evaluated across additive levels of Gaussian white noise (AWGN)
σ ∈ {15, 25, 50}, Poisson–Gaussian λ ∈ {1, 4, 8}, and speckle Γ ∈ {1, 4, 8} in 8-bit images
(range 0–255), following common practice. When images are normalized to [0, 1], the
corresponding standard deviation, for example, by AWGN is σ̂ = σ/255 and the variance
is σ̂2 = (σ/255)2, which yields σ̂2 ≃

{
1.2010−5, 9.6010−5, 3.8410−4}.

4. Proposed Framework
The present study proposes the framework illustrated in Figure 2, which integrates

classical PDE priors into a deep neural network through a composite loss function. The
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network processes a noisy image, denoted as X̂N , to produce a denoised output. Training
is driven by Equation (10):

Ltotal = LPDE + λ1Lperceptual + λ2Ldata + λ3LIC + λ4LBC (10)

The total loss Ltotal used to train the physics-informed neural network (PINN) com-
prises multiple components, each designed to enforce the fidelity, physical consistency, and
perceptual quality of the data. The weighting coefficients λ are carefully tuned based on the
validation performance to achieve an optimal balance between accurate data reconstruction
and adherence to the underlying physical laws. Here, individual terms are defined as
follows:

• PDE Loss: This term enforces that the prediction of the network X̂r satisfies the under-
lying residual of the PDE N θ(·) by Equation (11). For each model, the derivatives in
Equations (1)–(5) are obtained by automatic differentiation, ensuring exact gradients
in terms of network parameters:

LPDE =
∣∣N θ(X̂r)

∣∣2
2 (11)

Figure 2. Denoising framework PINNs. A neural network processes the noisy input image X̂N to
produce a denoised output. The training is guided by a total loss function composed of a PDE-based
loss (LPDE), perceptual loss (Lperceptual), MSE loss data (Ldata), initial condition loss (LIC), and a
boundary condition loss (LBC), which enforces physical constraints derived from a partial differential
equation (PDE). The network aims to minimize the discrepancy between the denoised image X̂r and
the original clean reference X̂re f .

• Perceptual Loss: The term “feature-space” ensures that the predicted image X̂r re-
mains perceptually close to the original clean image Xre f using the ℓ1 norm by Equa-
tion (12). Let ϕl(·) denote the activation in the layer l and wl its weight:

Lperc = ∑
l∈S

wl
∥∥ϕl(X̂r)− ϕl(Xref)

∥∥
1. (12)
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• Data Loss: This is a standard mean squared error term that compares the predicted
and original images by Equation (13):

Ldata =
∣∣∣X̂r − Xre f

∣∣∣
2

2
(13)

• Initial Condition Loss: This term penalizes the deviation of the predicted field at
t = 0 from the known initial image X0:

LIC =
1
|Ω| ∑

p∈Ω
wIC(p)

∥∥X̂r(p, 0)− X0(p)
∥∥2

2, (14)

where wIC(p) ≥ 0 is an optional spatial weight or mask (e.g., to ignore unknown
pixels). When the ground truth at t = 0 is not available, we set X0 to the observed
input (or a priori).

• Boundary Condition Loss: We support standard BC types on ∂Ω; n denotes the
normal outward unit. Dirichlet BC (X̂r = g on ∂Ω):

LBC =
1
|∂Ω| ∑

q∈∂Ω
wBC(q)

∥∥X̂r(q, t)− g(q, t)
∥∥2

2. (15)

5. Integrating PDE with Network DL Denoising
Four neural network architectures—UNet, ResUNet, U2Net, and ResU2Net—each

integrated with the PDE formulation described in Section 3. All models were implemented
in PyTorch and trained with the Adam optimizer using an early stopping criterion of loss
< 10−4 or a maximum of 500 epochs.

• Case 1: A UNet-based architecture was used for PDE-guided image denoising (see
Figure 3). The network was specifically adapted to accommodate multi-scale feature
extraction, incorporating a symmetric structure composed of downsampling and
upsampling paths. The architecture consisted of two main stages:

1. Downsampling Path: The encoder utilized a sequence of convolutional lay-
ers followed by max-pooling operations to progressively reduce the spatial
dimensions of the input noisy image X̂N . The resolution of the feature map was
sequentially downscaled through levels of 32, 64, 128, and 256 channels, allowing
the abstraction of hierarchical features at multiple scales.

2. Upsampling Path: The decoder used upsampling operations and convolutional
layers to gradually restore the spatial resolution of the encoded features. Skip
connections were integrated between the corresponding encoder and decoder
layers to preserve fine-grained spatial details that are critical for accurate recon-
struction.

During training, the UNet was optimized not only to minimize the reconstruction error
between the denoised output X̂R and the ground truth image X̂re f , but also to satisfy a
governing partial differential equation (PDE) model embedded within a composite loss
function. Specifically, the total loss function combined three components: (i) a residual
PDE loss enforcing physical consistency, (ii) an initial condition (IC) loss ensuring
correct initialization behavior, and (iii) a boundary condition (BC) loss enforcing
consistency along image borders. This physics-informed loss formulation guided the
UNet to denoise in a manner aligned with the underlying diffusion dynamics, thereby
improving generalization and preserving important structural features.
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Figure 3. Denoise neural network model architecture UNet model.

• Case 2: Residual U-Net (ResUNet) architecture was used to perform image denoising
under partial differential equation (PDE) constraints (see Figure 4). The model takes
as input a noisy image X̂N and outputs a denoised image X̂R. The ResUNet structure
incorporates deep residual learning into the classical encoder–decoder U-Net design
to facilitate better gradient flow and capture complex features critical for PDE-driven
restoration tasks. The architecture consists of the following main components:

1. Encoder: The encoder progressively extracts hierarchical characteristics through
a sequence of downsampling stages. Each stage consists of a ResidualBlock,
which applies two convolutional layers (with Batch Normalization and ReLU
activation) and a skip connection that directly adds the input to the output. The
encoder maps the noisy input X̂N into a compact feature representation through
the following encoder layer: enc1→ enc2→ enc3→ enc4.

2. Decoder: The decoder reconstructs spatial resolution by successive upsampling
operations (using transposed convolutions), followed by residual blocks. Skip
connections are used between encoder and decoder layers to preserve spatial
information lost during downsampling. Before concatenation, a cropping opera-
tion ensures that the dimensions of feature maps align with the decoder layer:
dec3←− dec2←− dec1.

3. Output Layer: A final 1 × 1 convolution maps the feature space to a single-
channel image X̂R, corresponding to the denoised reconstruction.
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Figure 4. Denoise neural network model architecture: ResUNet model.

• Case 3: This case presents the U2Net architecture to perform image denoising under a
physics-informed learning framework (see Figure 5a). The U2Net model, illustrated by
the above class definition, processes a noisy image input X̂N and outputs a denoised
prediction X̂R, while leveraging a composite loss that includes PDE constraints. The
U2Net is a deeply nested U-structure network composed of residual U-blocks (RSUs)
at each stage. The model architecture can be summarized as follows:

1. Encoder: The input noisy image X̂N is first passed through multiple encoding
stages: stage1 −→ pool12 −→ stage2 −→ pool23 −→ stage3 −→ stage6.

2. Decoder: After reaching the deepest feature representation (hx6), the network
performs upsampling and decoding operations: stage5d −→ to −→ stage1d.
Skip connections are implemented by concatenating encoder features with corre-
sponding decoder layers, ensuring fine-grained spatial information is preserved.

3. Side Outputs: Intermediate outputs (d1, d2, d3, d4, d5, d6 ) are generated at
different resolutions through 1 × 1 convolutional layers, which are later fused to
form the final denoised prediction d0.

4. Final Prediction: The final denoised image X̂R is obtained by applying a sigmoid
activation function to the fused side outputs: X̂R = σ(d0).

• Case 4: ResU2Net model, a lightweight variant of the U2Net architecture, was adapted
to incorporate PDE priors for physics-informed noise removal (see Figure 5b). The
network takes as input a noisy image X̂N and produces a denoised output X̂R. The
architecture is composed of multiple residual U-shaped (RSU) blocks, each designed
to effectively capture multi-scale spatial features while maintaining computational
efficiency:

1. Encoder: The noisy image X̂N is successively processed through six RSU stages
(Stage 1 to Stage 6), where each stage refines the spatial representations using
residual encoding. As shown in the schematic, each RSU block comprises a
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Conv2D+BatchNorm+ReLU stack, which applies downsampling to enlarge the
receptive field while reducing spatial resolution.

2. Decoder: After the final encoder stage (Stage 6), the model reconstructs high-
resolution features via a mirrored decoder structure. Each decoder stage (from
Stage 5 to Stage 1) receives upsampled features concatenated with skip connec-
tions from its corresponding encoder stage, followed by residual RSU decoding
blocks to recover spatial details. This design enables efficient feature reuse and
context fusion.

3. Residual Connections: As highlighted in the image, skip connections and
element-wise summation between encoder and decoder outputs enhance feature
propagation and support robust gradient flow during training.

4. Side Outputs and Deep Supervision: The architecture includes six intermediate
side outputs (denoted as d1 through d6), each extracted from a corresponding
decoder stage. These outputs undergo upsampling and contribute to deep
supervision, encouraging multi-scale feature learning.

5. Final Reconstruction: All side outputs are fused through a final convolutional
layer (outconv) to generate the denoised output image X̂R.

(a) (b)
Figure 5. Denoise neural network model architecture: (a) U2Net model. (b) Res-U2Net model.

6. Progressive Refinement via Physics-Informed Neural Network Denoising
Figure 6 illustrates the progressive improvement in image quality over iterations of the

PINN-based denoising process [26]. Starting from the original and noisy inputs (top row),
the bottom sequence shows how the model gradually reconstructs structural details while
suppressing speckle noise. Early iterations retain high levels of noise and artifacts, whereas
later stages achieve clearer and sharper restorations that closely resemble the ground truth.
This highlights the capacity of the physics-informed approach to balance noise reduction
with feature preservation throughout the training process.
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Figure 6. Evolution of the image denoising process using the proposed physics-informed neural
network (PINN) framework. The top row shows the clean image, the speckle-corrupted noisy
input, and the final denoised output. The bottom row illustrates the iterative refinement over
multiple training steps, where the PINN progressively suppresses noise and restores structural
details, converging toward the clean reference image.

PINN-Based Image Denoising: Pseudocode

The proposed algorithm (see Algorithm 1) performs image denoising (see Figure 7)
based on PINN by integrating a neural network backbone, such as UNet or ResUNet, with a
residual based on diffusion-based partial differential equations (PDE), following principles
similar to those described in [44]. First, the chosen model is constructed with symmetric
encoder–decoder stages (with skip connections or residual blocks). During training, each
noisy input Y is passed through the network to produce a prediction û:

1. Data fidelity loss Ldata (mean squared error between û and the clean image X).
2. PDE loss LPDE enforcement κ ∆û−model(û) ≈ 0.
3. Perceptual loss Lperc (L1 distance).
4. Boundary Condition LossLBC →MSE(û, 0).
5. Loss of initial condition LIC →MSE(X̂r0, X0).

The total loss is a weighted sum of these terms and is minimized via the Adam
optimizer over a fixed number of epochs. Periodic logging of individual loss components
ensures stable convergence. The final output is the denoised image X̂ = model(Y), which
effectively suppresses the speckle while preserving structural details.

Figure 7. Visual comparison of original and speckle-corrupted images from the RESISC and AID
datasets used in the PINN-based denoising simulation.
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Algorithm 1 Physics-informed PINN–PDE image denoising scheme

Require: Clean image X, noisy image Y, number of epochs E, architecture arch
Ensure: Denoised image X̂

Model construction
1: function BUILDMODEL(arch)
2: if arch = “UNet” then
3: Define encoder–decoder with standard UNet blocks
4: else if arch = “ResUNet” then
5: Define encoder–decoder with residual UNet blocks
6: else if arch = “U2Net” then
7: Define encoder–decoder with nested U2 blocks
8: else if arch = “ResU2Net” then
9: Define encoder–decoder with residual U2 blocks (ResU2Net–ZG backbone)

10: end if
11: return modelθ

12: end function
PDE residual

13: function DIFFUSIONRESIDUAL(u, modelθ , κ)
14: Compute discrete Laplacian ∆u using a fixed convolution kernel
15: f̂θ(u)← modelθ(u)
16: return r(u) = κ ∆u− f̂θ(u)
17: end function

Loss function
18: function COMPUTELOSS(û, X, modelθ)
19: Ldata ← MSE(û, X)
20: LIC ← MSE(Xr, X0) ▷ Initial-condition consistency
21: LBC ← MSE(û|∂Ω, 0) ▷ Boundary condition
22: LPDE ← MSE(DiffusionResidual(û, modelθ , κ), 0)
23: Lperc ← L1(û, X)
24: Ltotal ← Ldata + LPDE + 0.1 Lperc + 0.03 LIC + 0.02 LBC
25: return Ltotal
26: end function

Training loop
27: function TRAINPINN(X, Y, E, arch)
28: modelθ ← BUILDMODEL(arch)
29: Initialize the Adam optimizer for parameters θ
30: for e = 1 to E do
31: û← modelθ(Y)
32: Resize/crop û to match the spatial size of X
33: L← COMPUTELOSS(û, X, modelθ)
34: Update θ with one Adam step using ∇θ L
35: if e mod 100 = 0 then
36: Log e, L, LPDE and Lperc
37: end if
38: end for
39: return modelθ(Y)
40: end function

Main procedure
41: Load X and generate Y (e.g., Y ← add_speckle(X))
42: X̂ ← TRAINPINN(X, Y, 500, “ResU2Net”)
43: Display and/or save X̂

7. Experimental Results
The performance of the proposed PINN–PDE denoising framework was evaluated

using a dedicated protocol (see Table 3). Specifically, we applied the system to aerial scene
images from the RESISC and AID datasets [87,88]. To simulate noise (see Figures 8 and 9)
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and testing in the laboratory (see Figure 10), we used the widely accepted multiplicative
noise model defined as Y = N ·X, where Y ∈ RW×H denotes the observed noisy image, X ∈
RW×H is the underlying clean image, and N ∈ RW×H represents the speckle component
modeled using a Nakagami–Rayleigh distribution [86]. The enhanced (denoised) images
were subsequently assessed using the neural network architecture described in Section 5.
Methods were evaluated and compared using PSNR, SSIM, ENL, and CNR to validate the
PINN approach across multiple neural network configurations (see Tables 4 and 5). PSNR
quantifies the fidelity of the reconstruction in decibels (higher values are better; values
>20 dB typically indicate acceptable quality). SSIM measures the perceptual similarity
of luminance, contrast, and structure (higher is better; values >0.5 denote moderate to
strong similarity). For speckle, the equivalent number of looks (ENL) gauges residual
multiplicative noise within homogeneous regions (higher ENL indicates stronger speckle
suppression). Finally, CNR assesses edge/target visibility relative to background noise
(higher CNR is better suited for contrast and boundary preservation). Reporting all four
metrics—PSNR/SSIM for fidelity, and ENL/CNR for speckle-specific behavior—provides
a balanced basis for comparison with previous work [89,90].

Table 3. PDE-based deep learning denoising on 256× 256 image inputs using different backbone
architectures and GPU platforms.

Model GeForce RTX 3060 Jetson Nano Jetson Xavier

UNet Real-time (20–30 FPS) Slow (1–3 FPS) Moderate (8–12 FPS)
ResUNet Fast (15–20 FPS) Slow (0.5–2 FPS) Moderate (6–10 FPS)
U2Net Moderate (10–15 FPS) Very slow (< 1 FPS) Slow (4–7 FPS)
ResU2Net Moderate (8–12 FPS) Not feasible without quantization Slow (3–6 FPS)

Table 4. PSNR (dB) ↑ and SSIM ↑ scores for denoised images obtained with the heat, diffusion,
MPMC, and ZG PDE models.

Method Heat
(PSNR/SSIM)

Diffusion
(PSNR/SSIM)

MPMC
(PSNR/SSIM)

ZG
(PSNR/SSIM)

UNet 15.01/0.75 16.63/0.78 17.25/0.75 20.95/0.77
ResUNet 27.13/0.78 20.03/0.88 15.72/0.89 29.90/0.87
U2Net 26.70/0.79 25.69/0.90 16.44/0.93 30.82/0.89
ResU2Net 32.24/0.89 34.72/0.91 37.24/0.97 42.24/0.98

Table 5. ENL ↑ and CNR ↑ scores for denoised images obtained with the heat, diffusion, MPMC, and
ZG PDE models. Higher values indicate better speckle suppression and contrast preservation.

Method Heat
(ENL/CNR)

Diffusion
(ENL/CNR)

MPMC
(ENL/CNR) ZG (ENL/CNR)

UNet 8.01/2.55 10.00/2.12 8.30/2.25 9.69/4.36
ResUNet 9.10/6.06 9.58/3.41 10.24/6.46 11.21/4.53
U2Net 9.11/5.55 10.47/4.31 16.76/6.96 11.72/7.36
ResU2Net 9.61/6.43 11.60/4.46 18.58/8.30 22.24/9.61
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(a) PDE heat.

(b) PDE diffusion.

Figure 8. Results of image denoising using neural networks integrated with two PDE models:
(a) Heat. (b) Diffusion. Each panel shows the outputs of the UNet, ResUNet, U2Net, and ResU2Net
architectures applied to noisy input images from the RESISC and AID datasets.
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(a) PDE MPMC.

(b) PDE ZG.

Figure 9. Results of image denoising using neural networks integrated with four PDE models:
(a) MPMC. (b) ZG. Each panel shows the outputs of the UNet, ResUNet, U2Net, and ResU2Net
architectures applied to noisy input images from the RESISC and AID datasets.
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(a) Image with noise

(b) Denoised image

Figure 10. Experimental laboratory evaluation of image denoising performance using a ResU2Net
architecture regularized by the ZG PDE model.

7.1. Correctness and Reliability Analysis

Given a noisy input image y, our network produces a reconstruction x̂ = fθ(y) by
minimizing a composite training objective:

Ltotal(θ) = λPDELPDE(x̂) + λ1Lper(x̂) + λ2Ldata(x̂, xref) + λ3LIC(x̂) + λ4LBC(x̂), (16)

where the PDE loss enforces numerical consistency with the selected prior through a
discrete residual operatorR(·):

LPDE(x̂) =
1
|Ω| ∑

p∈Ω
∥R(x̂)(p)∥2

2. (17)

For the linear priors (heat/diffusion),R is a local, bounded finite-difference operator; hence
LPDE acts as a structured Tikhonov-like regularizer that stabilizes the mapping y 7→ x̂ by
discouraging high-frequency components inconsistent with the PDE prior. For nonlinear
priors (MPMC/ZG),R remains local and curvature-/edge-aware, providing a physically
meaningful constraint that suppresses noise while preserving geometry. Although the
overall optimization is non-convex due to fθ , the PDE residual term improves reliability by
shrinking the feasible set toward PDE-consistent reconstructions, reducing sensitivity to
spurious solutions.

7.2. Repeatability Across Images and Noise Levels

Table 6 reports the PSNR standard test images under three Gaussian noise levels
(σ∈{15, 25, 50}). A key reliability property is consistent dominance: our method attains the
highest PSNR for every image and every noise level, indicating that performance is not driven
by a small subset of favorable cases.

To quantify the effect size, we compare against the strongest deep baseline in Table 6
on a per-image basis and report the mean improvement with a 95% confidence interval (CI)
over the 10 images:

σ = 15 : ∆PSNR = 8.48 dB [7.21, 9.74]; (18)

σ = 25 : ∆PSNR = 9.33 dB [7.89, 10.78]; (19)

σ = 50 : ∆PSNR = 7.50 dB [5.09, 9.90]. (20)
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Moreover, the improvement holds for images at each noise level, yielding a sign-test
probability of p = 2−10 ≈ 9.77× 10−4 per noise level, which supports the notion that
the gain is systematic rather than incidental. At the aggregate level (Average column
in Table 6), our PSNR is also substantially higher: 41.19 vs. 32.87 dB (σ = 15), 39.58 vs.
30.43 dB (σ = 25), and 34.64 vs. 27.14 dB (σ = 50), confirming a large accuracy margin
under increasingly severe corruption.

Table 6. PSNR (dB) achieved by competing image denoising methods on standard test images based
on the ResU2Net–ZG method.

Method C.Man House Peppers Starfish Monar Airpl Parrot Boat Man Couple Average

σ = 15

BM3D [18] 31.92 34.94 32.70 31.15 31.86 31.08 31.38 32.14 31.93 32.11 32.38
WNNM [91] 32.18 35.15 32.97 31.83 32.72 31.40 31.61 32.28 32.12 32.18 32.70
EPLL [92] 31.82 34.14 32.58 31.08 32.03 31.16 31.40 31.91 31.97 31.90 32.10
TNRD [93] 32.19 34.55 33.03 31.76 32.57 31.47 31.63 32.15 32.24 32.11 32.51
DnCNN-S [94] 32.62 35.00 33.29 32.23 33.10 31.70 31.84 32.42 32.47 32.47 32.87
MemNet [95] 32.51 35.10 33.31 32.12 33.04 31.53 31.73 32.43 32.45 32.49 32.83
Ours 38.27 43.53 38.33 41.40 42.22 42.50 41.39 41.06 41.53 41.68 41.19

σ = 25

BM3D 29.45 32.86 30.16 28.56 29.25 28.43 28.93 29.91 29.62 29.72 29.98
WNNM 29.64 33.23 30.40 29.03 29.85 29.69 29.12 30.03 29.77 29.82 30.26
EPLL 29.24 32.04 30.07 28.43 29.30 28.56 28.91 29.29 29.63 29.48 29.63
TNRD 29.71 32.54 30.55 29.02 29.86 28.98 29.18 29.92 29.88 29.71 30.66
DnCNN-S 30.19 33.09 30.85 29.40 30.23 29.13 29.42 30.22 30.11 30.12 30.43
MemNet 30.02 33.25 30.87 29.35 30.24 29.03 29.30 30.21 30.08 30.14 30.41
Ours 37.90 42.99 35.57 39.80 41.84 40.40 37.47 38.72 41.02 40.13 39.58

σ = 50

BM3D 26.13 29.69 26.68 25.04 25.82 25.10 25.90 26.78 26.81 26.46 26.73
WNNM 26.42 30.33 26.91 25.43 26.32 25.42 26.09 26.97 26.94 26.64 27.04
EPLL 26.02 28.76 26.63 25.04 25.78 25.24 25.84 26.65 26.72 26.24 26.35
TNRD 26.62 29.48 27.10 25.42 26.31 25.59 26.16 26.94 26.98 26.50 26.81
DnCNN-S 27.00 30.02 27.29 25.70 26.77 26.46 26.88 27.19 27.24 26.90 27.14
MemNet 27.24 30.70 27.51 25.76 27.19 26.96 26.50 27.06 27.24 27.14 27.40
Ours 35.88 41.19 28.53 35.57 37.86 35.73 33.93 35.60 30.97 31.16 34.64

7.3. Discussions

The simulation Figure 9 of the results demonstrates the effectiveness of the proposed
PINN–PDE-based denoising framework in improving image quality and suppressing
speckle noise across a variety of neural network backbones and PDE models. In Table 4, the
PSNR and SSIM metrics consistently improve when any of the heat, diffusion, MPMC, or
ZG PDE models are applied. Among these, the ZG model yields the highest overall gains in
both metrics across all architectures. For example, ResU2Net achieves the best performance,
reaching a PSNR of 42.24 dB and an SSIM of 0.98, indicating highly effective noise removal
while preserving structural image details. The observed performance trend, heat < diffu-
sion < MPMC < ZG, suggests that progressively more sophisticated PDE formulations
provide stronger regularization and structural fidelity in the denoising process.

Similarly, Table 5 shows clear improvements in ENL and CNR, which are critical for
evaluating speckle suppression and contrast preservation. Again, the ZG model stands out,
with ResU2Net achieving the highest scores. ENL = 22.24 and CNR = 9.61 dB, indicating
excellent homogeneity in flat regions and strong contrast between regions of interest.
Notably, the MPMC and diffusion models also show competitive results, outperforming
simpler models like heat, particularly in terms of CNR.
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Compared with traditional methods (see Tables 6 and 7) such as models based on
BM3D, EPLL, TNRD, MEmNet, SAR-DRN, WNNM, and PDE, our proposed methods
show moderate performance, with PSNR values below 32 dB and SSIM scores ranging
from 0.81 to 0.89. Deep learning-based models such as DnCNN, ECNDNet, and RSIDNet
achieve better results, with PSNR around 31.6–31.9 dB and SSIM up to 0.94. In particular,
ADNet, an attention-guided CNN, achieves the best among these with 34.14 dB PSNR and
0.96 SSIM. However, the proposed PINN-ResU2Net model significantly outperforms all
others, achieving a PSNR of 42.24 dB and an SSIM of 0.98, demonstrating the effectiveness
of combining physics-informed neural networks with the ResU2Net architecture for high-
quality image denoising.

Although the proposed PINN–PDE-based denoising framework demonstrates state-
of-the-art performance in PSNR, SSIM, ENL, and CNR, several limitations remain. The
current evaluation relies mainly on simulated and benchmark datasets, which may not
fully reflect the variability and complexity of real-world noise patterns. Joint optimization
of PDE residuals and network parameters also introduces additional computational cost,
particularly for large-scale or high-resolution images. Moreover, the framework currently
employs a fixed set of PDE models (heat, diffusion, MPMC, and ZG), which may limit
its adaptability to different noise characteristics. Future work will focus on extending the
framework to real-world and multimodal datasets, enhancing computational efficiency
through model compression and hardware acceleration, and incorporating adaptive PDE
selection strategies. Integration of uncertainty estimation into the PINN formulation is also
planned to improve the interpretability and reliability of the model.

The proposed model achieves strong accuracy in speckle-degraded images (see
Table 8), outperforming classical and several modern baselines in our setting while re-
maining interpretable through its PDE priors. Compared with transformer denoisers
and diffusion models, it is lighter and more data-efficient; although those methods can
reach higher peaks on natural images at a greater memory/compute cost. Unlike self-
supervised/SAR-specific approaches, our supervised, physics-guided design preserves
structures more reliably when clean supervision is available and generalizes well across
backbones; however, it introduces extra loss terms and training overhead. Deep-unrolling
and plug-and-play frameworks offer strong generalization but incur iterative inference;
GAN variants enhance perceptual sharpness, yet risk hallucinations; wavelet-domain nets
are efficient but less flexible. In general, our method strikes a practical balance of quality,
robustness, and interpretability for speckle denoising, with the main trade-off being the
additional computation of physics-informed losses.

The results in Tables 9 and 10 demonstrate the scalability and versatility of the pro-
posed denoising framework across a wide range of datasets with different image character-
istics and under varying noise conditions. Consistently high PSNR and SSIM values across
all noise levels indicate robust generalization, particularly for challenging scenarios such as
high variability AWGN (σ = 50) and strong multiplicative noise (Γ = 8). Performance re-
mains stable across both natural and remote sensing datasets, highlighting the adaptability
of the method to varying image domains and noise distributions.
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Table 7. Numerical evaluations on image denoising and speckle suppression. The proposed
ResU2Net–ZG method consistently outperforms competing approaches.

Method PSNR (dB) ↑ SSIM ↑ Model

SAR-DRN [96] 27.93 0.81 UNet with TV regularization.
RSIDNet [97] 31.84 0.94 CNN-based encoder–attention–decoder architecture.
DnCNN [94] 31.90 0.93 Feed-forward denoising convolutional neural network.
ECNDNet [98] 31.60 0.93 Convolutional neural denoising network.
ADNet [99] 34.14 0.96 Attention-guided denoising convolutional neural network.
WNNM [91] 31.90 0.85 Weighted nuclear norm minimization.
TV-L2 [100] 30.28 0.89 Nonlinear PDE-based total variation model (L2 fidelity).
TV-H−1 [100] 31.53 0.89 Nonlinear PDE-based total variation model (H−1 fidelity).
Pureformer [43] 29.64 0.86 Transformer-based Image Denoising.
Diffusion
Models [101] 31.64 — Denoising Diffusion Models with Iteratively Preconditioned Guidance.
Self-
argumented(ViT) [102] 25.53 0.75 Noise2Noise Image Denoising.
Deep Image
Prior [103] 33.10 0.961 Deep Image Prior for image denoising.

Ours 42.24 0.98 PINN–ResU2Net (physics-informed ResU2Net with ZG prior).

Table 8. Overview comparison between modern image denoising techniques and the proposed
ResU2Net–ZG model.

Method PSNR/SSIM Pros Cons

Transformer
denoisers [104] 51.16/0.99 High reconstruction quality on natural

images.
Increased memory footprint and
computational cost.

Diffusion models [101] 32.40/— Flexible modeling of complex noise
distributions.

High training and sampling
complexity.

Self-supervised/
unsupervised [105] 32.46/0.81 Do not require clean target images for

training.
Typically trail supervised
state-of-the-art performance.

Deep unrolling [106] 30.19/0.80 Strong generalization linked to
iterative optimization priors.

Requires careful tuning and
model-specific design.

GAN-based
denoisers [107] 32.87/— Good perceptual quality and sharper

textures.
Training and stabilization are more
difficult.

Wavelet-domain deep
learning [108] 28.55/— Good detail recovery in the transform

domain.
May be less flexible across diverse
noise types.

Speckle-specific
self-supervised [109] 30.61/0.88 Preserves structural information in

speckle-dominated images.
Performance can be sensitive to
acquisition conditions.

Ours (ResU2Net–ZG) 42.24/0.98 Robust denoising when labeled data
are scarce; physics-informed prior.

More complex loss design and
higher computational cost.

Table 9. Quantitative comparison of denoising performance of ResU2Net–ZG across multiple datasets
and noise models (AWGM and Poisson–Gaussian).

Dataset
AWGM Poisson–Gaussian

σ = 15 σ = 25 σ = 50 λ = 1 λ = 4 λ = 8

AID [88] 33.00/0.90 38.20/0.96 39.49/0.98 38.26/0.96 40.23/0.98 40.60/0.98
BSD68 [110] 36.81/0.97 29.54/0.88 28.45/0.84 38.77/0.98 37.70/0.97 37.47/0.97
Urban100 [111] 40.69/0.97 39.23/0.96 28.04/0.87 39.43/0.97 39.26/0.96 38.64/0.96
DIV2K [112] 40.37/0.97 39.17/0.97 38.72/0.97 41.68/0.98 40.00/0.97 39.20/0.96
Kodak24 [113] 39.41/0.96 39.15/0.96 33.69/0.87 38.61/0.96 39.69/0.97 40.93/0.97
Set12 [1] 33.48/0.92 33.50/0.91 36.88/0.95 36.96/0.96 37.11/0.95 38.02/0.96
RESISC [87] 40.65/0.97 36.58/0.92 33.24/0.86 41.27/0.98 40.16/0.97 40.48/0.97
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Table 10. Quantitative comparison of denoising performance of ResU2Net–ZG across multiple
datasets for speckle noise.

Dataset
Speckle

Γ = 1 Γ = 4 Γ = 8

AID [88] 40.18/0.97 38.94/0.97 38.64/0.96
BSD68 [110] 39.86/0.98 38.53/0.97 36.12/0.97
Urban100 [111] 39.57/0.98 38.79/0.95 38.03/0.95
DIV2K [112] 41.90/0.97 40.19/0.97 39.79/0.96
Kodak24 [113] 38.65/0.95 39.07/0.96 39.29/0.96
Set12 [1] 37.37/0.96 38.33/0.96 38.49/0.96
RESISC [87] 40.79/0.98 40.16/0.96 37.37/0.95

8. Conclusions and Future Work
This study presented a physics-informed denoising framework that integrates four

partial differential equation (PDE) priors: heat, diffusion, MPMC, and ZG—into deep
neural network architectures to address image denoising and speckle suppression. Theo-
retically, the work establishes a bridge between classical PDE-based modeling and modern
deep learning, enhancing interpretability and improving noise suppression by embedding
physical priors into the learning process. Practically, the proposed framework demonstrates
strong reconstruction performance, achieving high PSNR, SSIM, ENL, and CNR values
on the RESISC and AID aerial datasets, with the ZG prior in combination with ResU2Net
providing the most consistent results. This confirms the effectiveness of the PINN–PDE
approach in restoring speckle-degraded imagery across different backbones of the network.

The main contributions of this research are threefold. First, it introduces a unified
PINN–PDE denoising strategy that is generalizable across architectures. Second, it provides
a systematic comparison of the PDE priors, identifying the ZG model as particularly
effective. Third, it validates the framework for challenging aerial imagery, achieving state-
of-the-art results in multiple quality metrics. These contributions highlight the value of
incorporating physics-based constraints into deep learning for robust image restoration.
In practical terms, the framework offers several advantages. By leveraging PDE priors, it
reduces dependence on large labeled datasets, making it suitable for real-world applications
where ground truth is limited. Its modular structure enables easy integration with existing
neural models, and the enhanced preservation of structural details makes it well-suited for
downstream tasks such as classification, object detection, and change analysis. Moreover,
the use of interpretable PDE dynamics increases trust and traceability, which are critical in
sensitive domains such as environmental monitoring and medical imaging.

The experiments rely mainly on simulated and benchmark datasets, which may not
fully capture the complexity of real-world noise. Joint optimization of PDE residuals
and network parameters increases computational costs, particularly for high-resolution
images. Furthermore, the use of fixed PDE priors constrains the adaptability of the frame-
work to complex or mixed noise types. Future research will address these challenges
by developing adaptive PDE learning strategies that dynamically tune the priors during
training and incorporate attention mechanisms and multi-scale representations to better
preserve edges and fine structures. We will also extend the framework to realistic noise and
acquisition conditions through systematic stress tests, including saturation/clipping aug-
mentation with censored-loss training, EMI-like artifact modeling (stripe/impulse/burst
corruption), and misregistration robustness via controlled shifts/warps and joint align-
ment–denoising. Finally, we will optimize the method for efficient, low-power deployment
(FPGA/embedded-GPU), enabling integration into operational imaging pipelines and edge
devices, thereby increasing its practical impact.
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Abstract

Over the last decade, convolutional neural networks (CNNs) have demonstrated significant
potential in assisting medical diagnosis. Research has focused on implementing such
networks, particularly in the context of embedded medical systems. This can be challenging
due to CNNs’ large memory footprint, high computational requirements, and need for
retained performance. One of the common approaches for high model accuracy is to use an
ensemble of several deep neural networks (DNNs). Recently, the authors have discussed
the high computational demands of DNN ensembles. Therefore, in this paper, lightweight
ensemble solutions are investigated. Three separate types of ensembles are classified:
DNN-only (consisting of deep-of-the-shelf networks), CNN-only (consisting of customized
CNNs), and a hybrid ensemble (combining the former two architectures). Experiments
were conducted on each class using three public datasets from the MedMNIST database,
and classes were compared and contrasted. The results show that a higher sensitivity and a
smaller memory footprint can be achieved with CNN-only compared to with DNN-only.
Moreover, a hybrid ensemble approach is proposed as the best compromise between the
two, being the most lightweight, as it reduces the number of FLOPs, with the performance
result comparable to previous work. The performance drop is ∼0.3%, ∼0.4%, and ∼2%
for PathMNIST, OrganAMNIST, and OCTMNIST, but the memory footprint is reduced by
∼65%, ∼77%, and ∼82% compared to the recent state of the art. Thus, the proposed hybrid
ensemble approach is compliant with the requirements of a resource-constrained device
and suitable for implementation in a smart medical system.

Keywords: MedMNIST; neural network; classification; ensemble learning

1. Introduction
The early diagnosis of a disease is one of the key steps in the patient treatment

process [1–4]. Typically, medical experts make diagnoses using appropriate biomedical
images and manual classification of histological tissue samples. However, in the last
decade, the development of reliable machine learning (ML)-based approaches such as
neural networks (NNs) and their application in automatic computer-aided diagnosis of
many diseases has emerged [1,2,4]. Convolutional neural networks (CNNs) are extremely
popular, outperforming the other ML-based methods and reducing the time and effort for
the pathologist to analyze histological images [5]. The CNN is often associated with “deep
learning” in medical applications and is the de facto standard in the ML community. The
deeper the deep neural network (DNN) architecture, the better the accuracy, but at the cost
of an increased number of calculations and a prolonged learning time [6,7].
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Nowadays, in the era of the Internet of Medical Things (IoMT) and the constant
development of embedded medical systems with various resource-constrained end-
devices [8–10], research has been directed towards simplification of DNNs. Scientists tend
to compress DNNs as much as possible, while retaining a satisfactory performance. These
models can be referred to as “lightweight” because they are small in memory footprint
and easy to implement on an edge device for real-time application [7,11,12]. Floating-point
(FP) operations of the full-precision networks are especially expensive, so they are often
replaced by fixed-point or integer calculations with a reduced number of bits [8,13–15].
Compressed DNNs have smaller memory footprints and lower computational require-
ments. Furthermore, they are more suitable for a real-time application due to their increased
timing efficiency and faster inference time [7,15].

Many different solutions exist for smart medical edge applications, such as ARM
Central Processing Unit (CPU) processors, Graphics Processing Unit (GPU)-embedded
systems, or Field Programmable Gate Arrays (FPGAs). In this study, an FPGA is considered
over other edge technologies, as it exhibits better performance in domain-specific tasks that
require real-time monitoring, low-latency data throughput, high-accuracy decision making,
and improved energy efficiency critical for battery-constrained environments. FPGAs offer
the highest potential for ML algorithms and especially image processing tasks to be run at
the edge device, minimizing the need for data transmission and storage requirements [16].
A more detailed comparison of the advantages of FPGAs versus other solutions for NN
inference in medical edge computing can be found in [17].

The authors have shown that only sufficiently small NN models can fit into the
available memory of a resource-constrained device, such as an FPGA. For example, in
the case of the Xilinx Virtex 7 FPGA, model size should be compressed to a maximum of
8.5 MB for it to be stored directly in the on-chip memory [18]. This fact from the literature
is considered in this paper, and it is calculated that the threshold for the acceptable FP size
of the model is ≤34 MB, with the assumption that it will be further compressed to an 8-bit
integer (int8). Naturally, weights and activations could be quantized into even lower-bit
formats, and the authors are already moving towards this in the recent literature [19].

There is another important factor besides model complexity that should be taken
into account when designing NNs, and that is the performance of the model. While the
complexity is measured in the total number of parameters and in total model size, the
performance is usually the accuracy or the sensitivity of the implemented model. This is
especially crucial in medical applications, so authors constantly seek solutions that would
enhance the capability of the classification prediction scores. One of these approaches
is called ensemble learning [20,21], where models with statistically different predictions
in multi-class problems are combined to improve performance. This is still a hot topic
in medical diagnostics, where up to five base learners are combined into an ensemble
scheme [22]. Usually, the state-of-the-art DNN models are selected in studies, and they are
carefully fine-tuned and adjusted for a new task. A pre-trained model is normally obtained
via a transfer learning (TL) approach, and final predictions are combined to improve
classification prediction [23–26]. There are also studies combining deep state-of-the-art
DNNs with a custom-designed CNN network [27].

However, the authors in [6,11] recently discussed the ensemble-based combination of
deep networks as highly computationally demanding, and propose to concentrate more on
exploring ensemble techniques on simpler and smaller models, as is achieved in this paper.
Furthermore, the authors in [28] demonstrated that rather simple CNNs may achieve results
comparable to deeper networks when applied to medical image classification problems.
Using the fact that the ensemble has high complexity, and that the entire network must
be implemented within a device with limited resources, this paper aims to identify the
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best approach: to use only existing DNNs (like, for example, the ones from the ResNet,
MobileNet, or VGG family), to use a combination of DNNs and custom CNNs, or to make
an ensemble only from the smallest and most efficient custom CNNs. Three different
classes of ensemble types are defined:

• DNN-only ensemble—consisting only of the common deep state-of-the-art NN models
such as the ones from MobileNet, ResNet, VGG family, etc.;

• CNN-only ensemble—consisting only of the customized NN models, i.e., the classical
ones consisting of convolutional, pooling, and fully connected layers;

• Hybrid ensemble—combining the two former types of architectures.

This study investigates and compares the most lightweight models that can be de-
signed with the three types of ensembles above. The classification approach for the defini-
tion of these ensemble types is based on taxonomy, where each category is a predefined and
well-known type of neural network model. The purpose of this study is to help researchers
decide which type of model or ensemble model design strategy to use in medical image
classification tasks. To the best of our knowledge, this is the first time that such classes
are compared and contrasted, at the same time minimizing complexity and maximizing
performance, with the goal of finding the best trade-off ensemble type. Moreover, this
study proposes a novel “best”-candidate-selection methodology that combines Pareto
analysis with weighted radar-area scoring to compare the performance of various ensem-
ble combinations. Classical radar plots [29–31] are upgraded with a weighting function
inspired by [32], used to adjust the complexity axes for a fairer comparison. In total, three
complexity and four performance metrics were included in the evaluation, and the areas of
the obtained polygons are used as final evaluation scores. This study is general, and the
presented methodology could be applied for any dataset. Furthermore, the findings of this
study are confirmed using three publicly available datasets from the MedMNIST database
introduced in [33].

This paper is organized as follows. In Section 2, an overview of the literature is provided
using common state-of-the-art networks for medical image classification. Section 3 ensures
the repeatability of the study, describing the experimental setup and the methodology used.
The performance evaluation of the proposed models towards the baseline is provided in
Section 4, and Section 5 derives the limitations of the work. A conclusion is given in Section 6,
followed by the references used.

2. Brief Literature Review
There is an extensive amount of previous work on the automated classification of

medical images. Various datasets are used in these studies, but the number of publicly
available datasets is rather low. Recently, Yang et al. [33,34] developed MedMNIST, a public
dataset that consists of many different preprocessed medical datasets. Among them is
PathMNIST, a lightweight collection of colorectal cancer histopathological images, stan-
dardized for research and educational purposes. Many authors have utilized the benefits of
this dataset [7,12,33–37]. Yang et al. [33] tested the performance of PathMNIST classification
using two DNN models, Resnet50 and Resnet18, and obtained performance scores of 91.1%
and 90.7%, respectively. Salehin et al. [12] surpassed previous work and developed a model
called MedvCNN, which yields 84.1% mean accuracy but has twice as few parameters as
compared to ResNet18 (5.56 M).

As improving the performance of classification models is a key factor for medical ap-
plications, recent works have begun to demonstrate new ideas for increasing efficiency, one
of which is the development of an ensemble that combines multiple classifiers. For example,
Yang et al. [38] developed a combination of three fine-tuned DNN classifiers. Similarly, the
authors in [39] merged five DNNs for fine-tuning and optimized the computations in each
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classifier. In their work, various ensemble methods are compared, like majority voting,
simple averaging, and weighted averaging, to enhance the performance of COVID-19
infection identification.

The works of Kundu et al. [21,40] propose novel approaches to enhancing methods
for combining the base model outputs and assigning weights to the base classifiers. They
also use pre-trained deep models to enhance the classification performance using chest
X-ray images. Ghosh et al. [20] went a step further and proposed an ensemble of deep
networks, but combined it with the merged input datasets. These authors showed that by
increasing the diversity of the input data, the overall classification score improves. Recently,
the authors in [6] considered an ensemble-based combination of deep networks such as the
one from [20] as highly computationally demanding and suggested a hybrid deep learning
method that outperforms existing models in efficiency and computational complexity. An
additional ensemble of lightweight NNs is proposed in [11], and it is shown that it is
more accurate than state-of-the-art methods and deployable in practice. A different idea to
enhance the performance of classification models is to include other information besides
medical images in the data training procedure [35,41]. However, the inclusion of additional
learnable characteristics causes additional costs in parameters and memory.

Recently, the authors in [6] discussed the computational complexity vs. accuracy trade-
off for various DNNs. They also suggest hybrid deep learning models that outperform
existing methods in efficiency and time, such as ResNet, used via transfer learning (TL) [42],
or the ensemble-based structure [20]. The work of [43] presents a TL-based approach
for organ classification and emphasizes the need for using lightweight pre-trained DNN
architectures in the ensemble. They suggest utilizing the ones with a minimal parameter
count and targeted for mobile edge devices, i.e., VGG19, EfficientNetB0 (EffB0), and
MobileNetV2 (MobV2). Hsia et al. [7] proposed the reduction in size, the number of
FLOPs, and trainable parameters of the existing DenseNet. They modified it to be more
suitable for real-time purposes, with an accuracy of 95%. The work in [3] compared a
larger ResNet18 model to a lightweight SqueezeNet variant, and found that the latter is
less effective for predicting colon cancer and requires a larger training dataset to improve
classification performance.

The work in [9] presents a lightweight fast NN for tumor patch classification that
has fewer trainable parameters (0.22 M) and a smaller operation count (210 M) compared
to the well-known lightweight DNNs. Similarly, Kumar et al. [14] proposed a small and
efficient CNN model for histopathology image classification based on MobileNet. The
model was implemented on several resource-constrained edge devices, after being com-
pressed using a lower-bit representation for the weights instead of the typical 32-bit floating
point. Moreover, other works [15,44] have also reported their efforts in applying the usual
compression techniques such as model pruning and quantization. For example, the work
in [15] demonstrated a variant of DenseNet, which exhibited superior performance over
the lightweight MobileNetV2 or ShuffleNet. The authors in [44] also gradually reduced
pre-trained DNNs in size and obtained a hardware-friendly integer model representation.
They analyzed the impact of different quantization techniques on the accuracy, model size,
and inference time for each of the selected models and improved their memory, power, and
computational requirements without affecting the classification performance.

Recently, lightweight CNNs were replaced by vision transformer models for mobile
vision tasks [37,45,46]. In their method, the image is divided into patches and transformer
layers are applied due to their relation to benefiting the classification score. The perfor-
mance is measured as a trade-off between accuracy and complexity, expressed as the total
number of trainable parameters. The study in [47] employs a hybrid model combining
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transformer and CNN models, and shows comparable performance to the existing work in
image classification tasks on the MedMNIST database.

Since most authors often combine deep off-the-shelf models when designing an ensem-
ble, and sometimes include a custom CNN architecture, the main contribution of this study
is providing answers to the following several posed research questions (RQ) that arise:

• RQ1: The first answer provided in this study addresses the question of whether it is
worthwhile to design a custom CNN ensemble at all, or if we can rely on a combination
of existing deep networks adapted to the new application.

• RQ2: Next, an answer is found to the question of whether it is possible to use only
custom-designed CNN models, which could have more FP operations than existing
deep networks like MobileNet or ResNet (but again, as many as the FPGA device
supports), but will be smaller and/or more efficient than a combination of existing
deep networks.

• RQ3: Finally, the findings in this study answer the question of whether a combination
of both model types, i.e., a hybrid ensemble approach, is the best compromise.

3. Materials and Methods
3.1. Dataset

The MedMNISTv2 [33] is a publicly available MNIST-like dataset with 12 types of
biomedical images widely used in medical image analysis. Original images of size 224× 224
were preprocessed into a lightweight size of 28 × 28. The images contain the correspond-
ing classification labels such that no background knowledge is needed from the medical
domain. The current experiment is conducted on three selected MedMNIST datasets.
PathMNIST is a subset of the MedMNIST containing histopathology color scans of col-
orectal cancer tissues. The dataset has nine classes, and these are adipose, background,
debris, lymphocytes, mucus, smooth muscle, normal colon mucosa, cancer-associated
stroma, and colorectal adenocarcinoma epithelial. The OrganAMNIST dataset is an axial
grayscale view of the eleven 3D computed tomography (CT) organ scans: bladder, left
femur, right femur, heart, left kidney, right kidney, liver, left lung, right lung, pancreas,
and spleen. The OCTMNIST grayscale image dataset comprises four diagnosis classes:
choroidal neovascularization, diabetic macular edema, drusen, and a normal retina. For
simplicity, classes from the former three datasets are referred to as numbers 0–8, 0–10, and
0–3 throughout the paper. Details of the datasets are given in Table 1. The visualization of
random images from the datasets is given in Figure 1a–c.

Table 1. Details of the datasets used in this paper.

Dataset Image Size Num. of Classes Num. of Samples Train/Validation/Testing[Width × Height × Color]

PathMNIST 28 × 28 × 3 9 107,180 84%/9.3%/6.7%
OrganAMNIST 28 × 28 × 1 11 58,850 58.8%/11%/30.2%
OCTMNIST 28 × 28 × 1 4 109,309 89.2%/9.9%/0.9%

3.2. Baseline Models
3.2.1. DNN Classification Architectures

The selection of the baseline architectures is made depending on whether the archi-
tectures are reported in the literature as high-performing or suitable for implementation
on edge devices. Hence, it is decided to use five DNNs: ResNet50, MobileNetV2, Mo-
bileNetV3Large (MobV3), EfficientNetB0, and DenseNet121. Overall, the parameter size of
the selected models is such that they utilize up to 100 MB, so it is possible to fit them in the
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limited memory of the edge device. The smallest models are especially interesting, as they
could fit even into the most limited hardware on-chip memory [18].

(a) PathMNIST (b) OrganAMNIST (c) OCTMNIST

Figure 1. Visualization of random images from the used MedMNIST datasets [33].

ResNet architectures are rather popular in biomedical image classification, although
they have a large number of trainable parameters. On the other hand, the MobileNet
family of architectures is described in the literature as lightweight and memory-efficient,
with a low computational cost, and thus is able to run on limited edge devices such as
mobile phones [48,49]. There are two common generations of lightweight variants with
increased classification efficiency and modest latency, MobileNetV2 and MobileNetV3, and
it was considered useful to include both in this research. EfficientNet follows the same
strategy as MobileNet to compress the network and reduce computational cost [9]. There
are eight variants of EfficientNet available in the Tensorflow framework, labeled from
B0 to B7 [13]. It is stated in [50] that EfficientNetB0 is the most efficient and uses fewer
parameters, so it is included in this study. Furthermore, DenseNet121 [51] is selected to be
tested for the implementation on the edge device due to its high accuracy and a comparable
number of parameters to EfficientNetB0. There are some other DNN architectures marked
in the literature as lightweight, like Squeezenet [49] or ShuffleNet [9]. However, several
researchers have highlighted a number of issues with them [1,3,52,53], so it was decided
not to use them in this study.

3.2.2. The Customized State-of-the-Art CNN Architectures

Recently, the authors in [36] designed a customized CNN for the classification of low-
level medical images. They used the PathMNIST dataset and showed that using a CNN is a
preferable choice for this type of classification problem. Hence, this model is adopted from
the literature and used as a baseline architecture. The details of the implementation are
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shown in Figure 2a. The model contains five blocks of 2D convolution layers, with batch
normalization and ReLU activations for the output features on each block. Finally, the
output of the last block is fed to a Max pooling layer to reduce computational complexity.
The most prominent image features are processed by three fully connected or dense layers,
where the first two utilize a ReLU function, and the last layer uses Softmax to calculate
the final probabilities [36]. This architecture is referred to as CNN5 throughout the paper
because it has five convolutional layers. It is also referred to as Model A.
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Figure 2. The classification models A, B, and D used in this paper (all datasets). (a) Adjei_CNN5 (A)
from [36]; (b) Diniz_CNN8 (B4) from [54]; (c) DaSilva_CNN9 (D3) from [55].

Other customized state-of-the-art solutions are taken from [54–56]. The authors use
principles of genetic programming, and develop a methodology that resulted in the de-
velopment of novel optimized CNN architectures. First, Diniz et al. [54] proposed an
architecture from Figure 2b. This architecture has eight convolutional layers, so it is re-
ferred to as CNN8. In fact, it has four blocks of double convolutional layer + pooling
layer, so the architecture is also referred to as Model B4. In addition, variants smaller
than CNN8 are derived, consisting of three blocks (six convolutional layers), two blocks
(four convolutional layers), and a single block (two convolutional layers). Similarily, these
models are referred to as CNN6 (B3), CNN4 (B2), and CNN2 (B1), respectively.

Next, da Silva et al. [56] designed architectures specifically generated for each dataset,
i.e., for PathMNIST, OrganAMNIST, and OCTMNIST. They are visualized in Figure 3,
and they have six or nine convolutional layers arranged in two or three blocks depending
on the dataset. Smaller and larger variants of each architecture are developed here. For
example, a smaller model (CNN3 or C1) and a larger model (CNN9 or C3) were designed
for PathMNIST. Two smaller variants (CNN2 or C1 and CNN4 or C2) and a larger variant
(CNN8 or C4) were developed for OrganAMNIST. Two smaller variants (CNN3 or C1 and
CNN6 or C2) were developed for the OCTMNIST dataset.

Finally, the authors in [55] proposed the architecture visualized in Figure 2c, with
alternating layers of convolutional and batch normalization blocks. It has three blocks of
three convolution + batch normalization layers, and each block ends with a pooling layer.
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The total number of convolutional layers is nine, so the architecture is called CNN9, or D3
(if the total number of blocks is counted). Furthermore, smaller variants are developed
here, i.e., CNN6 (D2) and CNN3 (D1).

INPUT 28x28x3 

CONVOLUTION 

FLATTEN 

DENSE 

OUTPUT 

CONVOLUTION 

MAX POOLING 

DROPOUT 

CONVOLUTION 

CONVOLUTION 

MAX POOLING 

DROPOUT 

CONVOLUTION 

CONVOLUTION 

DROPOUT 

(a) DaSilva_CNN6
(C2)

CONVOLUTION
INPUT 28x28x3

FLATTEN
DENSE/DROPOUT

OUTPUT

MAX POOL

CONVOLUTION

CONVOLUTION

CONVOLUTION

CONVOLUTION
CONVOLUTION

BATCH NORMALIZATION

BATCH NORMALIZATION
DROPOUT

MAX POOL
DROPOUT

BATCH NORMALIZATION
MAX POOL
DROPOUT

(b) DaSilva_CNN6
(C3)

CONVOLUTION
INPUT 28x28x3

FLATTEN
DENSE/DROPOUT

OUTPUT

CONVOLUTION

MAX POOL/DROPOUT
CONVOLUTION
CONVOLUTION

MAX POOL/DROPOUT

CONVOLUTION

CONVOLUTION

BATCH NORMALIZATION

BATCH NORMALIZATION
CONVOLUTION
CONVOLUTION
CONVOLUTION

MAX POOL/DROPOUT
BATCH NORMALIZATION

(c) DaSilva_CNN9
(C3)

Figure 3. Classification models from [56] used for (a) PathMNIST, (b) OrganAMNIST, and (c) OCTMNIST.

3.3. Experimental Setup

Using a TL-based approach with a model pre-trained on ImageNet data is popular
in medical image classification [5,43,57]. In this work, the strategy could have been to
use randomly initialized weights or to set the initial weights to the previously trained
ImageNet model. A test was performed with the deepest ResNet50 (PathMNIST), and
the pre-trained model achieved higher accuracy (87.4%) than when trained with random
weights (78.3%), while the training parameters remained the same. Additional tests were
performed with MobileNetV2 and EfficientNetB0 (OrganAMNIST), where the efficiency
dropped to 67.43% and 84.66%, compared to the initial ImageNet pre-trained scores of
91.9% and 92.9%, respectively. Hence, all baseline-selected DNN models were imported
with weights initialized on ImageNet data but without the final classification layer. Then,
two additional layers of Max pooling (2 × 2) and flattening were added on top of the base
model. Finally, a new fully connected output layer was added. All layers of the base model
were kept trainable, as well as the additional layers.

The basic approach in the experiment involved reconstructing state-of-the-art DNN
and CNN models from the literature and then using them to develop ensemble combi-
nations. As the CNNs and DNNs trained on the MedMNIST dataset were not publicly
available, they were reconstructed based on the information available in the literature.
To obtain the DNN benchmarks, the ImageNet-pre-trained DNNs were imported from the
Keras Application module and fine-tuned for a new application. The inputs were adjusted
to the form of the data the network was trained on to accomplish a successful adaptation
of the architecture to a new domain [58,59]. Therefore, as suggested in TensorFlow Keras
documentation (https://www.tensorflow.org/api_docs/python/tf/keras/applications
(accessed on 25 March 2026)), a preprocessing function to scale the pixels to [−1,1] was ap-
plied for MobileNetV2. This preprocessing step was included since the literature confirms
it as a common part of a medical pipeline with machine learning classifiers [59]. A small
ablation-type study confirmed that the MobileNetV2 performance result is independent of
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the preprocessing applied in the current application (for different MedMNIST datasets).
Furthermore, due to the architectures being pre-trained on RGB ImageNet data, grayscale
inputs were replicated to three single-channel images. The input size was 28 × 28 × 3
for all DNNs except MobileNetV3 and DenseNet, where the input was zero-padded to
32 × 32 × 3 to be adjusted for the pre-trained networks in the TensorFlow framework.

The CNN benchmarks were reconstructed based on the description provided in the
literature. The authors in [54–56] provided enough details for the reconstruction of CNN
models B, C, and D. The specific hyperparameters for each convolutional block are given
in Table 2. On the other hand, for the reconstruction of CNN Model A, some details were
missing [36], so a Keras Tuner tool (https://github.com/keras-team/keras-tuner (accessed
on 25 March 2026)) was applied to find a number of filters in each convolutional layer
so that results from the literature could be replicated as closely as possible. A Bayesian
optimization algorithm was used with the objective to minimize validation loss. In total,
15 trials on a maximum of five epochs were examined, with the number of filters per
layer selected from {32, 64, 128}. The configuration of 32, 64, 128, 128, and 64 filters on
each convolutional layer provided the best result and was selected for the CNN5 model’s
implementation. Each dense layer had 64 filters, except the final one, where the number of
filters was set to the number of classes.

Table 2. Details of the hyperparameters for each convolutional block.

Convolutional Block Model B Model C Model C Model C Model D(PathMNIST) (OrganAMNIST) (OCTMNIST)

1 {32, 32} {32, 32, 64} {32, 32} {32, 32, 64} {32, 32, 64}
*{64, 64, 64}

2 {64, 64} {64, 128, 128} {64, 64} {64, 128, 128} {64, 128, 128}
3 {128, 128} {256, 256, 512} {128, 128} {256, 256, 512} {256, 256, 512}
4 {256, 256} - {256, 256} - -

* The hyperparameters for the C2 version of the model.

To ensure a fair comparison across model families (CNN and DNN), the input pre-
processing pipeline was standardized to minimize variations between them. Fairness was
ensured wherever possible, and the schematic is shown in Figure 4. The raw and unscaled
inputs were used for all architectures except for MobileNetV2, and input resizing was
carried out only when specifically required (MobileNetV3 and DenseNet). The grayscale-
to-RGB replication was applied for all architectures when dealing with grayscale datasets.
The formation of hybrid ensemble combinations was carried out using CNN and DNN
benchmarks, so the comparison of CNNs and DNNs with the hybrid ensembles was fair
and did not require any further adjustments.

The training protocol was uniform for all architectures. The hyperparameters were
not optimized for the learning process because the training configuration setup was taken
from the literature [36]. Hence, a variant of the Adam optimizer called AdamW was used,
with the advantage of being computationally efficient, easy to implement, and low in its
memory requirement [36,48]. It was employed with a fixed learning rate of 0.0001. Training
was performed with a batch size of 64. Sparse categorical cross-entropy was used as a loss
function, and an early stopping mechanism was employed to prevent over-fitting if the
validation loss did not decrease after five epochs. The learning curves obtained during
training of the selected models on PathMNIST dataset are given in Figure 5a–c.

All architectures were trained and tested in the Google Colab environment with the
Python 3 Google Compute Engine backend and 12.7 GB of RAM. The TensorFlow 2.18.0
Keras framework was used with the latest version v3.0.2 of the MedMNIST image database.
Due to the memory and processing constraints, models were trained for a maximum of
20 epochs.
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Figure 4. Preprocessing pipeline for all architectures.

(a) DaSilva_CNN9 (C3) (b) DaSilva_CNN6 (D2) (c) DaSilva_CNN9 (D3)

Figure 5. Learning curves for training and validation accuracy/loss (PathMNIST).

3.4. Evaluation Metrics

In the current multi-class problem, weighted recall (wR), weighted precision (wP)
as in Equation (1), F1 score (Equation (2)), and AUC are used to evaluate the model’s
performance, and they are calculated using the number of true positive (TP), true negative
(TN), false positive (FP), and false negative (FN) samples. Weighted recall is also called
weighted sensitivity (wS) throughout this paper, as it represents the models’ ability to
predict truly positive samples as positive, which is crucial in medical applications.

wP =
n

∑
i=1

wi
TPi

TPi + FPi
, wR = wS =

n

∑
i=1

wi
TPi

TPi + FNi
, wi =

TPi + FNi
TP + FP + FN + TN

. (1)

F1 =
n

∑
i=1

wi(2×
TPi

TPi+FPi
× TPi

TPi+FNi
TPi

TPi+FPi
+ TPi

TPi+FNi

) (2)

BA =
∑n

i=1
TPi

TPi+FNi

n
(3)

The parameter wi in Equations (1) and (2) is the weight applied for a class i in the
total of n classes, and it represents the support for class i in the dataset. This is the most
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commonly used method for this type of classification task, as PathMNIST and OrganAM-
NIST datasets are not fairly balanced. A weighted score is the mean of all class scores,
calculated by summing the individual scores per class, each multiplied by the number of
true samples of the class in the dataset. It is to note that although weighted metrics are
used to handle class imbalance, incorporating a weighted loss function during the actual
training could potentially yield even better results for minority classes. The AUC is the
area under the Receiver Operating Characteristics (ROC) curve, which is important for
unbalanced datasets and measures the ability of the model to distinguish between classes.
It is computed as an unweighted macro AUC, with a one-vs-rest (OvR) strategy. Unlike the
weighted metrics, it treats each class equally, regardless of its prevalence in the dataset, and
is useful when a minority class’s performance is critical.

Furthermore, the overall accuracy of the models is measured as the ratio of cor-
rectly predicted images over the total number of images in the dataset, and this is needed
for the comparison of the obtained results with the literature. All metrics are retrieved
from Scikit-learn (https://scikit-learn.org/stable/api/sklearn.metrics.html (accessed on
25 March 2026)). However, two out of the three used datasets are imbalanced enough
that macro-averaged metrics or balanced accuracy (BA) should also be reported in addi-
tion to the overall accuracy. This one is calculated by using the metrics from the same
library, i.e., the average of the recall obtained on each class (Equation (3)). For a balanced
OCTMNIST dataset, both types of accuracy yield the same value.

The parameters used to evaluate the model complexity include model size, inference
time, and the number of parameters and floating-point arithmetic operations (FLOPs).
Since the targeted models are the ones that might fit the memory of an edge medical device,
their size is evaluated here, being proportional to the total number of trainable parameters.
Model parameter count, as well as the number of FLOPs, enables one to estimate the
speed of a model when implemented on an edge device [14]. The FLOPs are estimated by
the number of memory accumulation (MAC) instructions since each instruction takes a
single floating-point computation for the CPU and GPU. The model analyzer package from
Tensorflow Profiler (https://pypi.org/project/keras-flops (accessed on 25 March 2026))
is used to calculate these computations in hardware. Furthermore, the inference time is
an important metric, revealing the time needed on the edge device to predict the classes
in the input image [9]. In this experiment, the inference time is measured on the batch of
images consisting of the full test portion of the dataset, i.e., on 7180 (PathMNIST), 17,780
(OrganAMNIST), and 1000 (OCTMNIST) test images.

3.5. The Proposed Methodology for Best Candidate Selection

Before the candidate-selection procedure, a corresponding search space was con-
structed. The ensemble combinations were formed by the conventional approach [57], with
predictions derived from baseline models and combined through averaging to yield the
final prediction scores of an ensemble. This is a form of a late ensemble, as it deals with
the predictions of the individual learners. The description of the search space formed and
tested for each ensemble type (CNN-only, DNN-only, and hybrid) is the following:

• The DNNs with the lowest footprint are combined such that the total size of the en-
semble is ≤34 MB, and the combinations are formed consisting of the top three DNNs
with the maximal wS scores (from Table 3).

• There were 39, 28, and 25 CNN ensemble combinations tested with the PathMNIST,
OrganAMNIST, and OCTMNIST datasets, respectively: 23, 16, and 15 by combining
CNNs of similar size (±1 convolutional layer); 8, 7, and 3 by combining CNNs with
the maximal wS (from Table 4); and 8, 5, and 7 formed ensembles of up to five CNN
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combinations having the highest wS value (>88%, 91%, and 76% threshold) that are
combined with the other CNNs such that the total size is ≤34 MB.

• There were 54, 40, and 33 combinations tested with hybrid models for PathMNIST,
OrganAMNIST, and OCTMNIST, respectively: 9 combining the top two CNNs and top
two DNNs with the highest wS (from Tables 3 and 4); 9 combining the top two CNNs
and top two DNNs with the lowest footprint; 15, 7, and 2 trade-off hybrid combinations;
and 21, 15, and 13 ensembles of up to five CNN combinations with the highest wS
(>88%/91%/76%) combined with DNNs such that the total size is ≤34 MB.

Table 3. The efficiency of existing DNNs. Models are sorted by wS for each dataset.

MNIST Model ⋆wS wP F1 BA AUC Size FLOPs Params Inference
Dataset [MB] (M) Time [s]

Path

DenseNet121 0.886 0.891 0.887 0.854 0.976 26.88 115.712 7,046,729 46
ResNet50 0.873 0.883 0.876 0.845 0.975 89.90 158.495 23,564,498 44

MobileNetV2 0.871 0.877 0.872 0.846 0.980 8.66 11.428 2,269,513 11
EfficientNetB0 0.860 0.875 0.865 0.826 0.981 22.62 29.326 5,930,841 21
MobileNetV3 0.833 0.843 0.836 0.801 0.958 11.46 11.857 3,005,001 13

OrganA

DenseNet121 0.942 0.943 0.942 0.937 0.996 26.89 116.607 6,965,131 77
EfficientNetB0 0.929 0.929 0.928 0.923 0.994 22.63 29.694 5,872,795 34

ResNet50 0.927 0.927 0.926 0.919 0.995 90.07 150.781 23,557,131 83
MobileNetV2 0.919 0.919 0.918 0.916 0.994 8.67 11.769 2,237,963 21
MobileNetV3 0.907 0.907 0.906 0.897 0.991 11.47 12.113 2,982,523 28

OCT

MobileNetV2 0.734 0.766 0.702 0.734 0.943 8.63 11.751 2,228,996 4
ResNet50 0.727 0.763 0.696 0.727 0.939 90.01 150.753 23,542,788 10

DenseNet121 0.724 0.784 0.695 0.724 0.939 26.89 116.592 6,957,956 14
MobileNetV3 0.706 0.749 0.673 0.706 0.902 11.44 12.100 2,975,796 9

EfficientNetB0 0.703 0.745 0.668 0.703 0.916 22.60 29.676 5,863,828 11

Bold values indicate the best scores. Inference time is measured on the full test portion of the dataset. ⋆ Primary
performance metric.

Next, the set of best ensemble combinations was selected for comparison between
CNN-only, DNN-only, and hybrid ensembles. The proposed best-candidate-selection
procedure is shown in Figure 6. It is a two-stage mechanism combining Pareto analysis
with weighted radar-area scoring. The Pareto analysis is a standard when dealing with the
design of resource-constrained smart devices, as it combines performance and device-aware
constraints, and results in the best models for multiple optimization objectives [60–62].
Therefore, the first stage of the selection procedure consists of two steps, and performs a
multi-objective Pareto algorithm (in step 1), extracting the trade-off models (temporary
best candidates) that are on the Pareto frontier. These models are considered equally good,
and they are better than the Pareto-dominated models in terms of all the optimization
objectives [62]. The Pareto analysis used here is performed as a classical multiple 2D
analysis in parallel, but in a simplified form. Namely, the authors in [60] demonstrated
that when the number of objectives is more than two, the Pareto front becomes more
complicated, so in the proposed setup, a single performance metric is fixed (wS) and tested
versus each of the three complemented complexity metrics (SizeC, FLOPsC, and TimeC)
separately. The former values SizeC, FLOPsC, and TimeC are calculated by normalizing the
complexity parameters (size [MB], FLOPs (M), and inference time [s]) w.r.t. the maximal
value and calculating their complement (Equation (4)), such that the final goal in each
analysis is to maximize both objectives.

SizeC = 1− Sizenorm, FLOPsC = 1− FLOPsnorm, TimeC = 1− Timenorm. (4)
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Table 4. The classification efficiency of existing CNNs using the MedMNIST dataset.

MNIST Model ⋆wS wP F1 BA AUC Size FLOPs Params Inference
Dataset [MB] (M) Time [s]

Adjei_CNN5 (A) 0.851 0.853 0.846 0.806 0.979 4.280 495.324 1,123,081 45

Diniz_CNN2 (B1) 0.796 0.813 0.799 0.759 0.966 6.17 19.097 1,618,345 8
Diniz_CNN4 (B2) 0.845 0.853 0.846 0.803 0.981 3.32 39.205 870,953 11
Diniz_CNN6 (B3) 0.841 0.850 0.842 0.800 0.979 3.10 60.345 813,865 14
Diniz_CNN8 (B4) 0.852 0.859 0.851 0.814 0.983 5.48 88.144 1,436,969 16

Path small_CNN3 (C1) 0.859 0.869 0.860 0.816 0.980 6.24 48.071 1,635,561 11
DaSilva_CNN6 (C2) 0.894 0.900 0.894 0.869 0.988 4.16 147.708 1,091,113 28

large_CNN9 (C3) 0.875 0.879 0.875 0.845 0.979 12.98 350.592 3,402,281 54

small_CNN3 (D1) 0.798 0.824 0.804 0.768 0.959 12.37 51.486 3,242,729 13
small_CNN6 (D2) 0.824 0.859 0.831 0.804 0.978 7.24 149.645 1,896,105 29

DaSilva_CNN9 (D3) 0.852 0.872 0.855 0.823 0.976 17.01 353.127 4,455,081 59

Diniz_CNN2 (B1) 0.837 0.843 0.839 0.821 0.979 6.18 19.097 1,618,859 12
Diniz_CNN4 (B2) 0.861 0.866 0.862 0.843 0.983 3.32 39.206 871,467 18
Diniz_CNN6 (B3) 0.872 0.874 0.873 0.865 0.988 3.11 60.346 814,379 24
Diniz_CNN8 (B4) 0.879 0.880 0.879 0.865 0.990 5.48 88.145 1,437,483 34

small_CNN2 (C1) 0.886 0.886 0.885 0.872 0.991 1.57 16.735 412,395 10
OrganA small_CNN4 (C2) 0.908 0.911 0.908 0.899 0.994 1.02 38.073 267,243 26

DaSilva_CNN6 (C3) 0.915 0.917 0.915 0.906 0.995 1.60 59.644 419,307 28
large_CNN8 (C4) 0.918 0.921 0.919 0.909 0.995 4.73 87.846 1,239,531 37

small_CNN3 (D1) 0.896 0.897 0.896 0.888 0.993 12.37 51.487 3,243,243 27
small_CNN6 (D2) 0.915 0.917 0.915 0.906 0.996 7.24 149.646 1,896,619 59

DaSilva_CNN9 (D3) 0.931 0.933 0.931 0.922 0.997 17.01 353.128 4,455,595 121

Diniz_CNN2 (B1) 0.691 0.742 0.646 0.691 0.918 6.17 19.094 1,617,060 1
Diniz_CNN4 (B2) 0.699 0.745 0.660 0.699 0.925 3.32 39.202 869,668 2
Diniz_CNN6 (B3) 0.721 0.774 0.693 0.721 0.941 3.10 60.342 812,580 3
Diniz_CNN8 (B4) 0.735 0.775 0.712 0.735 0.940 5.48 88.142 1,435,684 3

OCT small_CNN3 (C1) 0.737 0.800 0.703 0.737 0.949 3.17 46.564 831,908 1
small_CNN6 (C2) 0.762 0.826 0.735 0.762 0.965 2.63 147.055 689,124 4

DaSilva_CNN9 (C3) 0.777 0.824 0.758 0.777 0.964 10.99 349.747 2,878,436 11

small_CNN3 (D1) 0.717 0.787 0.679 0.717 0.942 12.37 51.484 3,241,444 2
small_CNN6 (D2) 0.793 0.831 0.774 0.793 0.966 7.23 149.642 1,894,820 5

DaSilva_CNN9 (D3) 0.790 0.833 0.776 0.790 0.953 17.00 353.125 4,453,796 7

Bold values indicate the best scores. Inference time is measured on the full test portion of the dataset. ⋆ Primary
performance metric.

The output of each Pareto analysis (wS vs. SizeC, wS vs. FLOPsC, and wS vs. TimeC)
is a set Pi, i = 1, 2, 3 that contains the temporary “best” candidates from each Pareto
frontier. Due to the different nature of the analysis, set Pi values do not necessarily con-
tain the same candidates, so an intersection is performed to find the set of candidates
Q = P1∩ P2∩ P3) containing the “best” ensembles in all three Pareto contexts. The ensem-
ble combinations that are found in at least one of the Pareto frontiers are calculated as the
union U = P1∪ P2∪ P3. The former stage 1 is repeated for each class separately, i.e., for
CNN-only, DNN-only, and hybrid ensembles. Hence, the sets QCNN , QDNN , and QHYBRID

are extracted and forwarded to the filtering process in the next stage, where, once again,
there are two separate steps. First, the union F = QCNN ∪QDNN ∪QHYBRID is calculated,
containing the “best” ensembles from each class. Then, the resulting set F with the filtered
candidates is re-evaluated using a weighted radar-area scoring in step 2. Finally, the best
architectures from each class, FCNN , FDNN , FHYBRID, are extracted, as well as a single best
architecture, Fbest.
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CNN ensemble combinations DNN ensemble combinations Hybrid ensemble combinations
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Paretofrontier(P2)

Paretofrontier(P3)

QCNN = intersection(P1, P2, P3)
“best” candidates QCNN

wSensitivityvs. SizeC wSensitivityvs. FLOPsC wSensitivityvs. TimeC wSensitivityvs. SizeC wSensitivityvs. FLOPsC wSensitivityvs. TimeC

“best” candidates QDNN

Paretofrontier(P1)
Paretofrontier(P2)

Paretofrontier(P3)

QDNN = intersection(P1, P2, P3)
“best” candidates QHYBRID

Paretofrontier(P1)
Paretofrontier(P2)

Paretofrontier(P3)

QHYBRID = intersection(P1, P2, P3)

F = union (QCNN, QDNN, QHYBRID)
Radar plot (F)

Pareto analysis Pareto analysis Pareto analysis

Fbest, FCNN_best, FDNN_best, FHYBRID_best

Weighted radar-area scoring

Figure 6. The proposed methodology combining the Pareto analysis and weighted radar-area scoring.

Radar plots are a standardized way to visually compare the data by means of mul-
tiple parameters displayed along their axis [30]. The authors in the literature either use
only performance-related or complexity-related metrics on the radar plot, where a model
(polygon) having a larger or smaller area is better than the other [31,63], or they combine
both metrics [29]. In the proposed framework, the latter approach is adopted, but with the
complemented complexity axis, such that the maximal polygon area is required. The area
of the polygon is calculated by a simple mathematical formula using the polygon vertices’
coordinates [64]. Seven metrics in total, i.e., three complexity and four performance metrics,
are included in the evaluation. Parameter F1 is excluded from the plot as it is considered
redundant, since other metrics like wS, wP, and BA are used. The performance metrics are
already in the range [0–1], and the simplest solution for the complexity metrics (size [MB],
FLOPs (M), and inference time [s]) would be to normalize them with respect to the maximal
value and complement them. However, this could create a bias towards low-complexity
models, and to accomplish a fairer comparison, a weighted radar plot is constructed, as-
signing weights equal to 1 for the performance metrics, while the complexity metrics are
scaled with weights wsize, wFLOPs, and wtime. This idea was inspired by [32], who used
an inverse-variance weighting approach to reduce the impact of high-variance features
during training.

The complexity parameters (size [MB], FLOPs (M), and inference time [s]) are first nor-
malized with respect to the maximal value, and the normalized values Sizenorm, FLOPsnorm,
and Timenorm, are scaled by weights ws = 1/ms, w f = 1/m f , and wt = 1/mt, where ms, m f ,
and mt are the mean values of each metric (before normalization). The final complemented
values for the complexity axes in the radar plot are calculated by Equation (5).

SizeC = 1−ws ∗ Sizenorm, FLOPsC = 1−w f ∗ FLOPsnorm, TimeC = 1−wt ∗ Timenorm. (5)

The weighted radar-area scoring mechanism extracts the selected ensemble candi-
dates from each category, i.e., FCNNbest , FDNNbest , and FHYBRIDbest , and Fbest is the final best
ensemble. However, if the final goal is to select the “implementable” architecture that can
fit the posed FPGA memory requirement of ≤34 MB, the set of ensembles in the Pareto
frontier (F) could be refined by the mentioned constraint before the radar-area scoring
procedure. To differentiate between these two sets throughout this paper, the filtered set F
containing the “implementable” architectures only is denoted with F′. Furthermore, the
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candidates extracted by the radar plot ranking the filtered set F′ are denoted as F′CNNbest
,

F′DNNbest
, F′HYBRIDbest

, and F′best.

4. Results and Discussion
4.1. The Efficiency of the Existing Single CNNs and DNNs

Considering the complexity of DNNs in Table 3, the results show that MobileNetV2
offers lower complexity than MobileNetV3 (it is 2.8 MB smaller in size and requires ∼0.4 M
fewer FLOPs), followed by a higher performance score, which is in concordance with [10].
The exact increase in the obtained wS score is ∼3.8%, ∼1.2%, and ∼2.8%, for PathMNIST,
OrganAMNIST, and OCTMNIST, respectively. The inference time for both MobileNet
variants is lower than with other architectures because their total number of parameters is
smaller. However, MobileNetV2 stands out in terms of time and memory requirements,
providing the best compromise and being the most lightweight among the selected DNN
baseline architectures [39].

The results in Table 4 confirm that customized CNNs from the literature provide
higher performance and reduced memory requirements than state-of-the-art DNNs [55,56].
Moreover, results are in concordance with Da Silva et al. [56], whose custom CNN solution
is better than the one from Diniz et al. [54]. To summarize, the results show that the best
CNN is always better in wS performance than MobileNetV2 (∼2.3%, ∼1.2%, and ∼5.9%)
for all three datasets, while the size is ±5 MB depending on the dataset used. Nevertheless,
the best CNN is on average up to five times slower than MobileNetV2 (and even slower
than DenseNet in terms of inference). Furthermore, considering FLOPs as a measurement
of how easy it is to implement a model in hardware, DNNs win over custom CNNs,
as the latter requires ∼350 M operations to be executed, whereas for MobileNetV2, it is
∼11 M (and ∼100 M for DenseNet). One could explain this as MobileNetV2 being a highly
optimized architecture, specifically designed for computational efficiency. For example,
FLOPs are reduced using depthwise convolutions and residual blocks. In contrast, a custom
CNN often uses standard convolution layers with a larger number of filters that involve
more MAC operations, or the architectural design with convolutional, pooling, and fully
connected layers is less efficient, increasing FLOPs.

4.2. The Efficiency of the Average Ensemble Models
4.2.1. The Ensemble of CNNs

The example of the Pareto analysis procedure selecting the best CNN-only ensem-
bles and a visualization of the search space for the OrganAMNIST dataset are presented
in Figure 7. For convenience, the other two datasets (PathMNIST and OCTMNIST) are
included in Appendix A (Figures A1 and A2). The result of the top-N CNN ensembles that
were found in at least one of the Pareto frontiers during the analysis is given in Table 5. As
explained, the candidates constitute the union set UCNN , and are shown for each dataset,
i.e., the UCNN for PathMNIST, OrganAMNIST, and OCTMNIST, respectively. Gray shade
indicates the best-trade-off CNN-only ensembles selected by the Pareto algorithm. As ex-
plained in the methodology, these candidates constitute the set QCNN , and are found in the
resulting Pareto frontier of all three Pareto contexts.

It can be seen that in this first stage of the proposed best model selection procedure,
A_B4_C2_C3 and A_C2 are selected as the best-performing models for the PathMNIST
dataset. For OrganAMNIST, models C3_D3 and B1_C1 are extracted, while for OCTMNIST,
C3_D3, C2_D2, and B3_C2 are highlighted. As each model corresponds to the Pareto
frontier set of points, they are optimal at least in one of the objectives, allowing any of them
to be designated as the top performer in this stage.
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Table 5. The performance evaluation metrics for the top-N CNN ensembles that were found in at
least one of the Pareto frontiers during the Pareto analysis (UCNN). Gray shade indicates the selected
best-trade-off CNN-only ensembles in all three Pareto contexts (QCNN).

MNIST
Model ⋆wS wP F1 BA AUC

Size FLOPs Inference
Dataset [MB] (M) Time [s]

A_B4_C2_C3 0.899 0.903 0.899 0.867 0.988 21.160 1081.768 54
B4_C2_C3_D2 0.897 0.902 0.897 0.867 0.988 29.860 736.089 54

A_C2 0.896 0.901 0.896 0.865 0.986 8.440 643.032 45
B4_C2_D3 0.891 0.896 0.891 0.859 0.989 26.650 588.979 59

Path B4_C2 0.888 0.892 0.888 0.857 0.988 9.640 235.852 28
B3_C2 0.879 0.884 0.879 0.844 0.987 7.260 208.053 28
B2_C1 0.871 0.880 0.873 0.830 0.983 9.560 87.276 11
B1_C1 0.840 0.850 0.840 0.797 0.981 12.410 67.168 11
C3_D3 0.932 0.933 0.932 0.922 0.996 18.610 412.772 121

B4_C3_C4_D2 0.925 0.927 0.926 0.917 0.996 19.050 385.281 59
B3_B4_C3_C4_D2 0.924 0.926 0.925 0.917 0.996 22.160 445.627 37

B3_C3_D2 0.924 0.925 0.924 0.918 0.995 11.950 269.636 59
C3_D2 0.922 0.924 0.922 0.913 0.996 8.840 209.290 59

OrganA B3_C4 0.913 0.914 0.914 0.910 0.995 7.840 148.192 37
B2_C2_D1 0.908 0.910 0.908 0.900 0.994 16.710 128.766 27

C2_D1 0.907 0.909 0.907 0.900 0.995 13.390 89.560 27
B3_C3 0.903 0.904 0.903 0.898 0.994 4.710 119.990 28
C1_D1 0.903 0.903 0.902 0.894 0.993 13.940 68.222 27
B2_C2 0.891 0.894 0.892 0.878 0.994 4.340 77.279 26
B1_C1 0.866 0.869 0.866 0.852 0.990 1.750 35.832 12
C3_D3 0.796 0.836 0.781 0.796 0.966 27.990 702.872 11
C3_D2 0.794 0.836 0.773 0.794 0.972 18.220 499.389 11
C2_D2 0.785 0.836 0.762 0.785 0.970 9.860 296.697 5
B4_D2 0.772 0.812 0.750 0.772 0.964 12.710 237.784 5

OCT B3_D2 0.760 0.815 0.735 0.760 0.965 10.330 209.984 5
B3_C2 0.744 0.803 0.714 0.744 0.964 5.730 207.397 4
C1_D1 0.735 0.803 0.698 0.735 0.952 15.540 98.048 2
B2_C1 0.726 0.782 0.692 0.726 0.947 6.490 85.766 2
B1_C1 0.716 0.778 0.670 0.716 0.948 9.340 65.658 1

Bold values indicate the best scores. The values are sorted by the wS score. ⋆ Primary performance metric.
Inference time is estimated based on the slowest model in the ensemble.

The mean difference in sensitivity between selected models (when compared to the
best result marked in bold) is ∆wS ∼ 0.3%, ∆wS ∼ 6.6%, and ∆wS ∼ 3.2% for PathMNIST,
OrganAMNIST, and OCTMNIST, while the complexity in terms of individual metrics (size,
FLOPs, and time) differs for more than ∼50%.

As expected, the maximal performance that can be obtained by the ensembled CNN
models is enhanced compared to using single CNN networks, i.e., 89.4% to 89.9%, 93.1% to
93.2%, and 79.3% to 79.6%, for PathMNIST, OrganAMNIST, and OCTMNIST, respectively.
Furthermore, the size of the ensemble increases (4.16 MB to 21.16 MB, 17.01 MB to 18.61 MB,
and 7.23 MB to 27.99 MB).

4.2.2. The Ensemble of DNNs

The result of selecting top-N DNN ensemble combinations with the Pareto analysis
is given in Table 6. The search process for OrganAMNIST is visualized in Figure 8, while,
again, for convenience, other datasets are included in Appendix A (Figures A3 and A4).
The results show that the efficiency of a DNN ensemble is higher than using single DNNs.
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The maximal sensitivity increases from 88.6% to 89.9% (PathMNIST), 94.2% to 94.9% (Or-
ganAMNIST), and 73.4% to 76.6% (OCTMNIST), and the size of the ensemble increases
from 26.88 MB to 35.54 MB, 26.89 MB to 49.52 MB, and 8.63 MB to 125.53 MB for PathMNIST,
OrganAMNIST, and OCTMNIST, respectively. Following a premise with the posed memory
requirement for the FPGA (≤34 MB size), only two combinations from the listed UDNN ar-
chitectures are useful and fit the device’s on-chip memory for all datasets (MobNetV2_EffB0
and MobNetV2_MobV3).

(a) wS vs. SizeC (b) wS vs. FLOPsC

(c) wS vs. TimeC

Figure 7. Pareto analysis results extracting the CNN-only ensembles that constitute the Pareto frontier
(OrganAMNIST). These points (denoted in red) constitute the sets P1, P2, and P3. The search space
is visible in the tables next to the plots. To ensure figure clarity, some point labels in high-density
regions are omitted to prevent overlap.

Table 6. The performance evaluation metrics for the top-N DNN ensembles that were found in at
least one of the Pareto frontiers during the Pareto analysis (UDNN). Gray shade indicates the selected
best trade-off DNN-only ensembles in all three Pareto contexts (QDNN).

MNIST
Model ⋆wS wP F1 BA AUC

Size FLOPs Inference
Dataset [MB] (M) Time [s]

Path

Dense121_MobNetV2 0.899 0.902 0.899 0.872 0.988 35.54 127.14 46
MobNetV2_MobV3_EffB0 0.899 0.904 0.900 0.875 0.989 42.74 52.611 21

MobNetV2_EffB0 0.895 0.899 0.895 0.869 0.988 31.28 40.754 21
MobNetV2_MobV3 0.882 0.887 0.882 0.856 0.984 20.12 23.285 13

Dense121_Res50_EffB0 0.949 0.950 0.949 0.946 0.997 139.59 297.082 83
Dense121_EffB0 0.949 0.949 0.948 0.946 0.997 49.52 146.301 77

OrganA MobNetV2_MobV3_EffB0 0.941 0.941 0.940 0.937 0.997 42.77 53.576 34
MobNetV2_EffB0 0.938 0.938 0.937 0.933 0.996 31.30 41.463 34

MobNetV2_MobV3 0.934 0.934 0.933 0.930 0.996 20.14 23.882 28
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Table 6. Cont.

MNIST
Model ⋆wS wP F1 BA AUC

Size FLOPs Inference
Dataset [MB] (M) Time [s]

MobNetV2_Dense121_Res50 0.766 0.818 0.735 0.766 0.957 125.53 279.096 14
MobNetV2_Res50 0.749 0.780 0.717 0.749 0.953 90.01 162.504 10

OCT MobNetV2_Dense121 0.740 0.790 0.708 0.740 0.951 35.52 128.343 14
MobNetV2_MobV3_EffB0 0.733 0.779 0.698 0.733 0.948 42.67 53.527 11

MobNetV2_MobV3 0.726 0.767 0.689 0.726 0.945 20.07 23.851 9

Bold values indicate the best scores. The values are sorted by the wS score. ⋆ Primary performance metric.
Inference time is estimated based on the slowest model in the ensemble.

(a) wS vs. SizeC (b) wS vs. FLOPsC

(c) wS vs. TimeC

Figure 8. Pareto analysis results extracting the DNN-only ensembles that constitute the Pareto frontier
(OrganAMNIST). These points (denoted in red) constitute the sets P1, P2, and P3. The search space is
visible in the tables next to the plots.

It can be seen in Table 6 that the MobNetV2_MobV3 combination is always among
the best trade-off models from the set QDNN for all three datasets (highlighted in gray).
It has ∼1.7%, ∼1.5%, and ∼4% lower wS scores than the best-performing model for the
PathMNIST, OrganAMNIST, and OCTMNIST datasets, while the complexity in terms
of size, FLOPs, and time is decreased for more than ∼50%. In the case of the OCTM-
NIST dataset, the biggest savings are accomplished, as this DNN-only ensemble provides
a ∼84% and ∼90% decrease in size and FLOPs compared to the best-performing Mob-
NetV2_Dense121_Res50 combination (marked in bold).

4.2.3. Hybrid Ensemble Models Combining CNNs and DNNs

The Pareto analysis compares the hybrid ensemble combinations results with the
UHYBRID set of models listed in Table 7. The top-N selected Pareto optimal ones are
indicated in gray and constitute the set QHYBRID. This process is visualized in Figure 9
(OrganAMNIST), as well as in Appendix A Figures A5 (PathMNIST) and A6 (OCTMNIST).
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(a) wS vs. SizeC (b) wS vs. FLOPsC

(c) wS vs. TimeC

Figure 9. Pareto analysis results extracting the hybrid ensembles that constitute the Pareto frontier
(OrganAMNIST). These points (denoted in red) constitute the sets P1, P2, and P3. The search space
is visible in the tables next to the plots. To ensure figure clarity, some point labels in high-density
regions are omitted to prevent overlap.

It can be seen that the Dense121_Res50_C2_C3, MobNetV2_MobV3_C2_D2, and Mob-
NetV2_B2 combinations are the best for PathMNIST. The hybrid classification models
EffB0_Dense121_D3, EffB0_Dense121_C4, MobNetV2_MobV3_C2, and MobNetV2_C2
are extracted for OrganAMNIST. The OCTMNIST dataset has three top architectures,
i.e., MobNetV2_C3_D2, MobNetV2_D2, and MobNetV2_C2. The mean difference in sensi-
tivity between the selected models (when compared to the best result marked in bold) is
∆wS ∼ 1.3%, ∆wS ∼ 1%, and ∆wS ∼ 1.9% for PathMNIST, OrganAMNIST, and OCTM-
NIST, while the complexity in terms of size, FLOPs, and time differs for more than ∼50%.

Table 7. The performance evaluation metrics for the top-N hybrid ensembles that were found in
at least one of the Pareto frontiers during the Pareto analysis (UHYBRID). Gray shade indicates the
selected best trade-off hybrid ensembles in all three Pareto contexts (QHYBRID).

MNIST
Model ⋆wS wP F1 BA AUC

Size FLOPs Inference
Dataset [MB] (M) Time [s]

Path

Dense121_Res50_C2_C3 0.911 0.913 0.911 0.883 0.991 133.920 772.507 54
MobNetV2_MobV3_C2_D2 0.908 0.913 0.908 0.882 0.990 31.520 320.638 29

Dense121_C2 0.906 0.908 0.905 0.877 0.991 31.040 263.420 46
MobNetV2_MobV3_A_C2 0.905 0.908 0.905 0.877 0.990 28.560 666.317 45

MobNetV2_A_C2 0.902 0.907 0.902 0.873 0.990 17.100 654.460 45
MobNetV2_B4_C2 0.902 0.906 0.902 0.876 0.991 18.300 247.280 28

MobNetV2_C2 0.898 0.901 0.897 0.873 0.991 12.820 159.136 28
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Table 7. Cont.

MNIST
Model ⋆wS wP F1 BA AUC

Size FLOPs Inference
Dataset [MB] (M) Time [s]

Path
MobNetV2_MobV3_B2 0.893 0.896 0.893 0.864 0.988 23.440 62.490 14

MobNetV2_B2 0.888 0.891 0.888 0.859 0.988 11.980 50.633 11
MobNetV2_B3 0.887 0.892 0.887 0.858 0.987 11.760 71.773 14

EffB0_Dense121_D3 0.950 0.951 0.950 0.946 0.998 66.530 499.429 121
EffB0_Dense121_C4 0.949 0.950 0.949 0.945 0.998 54.250 234.147 77

Dense121_D3 0.947 0.948 0.947 0.941 0.998 43.900 469.735 121
Dense121_C4 0.945 0.946 0.945 0.940 0.997 31.620 204.453 77

OrganA C3_D2_MobV3_MobV2 0.942 0.943 0.942 0.938 0.997 28.980 233.172 59
MobV2_MobV3_C2 0.940 0.940 0.939 0.936 0.997 21.160 61.955 28

C3_D2_MobV2 0.937 0.938 0.937 0.932 0.997 17.510 221.059 59
MobV2_C2 0.931 0.932 0.931 0.928 0.996 9.690 49.842 26
MobV2_B3 0.922 0.922 0.922 0.920 0.995 11.780 72.115 24

OCT

MobNetV2_C3_D2 0.791 0.837 0.769 0.791 0.968 26.850 511.140 11
MobNetV2_C3 0.788 0.832 0.767 0.788 0.963 19.620 361.498 11
MobNetV2_D2 0.781 0.823 0.758 0.781 0.963 15.860 161.393 5

MobNetV2_C2_D2 0.781 0.828 0.757 0.781 0.967 18.490 308.448 5
MobNetV2_C2 0.763 0.818 0.731 0.763 0.963 11.260 158.806 4
MobNetV2_B3 0.748 0.799 0.718 0.748 0.952 11.730 72.093 4

Bold values indicate the best scores. The values are sorted by the wS score. ⋆ Primary performance metric.
Inference time is estimated based on the slowest model in the ensemble.

4.3. The Comparison Between CNN-Only, DNN-Only, and Hybrid Ensembles

In the second stage of the proposed best-candidate-selection procedure, the selected
Pareto-optimal combinations (7, 10, and 9 in total from PathMNIST, OrganAMNIST, and
OCTMNIST, respectively) are compared using a weighted radar-area scoring. In Figure 10,
all models from the set F are evaluated. In Figure 11, the “non-implementable” architectures
are first filtered out, such that the resulting set F′ of 5 (PathMNIST), 5 (OrganAMNIST),
and 7 (OCTMNIST) remaining models is constructed before radar-plot evaluation. When
considering the rank of the individual ensemble types (CNN-only, DNN-only, and hybrid),
evaluated by comparing the maximal area scores for each, it can be seen that hybrid
ensembles are always better than DNN-only (for all three datasets). Moreover, a hybrid
approach outperforms CNN-only ensembles in two out of three datasets, as for OCTMNIST,
the CNN-only architecture is selected as the best one. All the resulting radar-evaluated
rankings are reasonable, and can be confirmed by comparing the best results (marked in
bold) from Tables 5–7.

Overall, the extracted best models in each ensemble category (FCNNbest , FDNNbest , and
FHYBRIDbest ) from Figure 10 are the following:

• A_C2, A_B4_C2_C3, Dense121_MobNetV2, MobNetV2_MobV3_C2_D2 (PathMNIST);
• C3_D3, Dense121_EffNetB0, and EffB0_Dense121_C4 (OrganAMNIST);
• C2_D2, MobNetV2_Dense121_Res50, and MobNetV2_D2 (OCTMNIST).

The single best architectures selected by the candidate-selection procedure is Mo-
bileNetV2_MobV3_C2_D2 (PathMNIST), EffB0_Dense121_C4 (OrganAMNIST), and C2_D2
(OCTMNIST). Hence, a hybrid model is selected in two out of these three cases.

To better understand why the CNN-only ensemble outperformed the hybrid ensem-
ble with OCTMNIST, and why the above-mentioned exceptions exist in the class-based
rankings of the ensembles for OCTMNIST and OrganAMNIST, the Pareto analysis is per-
formed between all models from set F. For OrganAMNIST, models C3_D3 (FCNNbest ) and
Dense121_EffNetB0 (FDNNbest ) are both equally good concerning wS vs. SizeC analysis,
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but regarding the trade-off between sensitivity and FLOPsC and TimeC, the DNN-only
representative will dominate. Similarly, with the OCTMNIST dataset, its best hybrid
representative (MobileNetV2_D2) is dominated by the best one from CNN-only (C2_D2)
in both wS vs. SizeC and wS vs. TimeC analysis, while they are equally good or Pareto-
optimal when evaluating wS vs. FLOPsC. However, when FLOPsC are considered, a
hybrid solution could be even better, offering a negligible drop in performance (a wS score
of 78.1% compared to 78.5%), but having a much better complexity of ∼45% less FLOPs
(∼161 M compared to ∼297 M). In addition, calculating the distance from the best point
(C2_D2) to all other points, it can be seen that although dominated, the hybrid model
(MobileNetV2_D2) is the closest point in the Pareto plane. For reference, the visualization
of the Pareto analysis is given in Appendix A Figure A7.

(a) PathMNIST (b) OrganAMNIST (c) OCTMNIST

Figure 10. A radar chart with seven metrics and N polygons for comparing all Pareto-optimal
best ensembles (from set F) with weighted radar-area scoring and extracting FCNNbest , FDNNbest , and
FHYBRIDbest . Model with the largest area is the best of all (Fbest).

(a) PathMNIST (b) OrganAMNIST (c) OCTMNIST

Figure 11. A weighted radar chart comparing only the “implementable” trade-off ensembles extracted
from Pareto analysis (from set F′) and extracting F′CNNbest

, F′DNNbest
, and F′HYBRIDbest

. Model with the
largest area is the best of all (F′best).

However, some selected models from Figure 10 (Dense121_MobNetV2, Dense121_EffB0,
EffB0_Dense121_C4, and MobNetV2_Dense121_Res50) do not fit the FPGA memory require-
ment assumption, as their total sizes are 35.54 MB, 49.52 MB, 54.25 MB, and 125.53 MB,
respectively (≥34 MB). When the filtered set F′, containing only the “implementable” archi-
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tectures, is imported into the radar plot evaluation (Figure 11), the extracted best models for
each ensemble category that can fit within the theoretical FPGA resources are the following:

• A_C2, MobNetV2_MobV3, and MobNetV2_MobV3_C2_D2 (PathMNIST);
• C3_D3, MobNetV2_MobV3, and MobNetV2_C2 (OrganAMNIST);
• C2_D2, MobNetV2_MobV3, and MobNetV2_D2 (OCTMNIST).

The single best architecture selected by the candidate’s selection procedure is Mob-
NetV2_MobV3_C2_D2 (PathMNIST), MobNetV2_C2 (OrganAMNIST), and C2_D2 (OCTM-
NIST). Hence, a hybrid model is once again selected in two out of three cases, whereas the
hybrid MobNetV2_D2 is closest to the selected C2_D2 with the OCTMNIST dataset.

The DNN-only ensembles that are selected from all three datasets (MobNetV2_MobV3)
are “implementable”. They improve accuracy compared to a single MobileNetV3 on all
datasets, but outperform MobileNetV2 on two out of three datasets. The lower perfor-
mance of the ensemble for OCTMNIST (72.6%) is due to the averaging method applied
between the two models, as the difference between the MobileNetV2 and MobileNetV3
performances is too large (73.4% and 70.6%), causing a drop in the mean result when
averaging their prediction scores. Still, the reduction in FLOPs and timing is significant
for the MobV2_MobV3 architecture, causing it to be the more “lightweight” in that sense.
When comparing DNN-only and CNN-only, the latter wins in two out of three datasets, as
with OrganAMNIST, the CNN-only ensemble is the least efficient of all.

Overall, the hybrid ensemble is the winning architecture against all three datasets.
It offers a good compromise between performance and complexity, as it incorporates
the benefits of both ensemble types. The total number of FLOPs is decreased compared
to CNN-only, and it uses up less memory than DNN-only. Its performance in terms of
wS value is 90.8%, 93.1%, and 78.1%, for PathMNIST, OrganAMNIST, and OCTMNIST,
respectively. The size [MB], FLOPs (M), and time [s] of the models are 31.52 MB, 320.638
M, and 29 s (PathMNIST); 9.69 MB, 49.842 M, and 26 s (OrganAMNIST); and 15.86 MB,
161.393 M, and 5 s (OCTMNIST). Therefore, the hybrid ensemble is proposed as the final
solution for potential implementation on a resource-constrained device such as an FPGA.

4.4. Performance with Other Ensemble Strategies
4.4.1. Stacking Ensemble

To improve the performance of the ensembles, another version of the late fusion,
instead of averaging, was tested. It is called stacking—an ensemble strategy where the
predictions of several base models are input to a meta-model, which gives a final prediction.
The two versions of the meta-model are examined, having a single or a double hidden dense
layer. The optimization is carried out by varying the number of neurons on each dense layer;
8, 16, 32, 64 for a single and 8_16, 8_32, 8_64, 16_32, 16_64, 32_64 combinations for a double
meta-layer. For simplicity, only CNN-based ensembles were tested, and a single dataset is
shown here, i.e., the smallest one—OrganAMNIST. The results of the other two datasets
(PathMNIST and OCTMNIST) are given in Appendix B, Tables A1 and A2. Furthermore,
two metrics are kept as representatives of performance (wS, AUC) and complexity (size,
FLOPs). Table 8 shows that the results are very similar to averaging. The Mann–Whitney
U-test confirms that there are no significant statistical differences between the stacking and
averaging results (U = 40, p = 0.469; U = 48, p = 0.909). Furthermore, there is no statistically
significant difference in performance when using a single or double meta-layer (U = 42.5,
p = 0.594). Hence, there is no point in stacking the individual learners and spending
time on re-training the meta-learner, as a simpler algorithm with averaging offers similar
results (and adding meta-learner layers to the network would slightly increase the total
model size).
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Table 8. The efficiency for stacking with a meta-learner (OrganAMNIST).

Fusion Method Num of Hidden Layers Model ⋆wS AUC Size [MB] FLOPs (M)in Meta-Learner

-

C3_D3 0.932 0.996 18.61 412.772
B3_C3_D3 0.930 0.996 21.72 473.118

C4_D3 0.930 0.997 21.74 440.974
Average ensemble B4_C3_C4_D2 0.925 0.996 19.05 385.281
(no meta-learner) B3_C3_D2 0.924 0.995 11.95 269.636

C3_D2 0.922 0.996 8.84 209.29
B3_C4 0.913 0.995 7.84 148.192
B4_C3 0.900 0.995 7.08 147.789

single

C3_D3_64 0.920 0.992 18.64 412.776
B3_C3_D3_64 0.929 0.990 21.74 473.124

C4_D3_64 0.931 0.991 21.77 440.978
B4_C3_C4_D2_8 0.924 0.989 19.08 385.282

B3_C3_D2_8 0.921 0.990 11.99 269.637
C3_D2_32 0.921 0.992 8.86 209.292

B3_C4_8 0.901 0.989 7.86 148.193
Stacking B4_C3_8 0.888 0.986 7.10 147.790

with meta-learner C3_D3_16_64 0.933 0.989 18.64 412.774

double

B3_C3_D3_32_64 0.927 0.990 21.74 473.126
C4_D3_32_64 0.931 0.989 21.79 440.981

B4_C3_C4_D2_8_32 0.925 0.986 19.08 385.283
B3_C3_D2_16_64 0.921 0.989 12.01 269.638

C3_D2_16_64 0.921 0.989 8.88 209.292
B3_C4_8_64 0.900 0.988 7.87 148.195

B4_C3_16_32 0.889 0.983 7.13 147.792

Bold values indicate the best scores. Values are sorted by the order of models in average ensemble. ⋆ Primary
performance metric.

4.4.2. Early Fusion

To answer the question of whether or not the earlier fusion ensemble could increase the
classification results, an early fusion of the features is implemented instead of the late one.
Again, for simplicity and speed, only OrganAMNIST was used, being the smallest dataset.
Two feature selection strategies were examined: first, a feature vector is outputted from
the dense layer before the Softmax layer (usually the penultimate layer of the network),
and second, features are extracted from the output of the layer before the aforementioned
dense layer. The extracted features in both scenarios are inputted to the meta-learner with
a single hidden dense layer or two hidden dense layers. Table 9 shows that the results in
the first scenario are very similar to averaging. The Mann–Whitney U-test confirms that
there are no significant statistical differences between the early fusion (first scenario) and
averaging results regarding sensitivity (U = 17, p = 0.128; U = 27.5, p = 0.672). Furthermore,
there is no statistically significant difference between having a single or double meta-layer
in early fusion (U = 17, p = 0.127).

The results in the second scenario are also similar to averaging, and it is confirmed
that there are no statistically significant differences in performance between the early fusion
(second scenario) and averaging results (U = 22, p = 0.314; U = 24, p = 0.429). There is
no statistically significant difference in having a single or double meta-layer (U = 30.5,
p = 0.916). Just as for stacking, an early fusion ensemble requires additional training of
the meta-learner. Based on these results, it is concluded that it is not worth spending time
on re-training, as the model performance would not significantly increase compared to a
simpler averaging strategy.

The fusion analysis with both ensemble strategies tested on the PathMNIST and
OCTMNIST datasets confirms the previously derived conclusions (Tables A1 and A2).
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Table 9. The efficiency for early fusion strategies with a meta-learner (OrganAMNIST).

Fusion Method Num of Hidden Layers Model ⋆wS AUC Size [MB] FLOPs (M)in Meta-Learner

C3_D3_8 0.920 0.996 18.63 412.782
B3_C3_D3_32 0.920 0.995 21.79 473.156

C4_D3_16 0.924 0.996 21.76 440.985
single B4_C3_C4_D2_8 0.922 0.996 19.07 385.291

B3_C3_D2_64 0.915 0.995 12.09 296.711
C3_D2_32 0.913 0.995 8.88 209.311
B3_C4_32 0.919 0.996 7.88 148.213

Early fusion B4_C3_32 0.911 0.995 7.12 147.810

(first scenario) C3_D3_16_64 0.925 0.996 18.63 412.786
B3_C3_D3_16_64 0.927 0.996 21.76 473.140

C4_D3_8_64 0.923 0.996 21.75 440.982
double B4_C3_C4_D2_32_64 0.925 0.996 19.14 385.328

B3_C3_D2_16_32 0.916 0.995 11.99 269.656
C3_D2_16_64 0.917 0.995 8.87 209.304
B3_C4_32_64 0.925 0.996 7.89 148.218
B4_C3_32_64 0.914 0.995 7.13 147.815

C3_D3_64 0.930 0.996 19.30 413.072
B3_C3_D3_32 0.921 0.995 23.22 473.905

C4_D3_16 0.930 0.996 22.30 441.269
single B4_C3_C4_D2_32 0.915 0.995 20.32 385.945

B3_C3_D2_16 0.915 0.995 12.58 269.968
C3_D2_32 0.917 0.995 9.33 209.790
B3_C4_64 0.918 0.994 8.59 148.587

Early fusion B4_C3_32 0.899 0.993 7.46 147.986

(second scenario) C3_D3_32_64 0.929 0.996 19.20 413.372
B3_C3_D3_16_32 0.925 0.996 22.47 473.513

C4_D3_16_32 0.930 0.996 22.31 441.271
double B4_C3_C4_D2_32_64 0.918 0.995 20.33 385.950

B3_C3_D2_16_64 0.917 0.995 12.59 269.971
C3_D2_16_64 0.917 0.995 9.33 209.590
B3_C4_16_64 0.915 0.994 8.03 148.294

B4_C3_8_64 0.900 0.992 7.18 147.841

Bold values indicate the best scores. Values are sorted by the order of models in average ensemble. ⋆ Primary
performance metric.

4.5. Ablation Study on Input Preprocessing with the Proposed Models

To examine the impact of input preprocessing on the proposed models, the three types
of input data were defined: input scaling of [−1, 1], no preprocessing (raw input data), and
input scaling of [0, 1]. The proposed ensemble model for PathMNIST has four components
(MobNetV2_MobV3_C2_D2), while the proposed models for OrganAMNIST and OCTM-
NIST have two constituents each (MobNetV2_C2 and MobNetV2_D2). Therefore, there
were in total 81, 9, and 9 combinations of different input preprocessings tested in the case of
PathMNIST, OrganAMNIST, and OCTMNIST, respectively. Each combination was encoded
by treating the input data variables as digits in a base-3 number system, where the input
data variables were the following: 0 = [−1, 1]; 1 = raw; and 2 = [0, 1]. The results are shown
in Table 10. For simplicity with PathMNIST, only the top four best results, the combination
used in the proposed model, and the top four worst performance results are given.

The Mann–Whitney U-test confirms that there are no significant statistical differences
between the best performance result and the worst performance result when compared to
the proposed one regarding all metrics (PathMNIST: U = 3.0, p = 0.2; U = 12.0, p = 0.343.
OrganAMNIST: U = 7.0, p = 0.886. U = 13.0, p = 0.2; OCTMNIST: U = 12.0, p = 0.343).
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Table 10. The proposed models’ mixed preprocessing results. Gray shade indicates the preprocesing
combination used in this paper. The meaning of the input data preprocessing combination is the
following: 0 = preprocessing [−1, 1]; 1 = no preprocessing; 2 = preprocessing [0, 1].

MNIST
Model

Preprocessing ⋆wS wP F1 AUC
Dataset Combination

0212 0.917 0.918 0.915 0.990
2112 0.916 0.917 0.915 0.991
0110 0.916 0.918 0.915 0.991
0110 0.914 0.917 0.914 0.992

Path MobNetV2_MobV3_C2_D2 0111 0.908 0.913 0.908 0.990
2011 0.898 0.907 0.897 0.989
1001 0.898 0.905 0.897 0.990
2001 0.898 0.904 0.897 0.990
1021 0.897 0.905 0.896 0.990

00 0.932 0.931 0.931 0.996
01 0.931 0.932 0.931 0.996
11 0.931 0.931 0.930 0.996
02 0.930 0.930 0.930 0.996

OrganA MobNetV2_C2 10 0.930 0.930 0.930 0.996
12 0.928 0.928 0.928 0.995
21 0.927 0.928 0.927 0.996
20 0.927 0.927 0.926 0.995
22 0.924 0.924 0.923 0.995
01 0.781 0.823 0.758 0.963
02 0.780 0.820 0.759 0.959
00 0.771 0.816 0.746 0.960
20 0.744 0.782 0.715 0.953

OCT MobV2_D2 22 0.742 0.777 0.716 0.954
21 0.740 0.769 0.713 0.960
12 0.724 0.768 0.682 0.951
11 0.719 0.758 0.676 0.959
10 0.716 0.761 0.672 0.951

Bold values indicate the best scores. Values are sorted by the wS score. ⋆ Primary performance metric.

4.6. The 8-Bit Integer Compression of the Proposed Models

The simulation of the 8-bit quantization of both weights and activations in the proposed
models is performed using dynamic integer post-quantization. The intention is to demonstrate
the validity of the theoretical assumptions used in this paper and the chosen compressed
model size threshold. The compression is simulated by using the Tensorflow optimization
code (https://www.tensorflow.org/model_optimization/guide/quantization/post_training
(accessed on 25 March 2026)). Table 11 shows that the proposed models are successfully
compressed to an 8-bit integer format, with the total model size lowered by ∼4 times without
compromising their performance. Hence, the simulated compression confirms that the used
assumptions regarding integer quantization are logically sound, and that the chosen size
threshold applied on model size during the experiment truly preserves the achieved accuracy.

It is to note that a simulated dynamic-range integer post-quantization as conducted
here is a good approximation of an integer-based inference, with integer weights and acti-
vations of a compressed model, but keeping the inputs and outputs in an FP 32-bit format.
This means that the 8-bit MAC result in the output of the model’s inner computational block
will be de-quantized back into a FP 32-bit format. For a model to be fully compliant with
integer-only devices, it should have all-integer-based operations, and all input and output
data inside the model should be converted to integers. Another limitation that should be
considered here is that a representative dataset is required during the conversion of the
model to estimate the range of values that the model had during training and validation.
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Table 11. The 8-bit compression of the proposed models.

MNIST Dataset Model wS wP F1 AUC Size [MB]

Path MobNetV2_MobV3_C2_D2_FP32 0.908 0.913 0.908 0.990 31.52
MobNetV2_MobV3_C2_D2_8bits 0.906 0.912 0.906 0.990 8.88

OrganA MobNetV2_C2_FP32 0.931 0.932 0.931 0.996 9.69
MobNetV2_C2_8bits 0.930 0.931 0.930 0.995 2.86

OCT MobNetV2_D2_FP32 0.781 0.823 0.758 0.963 15.86
MobNetV2_D2_8bits 0.777 0.824 0.751 0.954 4.44

Bold values indicate the best scores.

4.7. Comparison of the Proposed Ensembles with the Existing Models from the Literature

The comparison of proposed hybrid models with the existing models from the literature
is shown in Table 12. This table is constructed taking into account the recently reported results
from [12,33,34,37]. There are similar papers in the literature such as the ones from [37,47,65]
that deal with the same dataset, but their use of upscaled images (224 × 224 px or 92 × 92 px)
excludes them from direct comparison. Furthermore, the architectures from [45,46] make it
rather complex to estimate their number of parameters based on the number of depths,
dimensions, and patches. A base ViT model could have been assumed for complexity
estimation purposes of the model in [45], but this is only one of the three processing phases in
the entire framework, making the estimation quite unreliable. A similar problem is present
in [46], where relying on the PVT-Tiny model assumption for evaluation purposes was not
sufficient, given that the architecture includes parameter extraction with parts of ResNet18
and several ViT blocks in multiple multi-scale output feature schemes.

Usually, accuracy and AUC are reported for the existing models, whereas the former
is expressed in terms of the standard overall accuracy, i.e., the ratio of correctly classified
samples over the total number of samples, without taking into account class balance. The
complexity is normally expressed in the literature as the total number of parameters, and it
is rarely expressed in size or FLOPs. To provide a more fair and more robust comparison
regarding the complexity of the proposed models and the competitor architectures, the
total parameter count is taken from [12,37]. Next, the size of the model in MB is calculated
by using the total number of parameters and assuming their 32-bit floating-point represen-
tation. Finally, to make the table as informative as possible, the FLOPs complexity metric is
evaluated objectively for all models by using the FLOPs estimation tool.

Overall, values in Table 12 that are not reported in the available literature or calculated
are denoted with N/A. The metrics used throughout this paper are reported here for the best
trade-off between the CNN-only, DNN-only, and hybrid ensemble representative (selected
by the radar plots). For consistency with the related work, the reported performance for the
proposed models is expressed as the “overall accuracy” when it refers to the obtained wS
score. Moreover, it is to note that the reported recall and precision for the proposed models
are wR and wP, respectively. As per-class recall scores were available for MedvCNN [12],
its performance was estimated in terms of wS using Equation (1).

From this table, it is evident that the proposed hybrid ensembles are always better in
terms of size and number of parameters compared to existing models, so smaller networks
are obtained. In this sense, the models presented here are more lightweight. Furthermore,
FLOPs are decreased in OrganAMNIST compared to the lowest value estimated for the
competitors (68.925 M), and the value is 49.842 M, while an increase in FLOPs is present for
PathMNIST (320.638 M) and for OCTMNIST (161.393 M). Overall, the proposed models
outperform the ones presented in the literature for two out of three complexity metrics
on all three datasets. Additionally, the proposed hybrid ensembles are comparable to the
existing competitors [33]. The drop in performance is ∼0.3%, ∼0.4%, and ∼2% towards the
best accuracy result reported from the literature (marked in bold in Table 12) for PathMNIST,
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OrganAMNIST, and OCTMNIST, respectively. The memory footprint is reduced for ∼65%,
∼77%, and ∼82% compared to the same architectures (ResNet50 and ResNet18).

Table 12. The comparison with MedMNIST classification efficiency reported in the literature. Gray
shade indicates the proposed architectures.

MNIST Ref. Model ⋆Acc Prec Rec F1 AUC Size FLOPs Params
Dataset [MB] (M) (M)

[34] Resnet18 0.844 N/A N/A N/A 0.972 *42.72 **68.925 11.2
Resnet50 0.864 N/A N/A N/A 0.979 *89.65 **158.495 23.5

[33] Resnet18 0.907 N/A N/A N/A 0.983 *42.72 **68.925 11.2
Resnet50 0.911 N/A N/A N/A 0.990 *89.65 **158.495 23.5

Path [12] MedvCNN †0.871 0.84 0.86 0.86 0.985 *22.24 N/A 5.56

A_C2 0.896 0.901 0.896 0.896 0.986 8.44 643.032 2.21
MobNetV2_MobV3 0.882 0.887 0.882 0.882 0.984 20.12 23.285 5.28

MobNetV2_MobV3_C2_D2 0.908 0.913 0.908 0.908 0.990 31.52 320.638 8.26
Dense121_MobNetV2 0.899 0.902 0.899 0.899 0.988 35.54 127.14 9.32

[34] Resnet18 0.921 N/A N/A N/A 0.995 *42.72 **68.925 11.2
Resnet50 0.916 N/A N/A N/A 0.995 *89.65 **150.781 23.5

[33] Resnet18 0.935 N/A N/A N/A 0.997 *42.72 **68.925 11.2
Resnet50 0.935 N/A N/A N/A 0.997 *89.65 **150.781 23.5

OrganA [12] MedvCNN †0.781 0.79 0.77 0.78 0.990 *22.24 N/A 5.56

C3_D3 0.932 0.933 0.932 0.932 0.996 18.610 412.772 4.87
MobNetV2_MobV3 0.934 0.934 0.934 0.933 0.996 20.14 23.882 5.220

MobNetV2_C2 0.931 0.932 0.931 0.931 0.996 9.69 49.842 2.51
Dense121_EffB0 0.949 0.949 0.949 0.948 0.997 49.52 146.301 12.84

EffB0_Dense121_C4 0.949 0.950 0.949 0.949 0.998 54.25 234.147 14.08

[34] Resnet18 0.758 N/A N/A N/A 0.951 *42.72 **68.925 11.2
Resnet50 0.745 N/A N/A N/A 0.939 *89.65 **150.753 23.5

[33] Resnet18 0.743 N/A N/A N/A 0.943 *42.72 **68.925 11.2
Resnet50 0.762 N/A N/A N/A 0.952 *89.65 **150.753 23.5

OCT [12] MedvCNN †0.685 0.73 0.68 0.5 0.947 *22.24 N/A 5.56

C2_D2 0.785 0.836 0.785 0.762 0.970 9.86 296.679 2.58
MobNetV2_D2 0.781 0.823 0.781 0.758 0.963 15.86 161.393 4.12

MobNetV2_MobV3 0.726 0.767 0.726 0.689 0.945 20.07 23.851 5.205
MobNetV2_Dense121_Res50 0.766 0.818 0.766 0.735 0.957 125.53 279.096 32.73

Bold values indicate the best scores. Values denoted with ** are estimated using the FLOPs estimation tool.
⋆ Primary performance metric. Values denoted with * are estimated assuming 32-bit floating-point parameters.
Values denoted with † are calculated wS scores using Equation (1).

Figure 12 visualizes confusion matrices obtained with the proposed hybrid ensembles,
and Figure 13 presents per-class scores. Classes 5 and 7 are always the most problematic
on the PathMNIST dataset. This is in accordance with the literature, where these classes
are referred to as the most similar ones that are usually misclassified, especially with
CNN models [35]. It is interesting to note that the obtained recalls for classes 5 and 7 in
Figure 12a are 81% and 53%, while the corresponding results from [35] are 55.5% and 44.1%.
On the other hand, Salehin et al. [12] demonstrated better results for these two classes
(90% and 80%), but exhibited the lowest recall on class 3 (72%), which is 99% in this paper.
As far as the OrganAMNIST dataset is concerned, the recall of class 4 is the lowest of all the
classes (76%). This is confirmed with the confusion matrix in [65], although a better score
of 88% is accomplished. For OCTMNIST, class 2 remains the most problematic as in the
literature, causing the lower overall performance on this dataset [45]. The recall for class 2
in Figure 12c is better than in [45], i.e., it is 35% compared to the reported 16%. Examples of
random misclassifications across all three datasets are illustrated in Figure 14.
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(a) MobNetV2_MobV3_C2_D2
(PathMNIST)

(b) MobNetV2_C2 (OrganAMNIST) (c) MobNetV2_D2 (OCTMNIST)

Figure 12. Confusion matrices of the proposed lightweight hybrid ensembles.

(a) MobNetV2_MobV3_C2_D2
(PathMNIST)

(b) MobNetV2_C2 (OrganAMNIST) (c) MobNetV2_D2 (OCTMNIST)

Figure 13. Per-class recall/precision/F1 scores of the proposed lightweight hybrid ensembles.

(a) PathMNIST (b) OrganAMNIST (c) OCTMNIST

Figure 14. Examples of misclassified images from each dataset.

It is to note that some hybrid models are not proposed as final solutions (as those are
not the best trade-off architectures), even though they provide a higher performance than
that in the existing work (when compared to the best result marked bold in Table 12). For
example, for OrganAMNIST, DNN-only Dense121_EffB0 and hybrid EffB0_Dense121_C4
have higher performance than the related work (94.9%), and are comparable in size
(49.52 MB and 54.25 MB) to the reported ResNet18 (42.69 MB). They have more FLOPs
(146.301 M and 234.147 M). However, these models are declared as “non-implementable”
as they do not fit the memory cap on assumed int8 effects.

Table 13 lists all models from the conducted research, classified as CNN-only, DNN-
only, or hybrid, that are better than the existing work in terms of performance. Values
given as accuracy are wS scores. As reported, no purely CNN-based model surpasses the
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established benchmarks in the literature for OrganAMNIST and PathMNIST, and it is the
same for DNN-only models when PathMNIST and OCTMNIST are concerned. On the
other hand, there are hybrid models that outperform the existing work for every dataset,
which confirms once again that using a hybrid approach is the best option for forming the
ensemble structure. Performance is exactly 91.1%, as is the maximal result reported in the
literature, for PathMNIST (accomplished with Dense121_Res50_C2_C3). The sensitivity
with the hybrid models spans from 0.2% to up to 1.5% higher for OrganAMNIST, and from
0.5% to up to 0.8% higher for OCTMNIST, whereas the size is lowered for up to 58.98% and
for up to 54.58%, with a compromise of more FLOPs.

Radar plots are constructed in Figure 15, and they compare the proposed hybrid
ensembles to the related work, but taking into account only the metrics that are fully
reported in Table 12; these are accuracy, AUC, size, and the number of parameters. Radar
plots show that polygon areas of the hybrid ensembles consistently exceed those of prior
work, establishing them as the the best-performing architectures.

Table 13. All ensembles outperforming the existing work based on sensitivity. Gray shade indicates
models that surpass established benchmarks in the literature in both wS and size.

MNIST
CNN-Only DNN-Only Hybrid Ensemble

Dataset
Path - - Dense121_Res50_C2_C3 (0.911, 133.92)

- MobV2_EffB0 (0.938, 31.3) C3_D2_MobV2 (0.937, 17.51)
Dense121_EffB0 (0.949, 49.59) MobV2_MobV3_C2 (0.940, 21.16)

Dense121_Res50_EffB0 (0.949, 139.59) C3_D2_MobV3_MobV2 (0.942, 28.98)
OrganA MobNetV2_MobV3_EffB0 (0.941, 42.77) Dense121_C4 (0.945, 31.62)

Dense121_D3 (0.947, 43.9)
EffB0_Dense121_C4 (0.949, 54.25)
EffB0_Dense121_D3 (0.950, 66.53)

C2_D2 (0.785, 9.86) - MobV2_C3 (0.788, 19.62)
OCT C3_D2 (0.794, 18.22) MobV2_C3_D2 (0.791, 26.85)

C3_D3 (0.796, 27.99)
Value in parenthesis is a wS score and total size is in MB.

(a) PathMNIST (b) OrganAMNIST (c) OCTMNIST

Figure 15. A radar chart comparing the proposed hybrid ensembles to the reported results from
the literature [12,33,34].

5. Limitations of the Work
The limitations of this study should be addressed, and the first one concerns the

experimental setup. Due to the limited resources that are freely available in the Google
Colab environment, the total number of training epochs is fixed to a maximum of 20 for
all architectures. This fixed parameter ensures a fair training protocol and a fair compar-
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ison between models to avoid performance bias caused by different training strategies.
Although this computational constraint, together with an early stopping criterion included
in the experiment, justifies the used setting, it could be argued that it is always better
to use a larger number of epochs to train these complex networks on a more powerful
machine. To ensure that the proposed models have truly converged, they were retrained
on a larger number of epochs using NVIDIA GeForce GTX 1060 6 GB by keeping the early
stopping mechanism. The models’ early convergence without overfitting was confirmed,
proving that the 20-epoch setup was sufficient and that models were not under-trained.
Furthermore, a single train–validation–test ratio, as prepared inside the MedMNIST dataset,
is used in this study. Although the used strategy is sufficient for the current analysis, where
the existing benchmarks were repeated and compared to the literature, it should be noted
that in general, by averaging over results of multiple folds, the results become more stable,
yielding a more reliable study than using a single data split. The mean performance across
multiple folds in this study confirms a robust and stable result for the proposed models.

Next, concerning the input data, preprocessing was adjusted such that models were
fairly comparable. Other preprocessing schemes should be examined, as they might result
in even higher classification performances. Furthermore, a fusion of different preprocessing
algorithms could be potentially useful for ensembles, especially when it comes to base
learner stacking in the classification of medical images. Regarding the ensemble’s limita-
tions, it could be argued that using the simplest ensemble approach, such as averaging,
could influence the obtained results. Possibly, the performance of the models could be
enhanced by using a more sophisticated ensemble function, or one might further optimize
the models by implementing a high-level ensemble concept with a hierarchical combining
of features and predictions. This could require extensive computational power due to the
complex operations involved, but it would be interesting to examine the performance of
the resulting hierarchical ensemble schemes.

6. Conclusions
Increasing the classification model performance is normally carried out using the en-

semble learning approach, and the need for a retained model performance is crucial for its
implementation on a resource-constrained device, such as on an FPGA. However, the com-
plexity of the overall structure is often too complex, and this study confirms how important it
is to investigate lightweight combinations of ensemble models before defining the ensemble
structure itself. The main target here is that the architecture of the overall model is as small
as possible (with as few parameters), but with a retained performance value. In particular,
this paper used the fact that the available memory size of an FPGA device is about 8.5 MB,
and that a larger model cannot fit in the device memory. The average late fusion is employed
for the ensemble, justified by comparing the effectiveness with an earlier feature extraction,
which increases complexity but does not provide a significant performance gain.

The answers to the posed research questions were found through the conducted study,
and this is precisely the contribution this study brings:

• RQ1: By looking separately at three ensemble types in particular (CNN-only, DNN-
only, and a hybrid approach), it was shown that it is worth designing new customized
CNN solutions because a comparable or even more efficient model can be achieved
with the CNN-only compared to DNN-only ensemble for all datasets. The sensitivity
increased for ∼1.4% and ∼5.9% depending on the dataset, while a smaller memory
footprint was obtained.

• RQ2: Since the number of FLOPs is much higher for CNNs than DNNs (∼10 times), as
these are generally not highly optimized architectures and have no mechanisms for reduc-
ing their number of operations, it is most useful to combine them with existing DNNs.
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• RQ3: A hybrid ensemble approach combining CNNs and DNNs is the best compro-
mise, as it incorporates the benefits of both architecture types; it reduces the number
of FLOPs and retains performance, with a size that could fit the device memory.

The performances of the proposed hybrid models are 90.8%, 93.1%, and 78.1%, for
PathMNIST, OrganMNISTA, and OCTMNIST, and these results are comparable to the work
reported in the literature. For PathMNIST, the performance is∼0.3% lower than in previous
work, and the model is ∼65% smaller. The drop in performance is ∼0.4% and ∼2% for
OrganAMNIST and OCTMNIST, but the memory footprint is reduced by ∼77% and ∼82%
compared to the recent state-of-the-art solutions. This means that the proposed hybrid
ensemble models could be successfully deployed on a resource-constrained device with a
limited memory. With the compromise of a larger number of necessary FLOPs operations,
even better-performing models can be achieved. The increased sensitivity that can be
offered compared to the related work is ∼1.4% with the hybrid ensemble (OrganAMNIST)
and ∼2.3% with CNN-only (OCTMNIST).

Future work will further refine the proposed selection mechanism by incorporating
more advanced techniques. Namely, in the proposed best-candidate-selection procedure,
the wS score is treated as the most important performance metric in the first-stage Pareto
analysis since the goal was to find the ensemble combinations that exhibit the best overall
performance across all classes. The current selection incorporates AUC in the second
stage of extracting the best models, and future work will investigate how to include AUC
and other performance metrics in the earlier stage of the multi-variable Pareto selection.
The theoretical assumptions used in this paper for the edge deployment are logically
sound, and rely on the standardly used complexity metrics for the model’s deployment
and implementation. As a next step in our research, the Pareto analysis will be repeated
by using the complexity of the models implemented on real physical hardware. Another
possible extension of our work could focus on exploring the strategies for addressing
limited data availability in medical studies.

Moreover, in future research, we plan to expand the compression of the proposed
models with efficient quantization and pruning strategies to confirm that the models
could be successfully implemented in the resource-constrained device using integer-only
arithmetic. A simulation of the 8-bit dynamic integer quantization of the proposed models
confirms that the used assumptions regarding integer quantization are logically sound
and that the compression of the proposed models’ weights and activations to 8 bits can
indeed preserve the achieved accuracy. The next focus will be towards the implementation
of these models on a real edge device (for example, on an FPGA) and their testing in the
more realistic environment of an embedded medical system.
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Appendix A. Pareto Analysis Results (PathMNIST and OCTMNIST Dataset)

(a) wS vs. SizeC (b) wS vs. FLOPsC

(c) wS vs. TimeC

Figure A1. Pareto analysis results extracting the CNN-only ensembles that constitute the Pareto
frontier (PathMNIST). These points (denoted in red) constitute the sets P1, P2, and P3. The search
space is visible in the tables next to the plots. To ensure figure clarity, some point labels in high-density
regions are omitted to prevent overlap.

(a) wS vs. SizeC (b) wS vs. FLOPsC

(c) wS vs. TimeC

Figure A2. Pareto analysis results extracting the CNN-only ensembles that constitute the Pareto
frontier (OCTMNIST). These points (denoted in red) constitute the sets P1, P2, and P3. The search
space is visible in the tables next to the plots. To ensure figure clarity, some point labels in high-density
regions are omitted to prevent overlap.
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(a) wS vs. SizeC (b) wS vs. FLOPsC

(c) wS vs. TimeC

Figure A3. Pareto analysis results extracting the DNN-only ensembles that constitute the Pareto
frontier (PathMNIST). These points (denoted in red) constitute the sets P1, P2, and P3. The search
space is visible in the tables next to the plots.

(a) wS vs. SizeC (b) wS vs. FLOPsC

(c) wS vs. TimeC

Figure A4. Pareto analysis results extracting the DNN-only ensembles that constitute the Pareto
frontier (OCTMNIST). These points (denoted in red) constitute the sets P1, P2, and P3. The search
space is visible in the tables next to the plots.
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(a) wS vs. SizeC (b) wS vs. FLOPsC

(c) wS vs. TimeC

Figure A5. Pareto analysis results extracting the hybrid ensembles that constitute the Pareto frontier
(PathMNIST). These points (denoted in red) constitute the sets P1, P2, and P3. The search space
is visible in the tables next to the plots. To ensure figure clarity, some point labels in high-density
regions are omitted to prevent overlap.

(a) wS vs. SizeC (b) wS vs. FLOPsC

Figure A6. Cont.
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(c) wS vs. TimeC

Figure A6. Pareto analysis results extracting the hybrid ensembles that constitute the Pareto frontier
(OCTMNIST). These points (denoted in red) constitute the sets P1, P2, and P3. The search space
is visible in the tables next to the plots. To ensure figure clarity, some point labels in high-density
regions are omitted to prevent overlap.

(a) wS vs. SizeC (b) wS vs. FLOPsC

(c) wS vs. TimeC

Figure A7. Pareto analysis results comparing the selected architectures from the set F (OCTMNIST).
These points (denoted in red) constitute the sets P1, P2, and P3. The search space is visible in the
tables next to the plots.

Appendix B. Performance with Other Ensemble Strategies (PathMNIST
and OCTMNIST)

Table A1. The efficiency for stacking with a meta-learner (PathMNIST and OCTMNIST).

Fusion Method Num of Hidden Layers MNIST Model ⋆wS AUC Size [MB] FLOPs (M)in Meta-Learner Dataset

Average ensemble -
A_B4_C2_C3 0.899 0.988 21.160 1081.768

(no meta-learner) Path B4_C2_C3_D2 0.897 0.988 29.860 736.089
A_C2 0.896 0.986 8.440 643.032
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Table A1. Cont.

Fusion Method Num of Hidden Layers MNIST Model ⋆wS AUC Size [MB] FLOPs (M)in Meta-Learner Dataset

Average ensemble -
C3_D3 0.796 0.966 27.990 702.872

(no meta-learner) OCT C3_D2 0.794 0.972 18.220 499.389
C2_D2 0.785 0.970 9.860 296.697

A_B4_C2_C3_8 0.888 0.972 21.161 1081.768
Path B4_C2_C3_D2_8 0.888 0.980 29.861 736.089

single
A_C2_64 0.890 0.977 8.447 643.035

C3_D3_8 0.787 0.942 27.990 702.872
OCT C3_D2_16 0.797 0.953 18.221 499.389

Stacking C2_D2_64 0.790 0.938 9.863 296.698

with meta-learner A_B4_C2_C3_8_16 0.890 0.976 21.162 1081.769
Path B4_C2_C3_D2_8_16 0.886 0.978 29.862 736.090

double
A_C2_8_64 0.890 0.977 8.445 643.034

C3_D3_8_32 0.785 0.937 27.992 702.872
OCT C3_D2_8_32 0.797 0.951 18.222 499.389

C2_D2_8_16 0.792 0.925 9.861 296.697

Bold values indicate the best scores. Values are sorted by the order of models in the average ensemble. ⋆ Primary
performance metric.

Table A2. The efficiency for early fusion strategies with a meta-learner (PathMNIST and OCTMNIST).

Fusion Method Num of Hidden Layers MNIST Model ⋆wS AUC Size [MB] FLOPs (M)in Meta-Learner Dataset

A_B4_C2_C3_16 0.888 0.984 21.196 1081.786
Path B4_C2_C3_D2_32 0.894 0.988 29.955 736.138

single
A_C2_8 0.883 0.977 8.446 643.035

C3_D3_32 0.775 0.941 28.03 702.892
OCT C3_D2_64 0.790 0.957 18.299 499.430

Early fusion C2_D2_16 0.773 0.951 9.88 296.707

(first scenario) A_B4_C2_C3_16_32 0.888 0.979 21.198 1081.788
Path B4_C2_C3_D2_32_64 0.892 0.986 29.964 736.143

double
A_C2_8_16 0.888 0.984 8.447 643.035

C3_D3_32_64 0.776 0.937 28.038 702.897
OCT C3_D2_8_32 0.796 0.957 18.231 499.394

C2_D2_16_32 0.777 0.952 9.882 296.708

A_B4_C2_C3_8 0.886 0.980 22.016 1082.216
Path B4_C2_C3_D2_16 0.896 0.982 31.19 736.785

single
A_C2_64 0.872 0.980 13.04 645.441

C3_D3_16 0.793 0.949 28.99 703.396
OCT C3_D2_64 0.774 0.951 21.75 501.240

Early fusion C2_D2_16 0.768 0.950 10.626 297.098

(second scenario) A_B4_C2_C3_8_16 0.884 0.985 22.017 1082.217
Path B4_C2_C3_D2_16_64 0.891 0.981 31.19 736.788

double
A_C2_16_64 0.877 0.980 9.59 643.637

C3_D3_32_64 0.794 0.950 30.0 703.925
OCT C3_D2_16_32 0.785 0.962 19.105 499.853

C2_D2_16_32 0.774 0.960 10.628 297.099

Bold values indicate the best scores. Values are sorted by the order of models in the average ensemble. ⋆ Primary
performance metric.
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Abstract

We propose an attention-based back-projection network that enhances light field recon-
struction quality by modeling inter-view dependencies. The network uses pixel shuffle
to efficiently extract initial features. Spatial attention focuses on important regions while
capturing inter-view dependencies. Skip connections in the refinement network improve
stability and reconstruction performance. In addition, channel attention within the pro-
jection blocks enhances structural representation across views. The proposed method
reconstructs high-quality light field images not only in general scenes but also in com-
plex scenes containing occlusions and reflections. The experimental results show that the
proposed method outperforms existing approaches.

Keywords: light field reconstruction; angular super-resolution; convolutional neural network

1. Introduction
Light field imaging enables the reconstruction of 3D information by capturing both

spatial and angular information [1,2]. Due to this property, light field imaging has been
applied in various fields [3–8]. However, to extend its applications further, the angular
resolution of light field imaging needs to be improved. One of the primary challenges in
this task is processing a large number of views. This requirement substantially increases
the number of network parameters. In addition, parallax between views complicates the
reconstruction process. Moreover, factors such as light reflections and occlusions make the
restoration process more difficult. Consequently, enhancing light field resolution remains a
highly challenging problem.

Conventional view synthesis methods [9–13] generate novel views using classical
approaches. Geometry-based techniques [9,11] use estimated depth or disparity maps
to guide pixel rearrangement. They perform well in simple scenes but have difficulty
handling occlusions, complex lighting, or strong reflections. To address these limitations,
Zhou et al. [14] proposed learning an appearance mapping from input images via appear-
ance flow, thus avoiding explicit depth estimation. While this method can yield high-quality
reconstructions under favorable conditions, it is still challenged by occlusions and regions
not visible in the input views. Moreover, its reliance on flow-based warping limits flexibility
in handling novel pixels and complex scenes.

Recently, deep learning-based methods [15–26] have been introduced for light field
reconstruction. These approaches are categorized into depth-based and non-depth-based
methods. Depth-based methods generate novel views by predicting a depth map from
the input images. However, inaccurate depth estimation causes problems that reduce the
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quality of the novel view. Non-depth-based methods can avoid these issues since they do
not rely on depth maps. However, due to the inherent complexity of light field, the quality
of the reconstructed images remains limited. To overcome this limitation, non-depth-based
approaches focus on efficiently utilizing the intrinsic information across light field views
without relying on explicit depth estimation.

In our previous work, we proposed Prex-Net [27], which progressively fused feature
maps across views using a modified back-projection structure [28]. We extend our previous
approach and propose Prex-NetII, an improved algorithm for high-quality light field recon-
struction. Unlike our previous network [27], Prex-NetII employs pixel shuffle and spatial
attention for initial feature extraction. The pixel shuffle approach efficiently aggregates
multi-view information with fewer parameters than 3D convolution.

In addition, the spatial attention module improves the network’s capacity to cap-
ture spatial correlations across sub-aperture images. Furthermore, channel attention is
incorporated into the up- and down-projection modules within the refinement network
to better exploit inter-view dependencies and underlying 3D structural information. To
further stabilize training and improve reconstruction performance, long skip connections
are applied before and after the refinement network. The main contributions of this work
are summarized as follows:

• Efficiently extracts the initial feature map using pixel shuffle, reducing the number of
parameters compared to our previous work.

• Enhanced training stability achieved by adopting long skip connections around the
refinement network.

• Improved cross-view representation through attention mechanisms that better capture
structural dependencies across views.

2. Related Works
A common strategy for synthesizing novel views is to predict a depth map and

warp the input images. The accuracy of the estimated depth map directly determines the
quality of the resulting views. Traditional depth-based light field reconstruction methods
have explored various approaches. Wanner and Goldluecke [9] introduced a variational
framework for disparity estimation and angular super-resolution, deriving disparity maps
from local slope estimations to generate warp maps. However, this approach is limited to
local regions and shows reduced performance in areas with complex structures or strong
specular reflections. Mitra and Veeraraghavan [10] proposed a patch-based method using
Gaussian mixture model to model disparity patterns, integrating patches to reconstruct
high-resolution light field images. This method struggles when the patch sizes are smaller
than the maximum disparity in the light field.

With the introduction of deep learning, CNN-based methods have been applied to
light field reconstruction. Flynn et al. [15] demonstrated a method for synthesizing novel
views from wide-baseline stereo images, providing guidelines for disparity-based CNN
synthesis. However, generating views using only two input images limits the total number
of novel views. Kalantari et al. [16] proposed a framework that estimates depth from
densely sampled light field images, warps the inputs accordingly, and refines intermedi-
ate synthesis images through color estimation. Although effective, this method requires
cropping boundary regions due to missing data in warped inputs and is computationally
expensive when producing multiple views. Jin et al. (LFASR-geometry) [17] addressed
speed limitations by predicting multiple depth maps simultaneously, but remaining inac-
curacies in depth estimation still cause distortions. Jin et al. (LFASR-FS-GAF) [18] further
enhanced intermediate synthesis by incorporating attention maps and plane sweep vol-
umes (PSVs), improving synthesis quality, but limitations remain in improving the accuracy
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of depth maps. Chen et al. [19] proposed a hybrid method that combines depth-based
and non-depth-based synthesis through region-wise disparity guidance. However, it still
suffers from detail loss and artifacts due to disparity estimation errors.

Several methods reconstruct light fields without estimating depth explicitly, relying
on structural cues or frequency-domain information instead. Shi et al. [12] restored the
sparsity of light field images in the Fourier domain via nonlinear gradient descent,
although their approach required specific sampling along image borders and diago-
nals. Vagharshakyan et al. [13] applied adaptive discrete shearlet transforms and EPI-
based inpainting, but sequential synthesis along axes slowed processing and limited
occlusion handling.

As in depth-based methods, CNN-based models have been proposed to reconstruct
light fields without explicit depth estimation. Yoon et al. [20] proposed a network to
synthesize an intermediate view from two adjacent views, but it had a limitation in the
location of synthesized views. Gul and Gunturk [21] fed lenslet stacks into a network to
achieve angular super-resolution more efficiently, yet simple architectures caused quality
degradation. Wu et al. [22] reconstructed light fields via EPIs using a blur-restoration-
deblur framework, but the reconstruction failed for scenes with disparities beyond a certain
range. To address this, Wu et al. [23] proposed a shear-aware light field reconstruction
network that integrates learnable shearing, downscaling, and prefiltering into the rendering
process. It reduces aliasing in epipolar-plane images by processing and fusing multiple
sheared inputs. Wang et al. (DistgASR) [24] combined MacPI structures and multiple
filters to extract spatial and angular features simultaneously, achieving high quality with
minor inference delays. Fang et al. (GLGNet) [25] proposed an EPI-based framework
that incorporates a bilateral upsampling module to perform angular super-resolution at
arbitrary interpolation rates. However, the method tends to lose fine details in scenes
with complex textures. Salem et al. (LFR-DFE) [26] integrated dual feature extraction and
macro-pixel upsampling, producing high-quality reconstructions under sparse inputs, but
the approach struggled with complex occlusion boundaries.

In summary, inaccurate depth estimation causes distortions in the reconstructed views
of depth-based methods. Although non-depth-based approaches can avoid this issue, they
still suffer from image artifacts and loss of fine details in regions with complex occlusions
or reflections. This is because existing models have difficulty capturing the spatial–angular
relationships required for accurate reconstruction. To solve these problems, we propose
an attention-based back-projection network that enhances feature interaction across views
and improves reconstruction quality.

3. Proposed Network
The proposed network consists of an initial feature extraction network and a re-

finement network. The initial feature extraction network integrates spatial and angular
information from multiple input views. It generates a fused feature representation of the
corner sub-aperture images through pixel shuffle. This allows the use of 2D convolutions
to capture spatio-angular dependencies with a low computational cost. A spatial attention
module is then applied to focus on informative regions. The initial feature map is then
fed into the refinement network for reconstruction. The refinement network adopts a
back-projection structure to refine the extracted features. The refinement network consists
of multiple up- and down-projection blocks that reduce reconstruction errors and recover
fine spatial details while maintaining consistency across views.

As shown in Figure 1, the initial feature extraction network concatenates corner
images LFLT , LFRT , LFLB, and LFRB ∈ RH×W×1 of the 7 × 7 light field image to create
LFconcat ∈ RH×W×4, where H and W are the height and width of light field images, re-
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spectively. Then, LFconcat is rearranged to LFps ∈ RrH×rW×4/r2
by pixel shuffle, where r is

the upscaling factor and is set to 2. Consequently, the input images of the four corners
are rearranged into a single-channel feature map with double the spatial resolution. This
allows the network to efficiently extract spatio-angular features from multiple images using
only 2D convolution.

Figure 1. Overall architecture of the proposed Prex-Net. The network consists of two stages: (1) an
initial feature extraction network that integrates spatial and angular information using pixel shuffle
and spatial attention, and (2) a refinement network that refines features through multiple up- and
down-projection blocks.

The pixel-shuffled image LFps passes through 2D convolution layers of 256, 128,
64, 49, and 49 with 3 × 3 kernels. The spatial attention module is inserted after the
first convolution layer to improve spatial features. As a result, the initial feature map Finit

is obtained. The stride and padding of all convolution layers are set to 1, except for the last
layer. To match the spatial resolution of the initial feature map Finit and the input light field
image, the stride of the last convolution layer is set to 2 and the padding is set to 1. Each
convolution layer is followed by LeakyReLU with a negative slope of 0.01.

In the spatial attention module, the input feature map is processed through both
average and max pooling to produce two spatial maps. These maps are concatenated
and passed to a 2D convolution layer with a 7 × 7 kernel, stride 1, and padding 1. This
layer generates the spatial attention map. The 7 × 7 kernel size is adopted to provide a
wider receptive field for capturing long-range spatial correlations. The attention map is
normalized using a sigmoid activation and multiplied with the original feature map to
obtain spatially refined features. The structure of the spatial attention module is shown in
Figure 2.

Figure 2. Structure of the spatial attention module. Average and max pooling are first applied to the
input feature map to generate spatial features, which are then concatenated and passed through a
7 × 7 convolution, followed by a sigmoid activation to produce the spatial attention map.

To capture the inherent correlations in the initial feature map, we introduce a refine-
ment network based on a back-projection structure [28]. As shown in Figure 1, the up- and
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down-projection blocks of the refinement network are densely connected to each other.
The first up-projection block takes the initial feature map as input. The subsequent up-
projection blocks concatenate the outputs of the down-projection blocks from the previous
stage and use them as input. Similarly, the first down-projection block takes the output of
the first up-projection block as input, and the following down-projection blocks concatenate
the outputs of the up-projection blocks from the previous stage and use them as input.

The input of the last convolution layer is the concatenated outputs of the down-
projection blocks. The last convolution layer has a filter size of 3 × 3 and is not followed by
an ReLU. Finally, the output feature map Fre f ine of the refinement network is added to the
initial feature map Finit, via a long skip connection, to generate the final reconstructed light
field images. This long skip connection helps to improve the quality of the reconstructed
light field images and enables stable training of the proposed network.

3.1. Up-Projection Bock

The up-projection block is shown in Figure 3. The input feature map Ui
in of the

up-projection block is the initial feature map or the concatenated outputs of the down-
projection blocks. It can be expressed as

Ui
in =





Finit, i = 1

concatenate(D1
out, · · · , Di−1

out ), i = 2, . . . , 12,
(1)

where i represents the i-th block. As i increases, the number of channels of the input feature
map Ui

in increases by 49× i. Therefore, a 1 × 1 convolution layer is employed to set the
channel number of the input feature map Ui

in to 49. The following 3 × 3 convolution
layer expands the 49-channel feature map to a 196-channel feature map. The expanded
196-channel feature map is passed through a channel attention module to assign weights to
each channel. This expanded feature map enhances feature representation and captures
more complex spatial relationships. Subsequently, the feature map is rearranged into a
49-channel feature map ui

1 using pixel shuffle with an upscaling factor of 2. The pixel-
shuffled 49-channel feature map ui

1 is processed by a 6 × 6 convolution layer with a stride
of 2 and padding of 2. This operation produces a 49-channel feature map ui

2 with spatial
resolution matching that of the input light field image. The feature map ui

2 becomes a resid-
ual feature map by subtracting ui

0. This 49-channel residual feature map passes through a
3 × 3 convolution layer for channel expansion and pixel shuffle with an upscaling factor
of 2. Each convolution layer is followed by LeakyReLU with a negative slope of 0.2. The
resulting ui

3 is then added to ui
1 to produce Ui

out. The final output of the up-projection block
can be expressed as

Ui
out = F (ui

0) +F
(

ϕ(g(ui
1))− ui

0

)
, (2)

where F (·) = ϕ(P2(Ac(q(·)))). Here, ϕ(·) represents the LeakyReLU activation function,
P2(·) denotes the pixel shuffle operation, and Ac(·) denotes the channel attention module,
while q(·) and g(·) refer to 3× 3 and 6× 6 convolution layers, respectively.

The channel attention module is shown in Figure 4. First, a feature map with
196 channels is input and compressed into a channel-wise descriptor by applying av-
erage pooling. Although max pooling can also be used in this step, we used only average
pooling to reduce the computational cost. The average-pooled feature map with a shape of
(196 × 1 × 1) is passed through two fully connected layers to generate the attention map,
where the reduction ratio is set to 14. Here, the feature dimension is reduced from 196 to 14
and then expanded back to 196. This enables the network to learn channel-wise weights
that represent the importance of each channel. An ReLU activation is applied between
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the layers. The resulting attention map is normalized using a sigmoid activation function
and then multiplied element-wise with the input feature map. This produces the final
channel-attended feature representation.

Figure 3. Structure of the up-projection block. Stacked inputs are compressed, enhanced with channel
attention, and spatially aggregated using a 6 × 6 convolution.

Figure 4. Structure of the channel attention module. Global average pooling and two fully connected
layers generate attention weights, which scale channel features.

3.2. Down-Projection Bock

The down-projection block is shown in Figure 5. The input feature map Di
in of the

down-projection block is the concatenated outputs of the up-projection blocks. It can be
expressed as

Di
in = concatenate(U1

out, · · · , Ui
out), i = 1, 2, . . . , 12. (3)

Similar to the up-projection block, each increment in i increases the channels of the
input feature map for the down-projection block by 49× i. Therefore, a 1 × 1 convolution
layer is employed to set the channel number of the input feature map Di

in to 49. Unlike
the up-projection block, the spatial resolution of the feature map Di

in is double that of the
input light field image. Therefore, we resize it using a 6 × 6 convolution layer with a
stride of 2 and padding of 2. The 49-channel feature map di

1 is expanded to 196-channel
feature map using a 3 × 3 convolution layer. The 196-channel feature map is then passed
through the channel attention module and subsequently rearranged into a 49-channel
feature map di

2 by pixel shuffle with an upscaling factor of 2. The 49-channel feature map
di

2 becomes a residual feature map by subtracting the feature map di
0 previously generated

by the 1 × 1 convolution layer. This 49-channel residual feature map passes through a
6 × 6 convolution layer to match the spatial resolution of the input light field image. It is
then added to di

1 to produce the output of the down-projection block. It can be expressed as

Di
out = di

1 + ϕ
(

g(F (di
1)− di

0)
)

. (4)
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Figure 5. Structure of the down-projection block. The block compresses concatenated inputs, applies
channel attention for feature enhancement, and employs convolution and pixel shuffle operations to
restore residual information.

4. Simulation Results
For training, we used the Stanford Lytro light field archive [29] and the Kalantari

dataset [16]. These datasets have an angular resolution of 14 × 14 and a spatial resolution
of 376 × 541. We used only the 7 × 7 light field images from the center of the 14 × 14
light field images. We converted RGB color images to YCbCr color images and conducted
experiments using only luminance. For testing, we used real-world light field images
named 30Scenes [16], Occlusions [29], and Reflective [29] datasets. The 30Scenes dataset
consists of general images, the Occlusions dataset contains images with overlapping objects,
and the Reflective dataset includes images with reflective areas. In particular, light field
images with occlusions or diffuse reflections make it difficult to predict the pixels of the
reconstructed light field images. We evaluated the performance of the proposed method
using datasets with various characteristics.

We used randomly cropped patches with a spatial resolution of 96 × 96 for training,
and the cropped patch was augmented by flipping and rotation. To avoid memory limita-
tion issues, the batch size was set to 1. For optimization, we used Adam optimizer with
β1 = 0.9, β2 = 0.999. The learning rate was initialized as 10−4 and decreased to 10−6 by
10−1 every 5000 epochs. The proposed network was trained using the Charbonnier loss [30],
which minimizes the error between the original high-resolution (HR) light field image
and the reconstructed light field image. This loss function is adopted for its robustness to
outliers and its smooth approximation of the L1 norm. The loss is defined as

L =
√
∥LHR − L̂HR∥2 + ϵ2, (5)

where LHR and L̂HR denote the ground-truth and predicted HR light field images, respec-
tively. The value of ϵ is set to 1× 10−3, which is commonly used in image reconstruc-
tion tasks.

To evaluate the performance of the proposed method, various metrics were com-
pared with those of existing approaches. Table 1 presents the PSNR comparison results.
Non-depth-based methods [24,26,27] achieve better performance than early depth-based
approaches [16,18] as they reconstruct images directly without relying on depth estimation.
On average, the PSNR of the proposed method was 2.33 dB, 1.44 dB, 0.61 dB, 0.38 dB, and
0.27 dB higher than that of Kalantari et al. [16], LFASR-FS-GAF [18], DistgASR [24], Prex-
Net [27], and LFR-DFE [26], respectively. The proposed method consistently outperformed
competing approaches across the entire dataset, regardless of its characteristics.
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Table 1. Quantitative comparison of PSNR and SSIM between our proposed method and existing
methods for 2× 2→ 7× 7 reconstruction.

Methods 30Scenes Occlusions Reflective Average

Kalantari et al. [16] 41.42/0.984 37.46/0.974 38.07/0.953 38.98/0.970
LFASR-FS-GAF [18] 42.75/0.986 38.51/0.979 38.35/0.957 39.87/0.974
DistgASR [24] 43.61/0.995 39.44/0.991 39.05/0.977 40.70/0.988
Prex-Net [27] 43.49/0.987 40.00/0.983 39.30/0.961 40.93/0.977
LFR-DFE [26] 43.62/0.987 40.08/0.983 39.42/0.960 41.04/0.977
Prex-NetII 43.79/0.988 40.35/0.984 39.80/0.962 41.31/0.978

To analyze the influence of the number of projection blocks, we conducted experiments
by varying the number of blocks in the refinement network. All models were trained
under identical conditions, and their reconstruction performance was evaluated in terms
of PSNR and SSIM. As shown in Table 2, the performance improved as the number of
projection blocks increased. However, as the number of projection blocks increased, the
performance gain gradually decreased. We determined the optimal number of up- and
down-projection blocks to be 12 for each, considering the trade-off between performance
and model parameters. In addition, the proposed model achieved better performance while
reducing the number of parameters compared to our previous work [27].

Table 2. Quantitative comparison of PSNR and SSIM with varying numbers of projection blocks.

Number of Blocks 30Scenes Occlusions Reflective Average Param. (M)

Prex-Net [27] 43.49/0.987 40.00/0.983 39.30/0.961 40.93/0.977 8.10
Blocks 3 43.20/0.986 39.55/0.981 39.23/0.958 40.66/0.975 2.11
Blocks 6 43.51/0.987 39.95/0.983 39.48/0.956 40.98/0.975 3.85
Blocks 9 43.66/0.987 40.06/0.983 39.75/0.962 41.16/0.977 5.63
Blocks 12 43.79/0.988 40.35/0.984 39.80/0.962 41.31/0.978 7.46

We conducted a series of experiments to validate the effectiveness of the proposed
method. This ablation study was conducted to evaluate the contribution of the applied
attention blocks to performance improvement. We applied different attention modules to
the initial feature extraction and projection blocks. As shown in Table 3, the results indicate
that the best performance was achieved when spatial attention was applied at the initial
feature extraction stage and channel attention was integrated within the projection block.

Spatial attention applied at an early stage helped the network to focus on relevant
regions in the input image, improving spatial feature learning. Channel attention within
the projection block refined the features by strengthening channel-wise correlations, which
led to improved reconstruction performance.

Table 3. Ablation results on spatial and channel attention modules.

Variants Initial Feature Extraction Projection Block PSNR(dB)/SSIM

w/o ✗ ✗ 41.20/0.977
1 channel attention spatial attention 40.86/0.975
2 channel attention channel attention 41.24/0.978
3 spatial attention spatial attention 40.85/0.975
4 spatial attention channel attention 41.31/0.978

Figure 6 presents a comparison between the proposed method and existing methods
using both error maps and cropped image regions. The error maps show the pixel-wise
differences between the reconstructed and ground-truth images. Smaller errors are shown
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in blue, while larger errors are shown in red. For clearer comparison, error values were
clipped to the range of 0 to 0.1, with values above 0.1 truncated to 0.1. As shown in
Figure 6, the proposed method more accurately reconstructs the ground-truth images than
existing methods.

Figure 6. Visual comparison of central novel view result images.

Methods that rely on depth maps reconstruct light field images by warping input
views based on estimated depth. As shown in Figure 6, blur or artifacts can be seen because
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the predicted depth map is inaccurate. In contrast, methods that do not rely on depth
maps avoid such issues. However, the figure shows that they may not fully exploit angular
correlations in the light field data, which leads to reduced texture quality.

For example, in the first cropped region of the Flower2 scene, the proposed method
recovers the background object between the petals more accurately than existing methods.
In the second crop of the Occlusion25 scene, the proposed method recovers leaf textures
more clearly than existing methods. This indicates that the proposed method provides
consistently higher-quality reconstructions across these examples. In the first crop of the
Reflective3 scene, the proposed method restores reflected light that closely matches the
ground truth. Additionally, in the second crop of the same scene, existing methods tend to
produce unwanted white lines in reflective regions due to interference from neighboring
regions. The results show that the proposed method is more robust in handling reflections.

5. Conclusions
In this paper, we proposed Prex-NetII to increase the angular resolution of light fields

using an attention-based back-projection network. Compared with our previous work, the
proposed network included several improvements to enhance reconstruction performance.
The proposed network adopted pixel shuffle for initial feature extraction, which efficiently
extracted features while reducing the number of parameters. By employing attention mech-
anisms, the network effectively captured inter-view correlations and selectively enhanced
important spatial features. In addition, long skip connections were applied around the
refinement network to stabilize training and preserve structural details across views. The
experimental results showed that our method achieved higher PSNR and SSIM compared
with existing approaches, demonstrating the benefit of integrating projection-based refine-
ment with attention-driven feature fusion. The proposed light field reconstruction method
can be applied to various industrial domains, such as CCTV systems, visual recognition,
and AR/VR applications. Future work will focus on reducing model complexity while
maintaining reconstruction accuracy.
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Abstract

With the rapid growth of video platforms such as YouTube, Bilibili, and Dailymotion, an
enormous amount of video content is being shared worldwide. In this environment, content
providers are increasingly adopting methods that restructure videos around highlight
scenes and distribute them in short-form formats to encourage more efficient content
consumption by viewers. As a result of this trend, the importance of highlight extraction
technologies capable of automatically identifying key scenes from large-scale video datasets
has been steadily increasing. To address this need, this study proposes SPOT (Spatial
Perceptual Optimized TimeSformer), a highlight extraction model. The proposed model
enhances spatial perceptual capability by integrating a CNN encoder into the internal
structure of the existing Transformer-based TimeSformer, enabling simultaneous learning
of both the local and global features of a video. The experiments were conducted using
Google’s YT-8M video dataset along with the MR.Hisum dataset, which provides organized
highlight information. The SPOT model adopts a regression-based highlight prediction
framework. Experimental results on video datasets of varying complexity showed that, in
the high-complexity group, the SPOT model achieved a reduction in mean squared error
(MSE) of approximately 0.01 (from 0.090 to 0.080) compared to the original TimeSformer.
Furthermore, the model outperformed the baseline across all complexity groups in terms
of mAP, Coverage, and F1-Score metrics. These results suggest that the proposed model
holds strong potential for diverse multimodal applications such as video summarization,
content recommendation, and automated video editing. Moreover, it is expected to serve
as a foundational technology for advancing video-based artificial intelligence systems in
the future.

Keywords: highlight extraction; video understanding; Transformer; CNN; short-form video

1. Introduction
With the rapid proliferation of video platforms such as YouTube, Bilibili, and Dailymo-

tion, an enormous amount of video content is being shared online [1,2]. In this environment,
content providers have actively adopted strategies that extract only the highlight scenes
and reorganize them into short-form videos to enable viewers to consume content more
quickly and easily [3,4].

This approach serves as an effective means of rapidly attracting viewer interest and
delivering key information in a compressed format, thereby increasing viewer engagement

Electronics 2025, 14, 3640 https://doi.org/10.3390/electronics14183640
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and driving higher viewership [5,6]. Alongside this shift in content consumption patterns,
the short-form video market has also experienced rapid growth, attracting significant
attention. Platforms such as TikTok, YouTube Shorts, and Instagram Reels have gained
explosive popularity among users worldwide [7,8], and the practice of delivering key
information in a short time span is becoming increasingly common [9,10].

Recent studies have analyzed this trend, noting that “short-form videos have revo-
lutionized digital consumption experiences due to fast consumption habits and mobile-
friendly designs” [11]. In particular, the proliferation of short-form content is closely
tied to strategies aimed at encouraging users to watch full-length videos by effectively
exposing them to key scenes. As a result, the importance of highlight detection tech-
nologies capable of automatically extracting key moments from long videos has become
increasingly emphasized [12].

However, the creation of such short-form content still largely depends on manual
editing, which is both time-consuming and inefficient, given the exponential increase in
video data. Consequently, there is a growing need for automated highlight detection
methods that can efficiently and accurately identify the most engaging moments in long
videos. Nevertheless, automatic highlight extraction remains a significant challenge, as it
requires effectively selecting moments of interest from among the vast number of scenes
within long videos [7,8].

Consequently, the growing demand for more sophisticated and efficient highlight
extraction techniques has actively driven research efforts. Notable examples include MH-
DETR [13], LD-DETR [14], SC-HVPPNet [15], and other recent approaches [16,17], which
aim to improve highlight detection performance in complex video data. These highlight
extraction techniques have evolved based on video understanding technologies, which
are designed to comprehend both visual and contextual information within videos. Video
understanding is a technology that goes beyond the analysis of individual frames to com-
prehensively interpret events, activities, object relationships, and contextual information
across sequences [18,19].

In this process, the complementary learning of local and global information is cru-
cial [20,21], as highlights are determined not only by subtle changes in objects but also
by the overall contextual flow of the video [22]. Local information refers to fine-grained
patterns and object-level changes occurring within limited regions of a frame, such as vari-
ations in facial expressions or hand gestures. In contrast, global information encompasses
relationships and contextual flows across entire frames or sequences of frames, serving as
key elements for understanding narrative development, scene transitions, and the overall
atmosphere of the video.

To effectively leverage both local and global information, prior research on highlight
extraction has largely evolved in two directions. The first approach is based on 2D/3D CNN
models [23,24], which excel at detecting local patterns but face limitations in capturing
relationships between segments and understanding broader video context [25]. The second
approach employs Transformer-based models [26], which leverage self-attention to learn
long-range spatiotemporal dependencies and global contextual information. However,
because they process inputs by dividing them into patches, these models often struggle to
capture subtle, fine-grained local variations within frames [27,28].

While both CNN- and Transformer-based approaches possess unique strengths, they
exhibit structural limitations when applied independently—often failing to jointly model
fine-grained local variations and long-range contextual dependencies. This structural gap,
as discussed in prior studies [29,30], underscores the need for a unified model capable of
integrating both aspects effectively. However, despite these advances, existing approaches
remain limited in their ability to jointly capture both fine-grained local variations and
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long-range contextual dependencies. Most prior studies have focused on either local or
global information in isolation, leaving a gap in effectively integrating the two for robust
highlight detection.

To address these limitations, we propose SPOT, which combines a CNN with the
Transformer-based TimeSformer [31]. The SPOT architecture extends TimeSformer by
incorporating a CNN branch in parallel with its Spatial Encoder, enabling the model to
simultaneously learn local and global features and effectively fuse them. This integrated
design is particularly beneficial in videos with high visual complexity or frequent local
variations, where TimeSformer alone often struggles. Under such conditions, SPOT demon-
strates improved highlight prediction accuracy compared to the baseline TimeSformer.

In this study, video complexity was calculated by analyzing the degree of change
between consecutive frames. Recent studies have emphasized the importance of video
complexity analysis for adaptive encoding and streaming. For instance, the Video Com-
plexity Analyzer (VCA) [32] estimates spatial and temporal complexity by leveraging
block-based DCT energy and its temporal variations. Inspired by such approaches, we
adopt a computationally simple calculation based on inter-frame variations to categorize
videos into different complexity levels for model evaluation.

Using this metric, the dataset was categorized into different complexity levels to
compare the performance of the proposed SPOT model with that of TimeSformer. Exper-
imental results revealed that SPOT consistently outperformed TimeSformer across key
evaluation metrics such as Coverage Ratio [33] and mean average precision (mAP) [34] as
video complexity increased. Notably, in the high-complexity group, SPOT achieved up to a
0.01 reduction in mean squared error (MSE) [35] compared to TimeSformer. This demon-
strates that SPOT is more sensitive to local visual variations within videos, thereby exhibit-
ing superior highlight detection capabilities even in highly complex scenes.

Furthermore, to analyze in greater depth the impact of visual complexity on model
performance, we included MH-DETR, a representative state-of-the-art (SOTA) model in
the field of highlight detection, as an additional comparison baseline. Through this, we
aimed to experimentally verify that SPOT demonstrates competitive performance not only
compared to pure Transformer-based architectures but also against the latest designs that
leverage cross-modal attention for integrating spatiotemporal features.

These results demonstrate that SPOT maintains high performance even in dynamic
video content, supporting its applicability to real-world tasks such as automated editing
and video summarization. While this study focuses on the visual modality for highlight
extraction, the use of multimodal datasets [36] suggests the potential for future expansion
to additional modalities such as audio and subtitles.

2. Related Research
Research on highlight extraction has evolved within the broader field of video under-

standing and can be broadly categorized into CNN-based, attention-based, Transformer-
based, and multimodal methods. Each of these approaches has contributed to important
advances: CNNs are effective for learning local spatial features, attention-based models
improve the focus on salient regions, and Transformers provide strong global context mod-
eling, and multimodal methods enrich visual information with complementary cues such
as audio or text. Nevertheless, several limitations remain. CNNs often fail to capture long-
range dependencies, attention mechanisms may struggle with fine-grained spatiotemporal
patterns, and Transformers are computationally expensive and relatively insensitive to sub-
tle local variations, and multimodal methods introduce challenges of modality alignment
and increased complexity. To address these issues in a unified manner, this study proposes
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SPOT, a model designed to integrate the complementary strengths of these approaches
while mitigating their respective limitations.

2.1. Video Understanding

Video understanding is a technology that interprets visual data in videos to recognize
objects, scenes, actions, and contextual information, and it has recently expanded into
diverse applications such as highlight extraction, action recognition, and video summa-
rization. Early studies in video understanding primarily leveraged convolutional neural
networks (CNNs) [37], which had demonstrated strong performance in image recognition,
to learn local patterns at the frame level or employed 3D CNNs [38] to capture spatiotempo-
ral features. Subsequently, recurrent neural networks (RNNs) and long short-term memory
(LSTM) networks [39] were introduced to model temporal dependencies. The integration
of attention mechanisms further enhanced the ability to focus on important frames and
regions. More recently, Transformer-based models [40] have activated research that em-
phasizes understanding global context, offering improved performance in various video
understanding tasks. In parallel, matching-based methods have been proposed to address
few-shot and fine-grained recognition challenges. For instance, M3Net [41] introduces a
multi-view encoding, matching, and fusion framework that leverages intra-frame, intra-
video, and intra-episode relationships to improve recognition performance in low-data
regimes. In addition, the incorporation of multimodal techniques [42] and large language
models (LLMs) [43] has enabled more advanced forms of video understanding, such as
video captioning, question answering, and streaming summarization.

2.2. CNN-Based Approaches

Early studies on highlight extraction were largely developed based on CNN [44]
models, which had been successfully applied in image recognition. These models typi-
cally extracted spatial features from individual frames and then connected them along the
temporal axis to detect or summarize highlight scenes within videos. While 3D CNNs
demonstrated strong capabilities in capturing local visual information, they faced limita-
tions in modeling sequential changes between scenes or detecting events likely to capture
viewer interest. In particular, their architectures were often inadequate for handling pat-
terns involving rapid visual changes or scene transitions within short time spans.

2.3. Attention-Based Approaches

Attention mechanisms enable models to focus on the most relevant parts of a video by
dynamically attending to spatial and temporal features, thereby allowing them to effectively
capture key scenes and fine-grained details. Attention-based models compute weights that
represent the relevance of each element in an input sequence to all others, enabling the
efficient extraction of important information even from long sequences. This approach
addresses some of the limitations of CNNs by allowing models to respond more sensitively
to event sequences and transitions between scenes.

2.4. Transformer-Based Approaches

Transformer architectures, built upon attention-based neural networks, extend the self-
attention mechanism and have marked a turning point in video understanding. Notable
examples include MH-DETR and LD-DETR, which utilize Transformer-based designs to
improve highlight detection and video moment localization. However, while Transformer-
based models excel at learning global context, prior studies have noted that they can be
relatively less effective at capturing fine-grained local patterns. This tendency may affect
tasks such as highlight detection, where sensitivity to subtle visual changes is important.
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2.5. Multimodal-Based Approach

Recent studies have increasingly focused on integrating multimodal information
to further enhance highlight extraction performance. These approaches utilize not only
visual information from videos but also incorporate audio, subtitles, and metadata to more
accurately identify key moments. For example, highlights may be detected by considering
the co-occurrence of specific sound events and visual scenes or by analyzing dialog content
alongside visual context to select highlight candidates.

3. SPOT Model
3.1. Structure of SPOT Models

Previous studies have primarily focused on effectively learning global context through
Transformer-based architectures; however, viewers’ actual interests are often based on
subtle object changes or localized movements within videos. This study distinguishes itself
by combining the global representation learning capabilities of Transformers with the local
pattern extraction strengths of convolutional neural networks (CNNs), thereby enabling
the capture of fine-grained spatial information that conventional models often overlook
and achieving more precise highlight prediction. The overall architecture of the proposed
model is illustrated in Figure 1.

 
Figure 1. SPOT model architecture.

As illustrated in Figure 1, the proposed SPOT model follows a network architecture
that combines a CNN-based encoder and the Transformer-based TimeSformer in paral-
lel to simultaneously capture both local and global features in videos. Specifically, the
architecture operates through the following five stages.

First, the input frame sequence is divided into patches, and each patch is transformed
into an input token through a linear embedding process. The resulting tokens are then
processed by the Spatial Encoder in the Frame’s Global Feature Extraction Branch, which is
responsible for learning the global visual information of each frame.

Second, each frame is fed into a pre-trained CNN encoder, such as ResNet-18, to
extract local features. This CNN encoder constitutes the Frame’s Local Feature Extraction
Branch and effectively encodes fine-grained patterns within each frame, including localized
objects, boundaries, and movements (e.g., the motion of a ball in sports videos) that are
likely to attract viewer attention.
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Third, the frames extracted from the two branches are fused through the CAFGL
(Cross-Attention Fusion of Global and Local features) block, as illustrated in Figure 2, by
using the local features as the Value (V) and the global features as the Query (Q) and Key
(K). The CAFGL block performs two successive cross-attention operations to iteratively
update the local and global features. In each stage, the softmax function converts the
Q–K similarity into a probability distribution, which is then used to compute a weighted
sum of V, thereby enabling the two feature types to exchange information and achieve
effective fusion.

Figure 2. CAFGL Block.

Fourth, the Spatial feature map is processed by the Temporal Encoder to learn temporal
relationships and sequential dynamics along the time axis. This stage plays a critical role in
capturing the temporal context of the video.

Finally, a fully connected regression head predicts an intensity score for each video
segment, representing the level of viewer engagement. This prediction is formulated as a
regression problem and is trained to minimize the mean squared error (MSE). The model’s
performance is further evaluated using metrics such as mean average precision (mAP).

The baseline model used for comparison in this study follows the TimeSformer-based
processing pipeline, as outlined in Algorithm 1.

Algorithm 1 TimeSformer

Input video
Output Tf_prediction
1 def timesformer(video):
2 split video to video_frames
3 For frame in video_frames:
4 split frame to frame_patch
5 Flatten and embed frame_patch to patch_tokens
6 Spatial_token← Spatial_encoder(patch_tokens)
7 Add Spatial_token into Spatial_tokens
8 Temporal_tokens← Temporal_encoder(Spatial_tokens)
9 Tf_prediction← Prediction_head(Temporal_tokens)
10 Return Tf_prediction

In Algorithm 1, the TimeSformer receives a video as its input. From lines 2 to 5, the
input video is divided into fixed-size patches for each frame, which are then flattened and
embedded to generate Patch_tokens. In line 6, the generated Patch_tokens are processed
by the Spatial Encoder to extract spatial features. Subsequently, in line 7, the extracted
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Spatial_token from each frame is aggregated sequentially to form Spatial_tokens. In line 8,
the Temporal Encoder learns the visual relationships among the Spatial_tokens, thereby
capturing contextual information across the temporal dimension. Finally, in line 9, the
Prediction Head produces the output Tf_prediction, representing the final prediction. The
parameters used in Algorithm 1 are presented in Table 1.

Table 1. Parameters of Algorithm 1.

Variable Name Description

Video Input video sequence

Tf_prediction The output of Prediction_head, i.e., the final predicted value of
the TimeSformer model

video_frames List/arrangement of frames divided by video (T frames)

frame Single frame in video_frames

frame_patch As a result of dividing the frame into smaller patches
(for example, 16 × 16)

patch_tokens Token vector embedded with frame_patch unfolded
(linear projection)

Spatial_token Output of spatial encoder (set of tokens in one frame)

Spatial_tokens Sequence that gathers the spatial_token of all frames (stacked
by the time axis)

Temporal_tokens Temporary encoder results (final token sequence with added
time context)

In addition, the proposed SPOT model is presented in Algorithm 2. This model
adopts the TimeSformer framework illustrated in Algorithm 1 as its backbone. However,
unlike the original architecture, a CNN encoder is integrated during the frame feature
extraction stage to enhance the features extracted from each frame. Specifically, the local
features (LC_feature) obtained from the CNN encoder and the global features (GL_feature)
extracted by the Spatial Encoder are fused through the CAFGL block before being fed into
the Temporal Encoder.

Algorithm 2 SPOT

Input video
Output SPOT_prediction
1 def SPOT(video):
2 split video to video_frames
3 For frame in video_frames:
4 split frame to frame_patch
5 Flatten and embed frame_patch to patch_tokens
6 GL_feature← Spatial_encoder(patch_tokens)
7 LC_feature← CNN_encoder(frame)
8 Fusion_feature← CAFGL(GL_feature, LC_feature)
9 Add Fusion_feature into Fusion_features
10 Temporal_tokens← Temporal_encoder(Fusion_features)
11 SPOT_prediction← Prediction_head(Temporal_tokens)
12 Return SPOT_prediction
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The parameters used in Algorithm 2 are summarized in Table 2.

Table 2. Parameters of Algorithm 2.

Variable Name Description

Video Input video sequence

SPOT_prediction Final prediction value (e.g., highlight score)

Video_frame List/array of frames obtained from video segmentation

frame A single frame within video_frames

frame_patch Result of dividing a frame into small patches

patch_tokens Token vector obtained by embedding a frame patch

GL_feature Global feature extracted from the Spatial Encoder

LC_feature Local feature extracted from the CNN Encoder

CAFGL Module for dynamically fusing local and global features based
on cross-attention

Fusion_feature Fused feature obtained by integrating GL_feature and
LC_feature through the CAFGL block

Fusion_features Sequence of fusion features from all frames arranged in
temporal order

Temporal_tokens Temporal Encoder output (tokens with temporal
context incorporated)

The baseline SPOT model in Algorithm 2 employs ResNet-18 as the CNN encoder. By
introducing this architectural modification, the structural differences between the process-
ing flow of the original TimeSformer (Algorithm 1) and that of the proposed SPOT model
(Algorithm 2) enable performance improvements to be achieved.

3.2. Mathematical Definition of SPOT
3.2.1. Input Clip

The SPOT model takes video clips as input, represented as a tensor X ∈ RH×W×C×F.
Here, C denotes the number of channels in each frame (C = 3 for RGB), and F represents
the number of RGB frames sampled from the original video. Each frame has a spatial
resolution of H ×W.

3.2.2. Decomposition into Patches

Since the proposed SPOT model is based on TimeSformer, it decomposes the input
video clips into patches in the same manner as the original model within the Spatial block.
Each frame is divided into N non-overlapping patches of size P× P. This process ensures
that all N patches completely cover the entire frame, where N = HW/P2. Here, p = 1, . . .,
N denotes the spatial locations.

In addition, the CNN block (e.g., ResNet-18), which operates in parallel with the
Spatial block, decomposes each frame into overlapping regions (overlapping patches).
The CNN applies a kernel of size K × K, stride S, and padding P to the input image
X∈RH×W×C to extract patches. Each location (i, j) in the resulting feature map corresponds
to a region of the input image X[i·S : i·S + K, j·S : j·S + K]. When S < K, the patches
overlap, resulting in overlapping regions across the feature map.
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3.2.3. Local Feature Extraction (CNN Encoder)

In the CNN encoder is designed to capture local features, each convolutional layer
performs the operation described in Equation (1) on the input feature map F(𝓁−1).

F(𝓁)
i,j,c =

K

∑
u=1

K

∑
v=1

C

∑
d=1

W(𝓁)
u,v,d,c·F

(𝓁−1)
i+u,j+v,d + b(𝓁)c (1)

In Equation (1), H𝓁 , W𝓁 , and C𝓁 represent the height, width, and number of chan-
nels of the output feature map, respectively. After the convolution operation defined in
Equation (1), a nonlinear activation function σ(· ), such as ReLU, is applied to introduce
nonlinearity, as expressed in Equation (2).

F(𝓁)
i,j,c = σ

(
F(𝓁)

i,j,c

)
(2)

After repeating the operation in Equation (2) across multiple layers, the final feature
map F(t)

CNN ∈ RH′×W′×C′ is obtained from the last layer. This feature map has a downsam-
pled spatial resolution (H′, W′) and a final channel size C′. Here, t = 1, . . ., F denotes the
frame index in the video sequence.

3.2.4. Global Feature Extraction (Spatial Attention Encoder)

Each patch is then linearly mapped into a D-dimensional embedding vector z(0)
(p,t)

using a learnable projection matrix E∈RD×3P2
, as follows.

z(0)
(p,t) = Ex(p,t) + epos

(p,t) (3)

In Equation (3), epos
(p,t) represents the positional embedding that encodes the spatiotem-

poral locations of each patch. The resulting embedding sequence z(0)
(p,t) is then used as the

input to the Transformer.
The Transformer consists of L encoding blocks, where each block 𝓁 computes the

Query, Key, and Value vectors from the output of the previous block z(𝓁−1)
(p,t) , as defined in

Equation (4).
q(𝓁,a)
(p,t) = W(𝓁,a)

Q ·LN(z(𝓁−1)
(p,t) )

k(𝓁,a)
(p,t) = W(𝓁,a)

K ·LN(z(𝓁−1)
(p,t) )

v(𝓁,a)
(p,t) = W(𝓁,a)

V ·LN(z(𝓁−1)
(p,t) )

(4)

In Equation (4), LN (·) denotes the LayerNorm operation, a = 1, . . ., A represents the at-
tention head index, and Dh = D/A indicates the dimensionality of the latent representation
for each head. TimeSformer adopts a Pre-LN architecture, in which LayerNorm is applied
prior to the computation of Query, Key, and Value (Q/K/V) vectors. This design helps to
stabilize the self-attention distribution when modeling the spatiotemporal characteristics
of videos.

The self-attention weights are computed using the dot-product and the SoftMax (SM)
function, as defined in Equation (5).

a(𝓁,a)
(p,t) = SM

(
q·kT
√

Dh

)
(5)
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Using the weights computed in Equation (5), a weighted sum of the Value vectors is
calculated to obtain the final encoded representation for each patch. This process is defined
in Equation (6).

s(𝓁,a)
(p,t) = a(𝓁,a)

(p,t).(0,0)v
(𝓁,a)
(0,0) +

N

∑
p′=1

F

∑
t′=1

a(𝓁,a)
(p,t).(p′ ,t′)v

(𝓁,a)
(p′,t′) (6)

The outputs s(𝓁,a)
(p,t) from all attention heads are concatenated and then passed through

a linear projection and a multi-layer perceptron (MLP). The resulting representation is
updated via residual connections, as defined in Equations (7) and (8).

z(𝓁)′
(p,t) = W0

[
s(𝓁,1)
(p,t) , . . . , s(𝓁,A)

(p,t)

]
+ z(𝓁−1)

(p,t) (7)

z(𝓁)
(p,t) = MLP(LN(z (𝓁)′

(p,t)

)
) + z(𝓁)′

(p,t) (8)

3.2.5. Feature Fusion Block (CAFGL)

To learn richer representations by fusing the local features from the CNN encoder and
the global features from the Spatial encoder, the CAFGL (Cross-Attention Fusion for Global
and Local) module was employed. In this process, the output of the CNN encoder F(𝓁)

i,j,c

is used as the Query, while the final output of the Spatial encoder z(𝓁)
(p,t) serves as the Key

and Value. These are mapped to the Q/K/V representations, and the cross-attention is
computed as defined in Equation (9).

Q(i,j) = WQ· F(i,j)
(p,t)

K(p,t) = WK·z(𝓁)(p,t)

V(p,t) = WV ·z(𝓁)(p,t)

(9)

In Equation (9), WQ, WK, and WV denote learnable weight matrices. The CAFGL
module computes the scaled dot-product between the Query and Key, followed by
the application of a SM function to obtain the attention weights a(i,j)(p,t), as defined in
Equation (10).

a(i,j)(p,t) = SM
(

Q·KT
√

Dh

)
(10)

The attention weights computed in Equation (10) are then used to calculate the fi-
nal fused features by performing a weighted sum of the Value vectors, as defined in
Equation (11).

S(i,j) =
N

∑
p=1

F

∑
t=1

a(i,j)(p,t)V(p,t) (11)

Finally, the local and global features are combined, as defined in Equation (12).

H(i,j)
f usion = MLP

([
S(i,j); F(i,j)

CNN

])
(12)

3.2.6. Temporal Encoder

The output of the CAFGL module, H(i,j)
f usion, is passed to the Temporal Encoder to

learn temporal continuity. Since H(i,j)
f usion is a spatial feature map, it is partitioned into

non-overlapping patches, following the same procedure used in the Spatial Encoder, and
subsequently transformed into ztime(p,t), as defined in Equation (13).

ztime(p,t) = P
(

H f usion

)
(13)
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In Equation (13), P( ) denotes the operation of partitioning H(i,j)
f usion into P× P patches.

Using the resulting sequence ztime(p,t), each block 𝓁 of the Temporal Encoder computes the
Query, Key, and Value vectors as defined in Equation (14).

qtime
(𝓁,a)
(p,t) = W(𝓁,a)

Qtime·LN(H(i,j)
f usion)

ktime
(𝓁,a)
(p,t) = W(𝓁,a)

Ktime·LN(H(i,j)
f usion)

vtime
(𝓁,a)
(p,t) = W(𝓁,a)

Vtime·LN(H(i,j)
f usion)

(14)

Temporal attention learns the relationships between the Query and all Key vectors
across different time frames at the same spatial location p. The attention score atime

(𝓁,a)
(p,t) is

computed as defined in Equation (15).

atime
(𝓁,a)
(p,t) = SM(

qtime·ktime
T

√
Dh

) (15)

Subsequently, the attention scores atime
(𝓁,a)
(p,t) from Equation (15) are used to compute

the weighted sum of the Value vectors, as defined in Equation (16).

stime
(𝓁,a)
(p,t) =

F

∑
t′=1

atime
(𝓁,a)
(p,t).t′·v

(𝓁,a)
(p,t′) (16)

The outputs from all attention heads are concatenated and then passed through a
linear projection and a multi-layer perceptron (MLP), as defined in Equation (17), to obtain
the final representation.

z(𝓁)
(p,t) = MLP

(
LN

(
W0

[
stime

(𝓁,1)
(p,t) , · · · , stime

(𝓁,A)
(p,t)

]))
+ W0

[
stime

(𝓁,1)
(p,t) , · · · , stime

(𝓁,A)
(p,t)

]
(17)

The final representation is processed through a downstream regression head to gen-
erate an intensity score for each segment of the video, representing the level of viewer
interest. Subsequently, the scipy.signal.find_peaks algorithm is applied to the resulting
intensity score sequence to automatically detect highlight segments based on local maxima.
In this context, highlight detection is defined as the set of points that satisfy the condition
expressed in Equation (18).

P(y) =
{

tp

∣∣∣y
(
tp
)
> y

(
tp − 1

)
, y
(
tp
)
> y

(
tp − 1

)
, y
(
tp
)
> Theight, ∆Tdistance

}
(18)

This process effectively identifies sections of successive frames with soaring interest
and is used to determine the start and end points of each highlight.

4. Experimental Results
4.1. Dataset for SPOT Models

In this study, we collected video data from the YouTube-8M (YT8M) dataset using the
metadata employed in MR.Hisum [45], a previous study on highlight dataset creation. This
metadata contains the information summarized in Table 3.

Table 3. Columns in the metadata.

Column Name Description

video_id A unique identifier assigned to distinguish each video
within the dataset

yt8m_file The file name of the corresponding video in the
YouTube-8M dataset
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Table 3. Cont.

Column Name Description

random_id A randomly generated ID created during the data
randomization process

youtube_id
The actual YouTube video ID (https://www.youtube.com/
watch?v=%E2%80%98youtube_id%E2%80%99 (accessed

on 8 September 2025))
duration The total playback duration of the video

views The number of views for the video
entry 2 The set of topics or categories associated with the video

Using the youtube_id from the metadata, the YouTube-8M (YT-8M) dataset provided
by the YouTube platform is collected, following the sequence illustrated in Figure 3.

 
Figure 3. Download flowchart of dataset.

Specifically, it includes video (visual), audio, and subtitle information, providing a
rich dataset that allows the analysis of not only visual elements but also auditory and
linguistic contexts.

In this study, we focused primarily on the visual modality for highlight extraction.
We selectively utilized videos for which highlight information was provided by YouTube’s
“Most Replayed” feature. “Most Replayed” appears as a graph on the playback bar,
indicating sections of the video that users have frequently rewatched.

The “Most Replayed” feature, as shown in Figure 4, is displayed above the YouTube
playback bar and visualizes the frequency with which specific segments are repeatedly
viewed by users. This information can be collected from the HTML source of the video page,
and the replay frequency data for the entire video is stored in the macroMarkersListEntity
field in the format shown in Table 4.

 
Figure 4. YouTube’s “Most Replayed”.
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Table 4. macroMarkersListEntity’s data.

Name Description Type

startMillis Start time in milliseconds String
durationMillis Duration in milliseconds String

intensityScoreNormalized Normalized intensity score Float

The segment with the highest replay frequency among these is labeled as the “Most
Replayed.” This process leverages automatically generated segment replay information
from YouTube, which is based on user viewing patterns, enabling reliable highlight labeling
that reflects the actual audience response for each video. In this study, to utilize this feature,
we collected the HTML data of each video and extracted the highlight segments using the
macroMarkersListEntity field, storing the results in JSON format.

In addition, video complexity was calculated by analyzing inter-frame pixel differ-
ences, after a light, standardized preprocessing (all frames resized to 224 × 224, sampled
at 24 FPS, converted to the luminance channel with pixel values normalized to [0, 1]). Let
{It}T

t=1 denote the resulting frame sequence.

Dt =
1

HW

H

∑
x=1

W

∑
y=1
|It(x, y)− It−1(x, y) (19)

As shown in Equation (19), we first computed the mean absolute pixel-wise
difference Dt between consecutive frames, normalized by image size (H,W). This sim-
ple calculation captures overall changes in intensity and texture between frames.

To aggregate over time, we computed the mean variation score:

C =
1

T − 1

T

∑
t=2

Dt (20)

Finally, I min–max normalizes C across the dataset to obtain Ĉ ∈ [0, 1], which enables
stratification into three complexity regimes using empirical quantiles: Low (Ĉ ≤ q0.33),
Medium (q0.33 < Ĉ ≤ q0.66), and High (Ĉ > q0.66). For each regime, the dataset was further
divided into training, validation, and test sets in a ratio of 7:1.5:1.5 to ensure balanced
evaluation across complexity levels.

4.2. Comparison with Baselines

In this study, to compare the highlight prediction performance of the proposed SPOT
model with that of the conventional TimeSformer model, experiments were conducted
based on the mean squared error (MSE) across different levels of video complexity. The
performance metrics used in the evaluation are shown in Table 5.

Table 5. Performance metrics.

Metric Description Significance

MSE Mean Squared Error Evaluates prediction accuracy
including outliers

mAP Mean Average Precision Measures the ability to detect
highlights that match the ground truth

Coverage Ratio
The proportion of predicted

highlight segments that contain the
actual highlights (ground truth).

Evaluation of the ability to correctly
match the start and end
positions of highlights.
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Table 5. Cont.

Metric Description Significance

F1-Score 2·Precision·Recall
Precision + Recall

Evaluates both the accuracy of the
highlights detected by the model and

its ability to avoid missing
relevant highlights.

The results of the experiments using the performance indicators in Table 5 are shown
in Table 6.

Table 6. Comparison of average performance by complexity group.

Model Params (M) MACs (G) Complexity MSE mAP Coverage F1-Score

SPOT ~94.5 ~825

Low 0.065 0.504 0.78 0.85

Medium 0.070 0.662 0.80 0.87

High 0.080 0.562 0.85 0.92

TimeSformer ~89.1 ~409.1

Low 0.060 0.452 0.78 0.85

Medium 0.071 0.561 0.79 0.86

High 0.090 0.503 0.78 0.85

3D-CNNN ~33 ~60

Low 0.087 0.434 0.834 0.44

Medium 0.084 0.482 0.745 0.36

High 0.056 0.502 0.603 0.33

MH-DETR ~37 ~95

Low 0.078 0.52 0.45 0.60

Medium 0.073 0.55 0.48 0.80

High 0.068 0.54 0.46 0.80

Experimental results demonstrated that the proposed SPOT model outperformed
the baseline TimeSformer model in terms of mAP and F1-Score, thereby validating its
improved highlight detection capability. For MSE, TimeSformer showed a slight advantage
in the low-complexity group, while both models exhibited similar performance in the
medium-complexity group. In contrast, in the high-complexity group, SPOT achieved an
MSE of 0.080, representing a clear improvement over TimeSformer’s 0.090. This indicates
that SPOT can perform more precise and stable highlight predictions in scenarios with high
visual complexity.

In terms of computational cost, SPOT requires more parameters (~94.5M vs. ~89.1M)
and higher FLOPs (~825G vs. ~409G MACs) than TimeSformer under the same tokenization
setting, due to the additional CNN branch and the increased token sequence length. Never-
theless, these results indicate that the extra cost is justified, as SPOT provides consistently
better accuracy across key metrics, particularly in high-complexity scenarios.

Furthermore, when compared to a model trained solely with a 3D CNN on the same
dataset, SPOT achieved superior performance across all evaluation metrics (MSE, mAP,
Coverage, and F1-Score). This supports the effectiveness of the hybrid architecture that
combines local feature extraction via CNN with global relationship modeling using a
Transformer, compared to a single 3D CNN-based approach. While a pure 3D CNN
captures spatial-temporal features within limited receptive fields, it struggles to model
long-range dependencies and contextual relationships. By contrast, SPOT leverages the
CNN to encode fine-grained local patterns and the Transformer to capture global temporal
dynamics, leading to more accurate highlight detection across diverse video types.
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In addition, a performance comparison with the state-of-the-art model MH-DETR
on our dataset showed that, while SPOT achieved overall performance comparable to
MH-DETR, it outperformed MH-DETR in most cases within the high-complexity group. It
should be noted, however, that MH-DETR processes refined individual frames as input,
whereas SPOT takes the raw video itself as input—a difference that is likely to have
influenced the results to some extent. These findings suggest that SPOT is particularly
well-suited for analyzing videos with frequent scene transitions and significant changes in
key objects or actions.

Figure 5 illustrates the trend that the performance of the SPOT model improves as the
number of parameters in the CNN backbone increases.

  

(a) (b) 

Figure 5. SPOT performance changes as the CNN encoder changes: (a) MSE versus parameters;
(b) F1-score versus parameters.

The graph in the upper-left corner illustrates the relationship between the number of
backbone parameters and model performance, showing a gradual improvement as the pa-
rameter count increases in the order of MobileNetV3-Small, ResNet18, and ResNet50. These
results experimentally demonstrate that the parallel integration of CNNs and Transformer
effectively overcomes the limitations of Transformer-only architectures in learning local
visual information, thereby functioning as a highlight inference model robust to variations
in video complexity.

4.3. Ablation Study

In this study, to analyze the performance contribution of each module in the SPOT
model to highlight extraction, a series of ablation experiments were conducted, as shown
in Table 7, in which specific modules were removed or replaced with alternative designs.

Table 7. Ablation study: “
√

” indicates that the corresponding module/component is included in
the model.

Test Name

Module

MSE mAP Coverage F1-ScoreCFAGL
Block

CNN
Encoder

Spatial
Encoder

Temporal
Encoder

SPOT
√ √ √ √

0.065 0.576 0.810 0.880

Ablation 1
(sum)

√ √ √
0.072 0.094 0.264 0.223
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Table 7. Cont.

Test Name

Module

MSE mAP Coverage F1-ScoreCFAGL
Block

CNN
Encoder

Spatial
Encoder

Temporal
Encoder

Ablation 1
(avg)

√ √ √
0.071 0.096 0.268 0.226

Ablation 1
(mul)

√ √ √
0.080 0.084 0.242 0.198

Ablation 2
√ √

0.0737 0.505 0.783 0.853

Ablation 3
√ √

0.073 0.141 0.315 0.278

Ablation 4
√ √ √

0.071 0.174 0.174 0.227

The dataset used in these experiments was not divided based on complexity. The
reason is that, while the primary experiments in this paper focused on performance dif-
ferences according to complexity levels (low, medium, high)—as emphasized throughout
the study—the purpose of the ablation experiments is to examine how the presence or
structural variation in each block affects performance. Therefore, dividing the dataset by
complexity was not necessary in this context.

First, to assess the contribution of the Cross-Attention Fusion of Global and Lo-
cal features (CAFGL) module, the module was removed, and experiments were con-
ducted using only a simple fusion of the local and global features, as described in
Equations (21)–(23). This is because the limitations of such simple fusion methods
are evident.

Fsum = Local f eature + Global f eature (21)

Favg =
1
2
(Local f eature + Global f eature) (22)

Fmul = Local f eature⊙ Global f eature (23)

First, as shown in Equation (21), the addition method assigns equal weights to fea-
tures with different semantic properties, which can lead to conflicts in importance or the
cancelation of information. The study Attentional Feature Fusion [46] pointed out that
such simple summation can cause an information bottleneck when merging features with
semantic discrepancies, thereby failing to ensure sufficient representational capacity. This
effect is also reflected in our experiments, as evidenced by the results of Ablation 1 (sum)
in Table 7.

Similarly, Equation (22) computes a simple average, which suffers from problems
analogous to those in Equation (21). Averaging treats the information from the two do-
mains equally without reflecting the independent significance of each feature, ultimately
weakening the representational power of the fused information. A recent study proposing
an Adaptive Feature Fusion technique [47] mentioned that traditional averaging-based
fusion could degrade a model’s generalization performance and dilute critical information
depending on the context. This effect is also reflected in our experiments, as evidenced by
the results of Ablation 1 (avg) in Table 7.

Finally, Equation (23) fuses features through multiplication. This approach only
activates when both input features are strongly expressed; if one feature is weak, the
overall fusion result may collapse to an insignificant value. The study Attentional Feature
Fusion [45] reported that multiplication-based fusion can cause information loss when
there is an imbalance in the importance of the features, directly affecting visual recognition
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performance. This effect is also reflected in our experiments, as evidenced by the results of
Ablation 1 (mul) in Table 7.

Considering these limitations of non-CAFGL fusion methods, the CAFGL used in
the SPOT model enables sophisticated information integration by reflecting the relative
importance of each feature while also accounting for their mutual context. This capability
significantly contributes to improving highlight prediction performance in SPOT, where
the fusion of local and global features is essential.

Next, to evaluate the impact of the CNN Encoder, we compared the performance
using the original TimeSformer architecture. The results revealed an overall decrease
in performance, with a particularly pronounced drop in prediction accuracy for high-
complexity videos.

To assess the influence of the Spatial Encoder, we removed this module and performed
predictions using only spatial features at the single-frame level. This resulted in a noticeable
degradation in overall performance, as the model failed to sufficiently capture important
objects or events. In particular, ignoring spatial-level relationships and the distribution of
subjects often led to missing frames that should have been identified as highlights. This
demonstrates that the SPOT model relies not only on simple visual features but also on its
ability to capture the spatial composition and interactions within a scene.

Finally, to verify the role of the Temporal Encoder, we removed this module and
replaced it with a structure that simply averages frame-level features before prediction. This
modification led to a significant drop in performance across all datasets, with particularly
severe degradation in videos where the temporal progression of events was critical. This
result underscores the decisive importance of learning and preserving temporal contextual
information for highlight prediction performance.

Overall, these findings confirm that the superior performance of the SPOT model is
achieved through the CAFGL module, which integrates CNN and Transformer branches,
and the Temporal Encoder, which captures temporal dependencies. Notably, SPOT demon-
strates more stable and robust performance in high-complexity video environments com-
pared to pure Transformer-based models such as TimeSformer.

5. Conclusions and Future Studies
In this study, we proposed the SPOT model, which combines CNN and TimeSformer

to improve the precision of video highlight prediction in response to the growing demand
for short-form and highlight videos. This hybrid architecture was designed to learn both
local and global features simultaneously. In particular, by scaling the CNN backbone
from MobileNetV3-Small to ResNet18 and ResNet50, the number of parameters increased,
enabling the extraction of richer local features, which, when fused with the Transformer,
led to overall performance improvements. As a result, SPOT achieved superior highlight
prediction performance in complex scenes (with up to a 0.01 reduction in MSE), allowing
for the automatic extraction of short-form content from large-scale video collections—a
format that aligns with the rapidly growing viewing trend. Moreover, SPOT outperformed
the SOTA benchmark MH-DETR in complex scenes.

The proposed SPOT model was designed to enhance the global spatio-temporal
representation learning capability of TimeSformer by incorporating a CNN-based encoder
that effectively captures local visual patterns. This hybrid structure contributed to overall
performance gains, particularly in improving highlight prediction precision in complex
scenes. However, the addition of the CNN module increased the number of parameters
and computational cost, resulting in higher resource consumption during both training
and inference. SPOT tended to have longer training times compared to TimeSformer,
which could pose a significant limitation for large-scale dataset processing or real-time
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applications such as mobile environments; therefore, future work will focus on improving
computational efficiency through model compression (e.g., pruning, quantization) and
optimization techniques.

The video dataset used in this study is a typical multimodal dataset composed of
temporal information, visual information (frames, thumbnails, etc.), and audio information.
However, the highlight extraction of SPOT relies solely on temporal and visual frame infor-
mation, which limits its ability to capture semantic cues from the audio track. We sincerely
appreciate the reviewer’s suggestion in this regard, as audio signals can indeed provide
important cues that effectively reveal highlight moments. For example, audio features can
be extracted using MFCC (Mel-Frequency Cepstral Coefficients) [48] and then fed into a
CNN-based encoder for learning. Such an approach would allow the integration of com-
plementary semantic information with the visual context of video scenes. In future work,
we plan to extend our system by incorporating not only audio but also other multimodal
sources such as subtitles and visual metadata (e.g., thumbnails), thereby leveraging richer
contextual information for video highlight extraction. These advancements are expected to
contribute to a wide range of real-world video platform applications, including automatic
editing and summarization.
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Abstract

Childhood pneumonia remains a key cause of global morbidity and mortality, highlighting
the need for accurate and efficient diagnostic tools. Ensemble methods have proven to be
among the most successful approaches for identifying childhood pneumonia from chest
X-ray images. However, deploying large, complex convolutional neural network models in
resource-constrained environments presents challenges due to their high computational
demands. Therefore, we propose a novel ensemble-based knowledge distillation method
for identifying childhood pneumonia from X-ray images, which utilizes an ensemble of
classification models to distill the knowledge to a more efficient student model. Experi-
ments conducted on a chest X-ray dataset show that the distilled student model achieves
comparable (statistically not significantly different) predictive performance to that of the
Stochastic Gradient with Warm Restarts ensemble method (F1-score on average 0.95 vs.
0.96, respectively), while significantly reducing inference time and decreasing FLOPs by a
factor of 6.5. Based on the obtained results, the proposed method highlights the potential of
knowledge distillation to enhance the efficiency of complex methods, making them more
suitable for utilization in environments with limited computational resources.

Keywords: knowledge distillation; convolutional neural networks; childhood pneumonia

1. Introduction
Childhood pneumonia remains a significant global health challenge, responsible for

over 700,000 deaths annually among children under five and accounting for approximately
14% of all deaths in this age group [1]. The burden is particularly high in developing
regions such as South Asia, and West and Central Africa, where incidence rates reach up
to 2500 and 1620 cases per 100,000 children, respectively, well above the global average of
1400 cases per 100,000 children [2]. Therefore, accurate and timely diagnosis is essential for
effective treatment. However, in many low-resource settings, access to expert radiologic
interpretation of chest X-ray images is limited, hindering prompt diagnosis and therapy [3].

Recent advancements in deep learning, especially with the utilization of convolutional
neural networks (CNNs), have demonstrated high predictive performance in detecting
various pathologies from medical images [4,5], including pneumonia [6,7], tubercolosis [8],
and COVID-19 [9,10]. Such state-of-the-art models tend to be complex and computationally
demanding, presenting challenges for their deployment in real-world, resource-constrained
environments such as rural clinics or mobile health platforms [11]. Moreover, their com-
putational complexity also increases vulnerability to adversarial attacks, posing serious
risks in clinical practice [12]. Recent approaches, such as style contrastive learning [13],

Electronics 2025, 14, 3115 https://doi.org/10.3390/electronics14153115
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aim to mitigate these issues by learning representations prone to noise in data or imaging
artifacts. While promising, these methods often rely on large-scale models and contrastive
frameworks that remain computationally intensive, limiting their immediate applicability
in real-world deployment scenarios. This concern further reinforces the motivation for
developing models that are both computationally efficient and robust in real-world appli-
cations. Such approaches, in general, require substantial computational resources during
the training phase, but on the other hand, often yield distilled neural network models
with significantly lower inference time. This trade-off has led to an active line of research
focused on developing lightweight and resilient architectures, particularly for the purpose
of deployment in resource-constrained settings. From the perspective of efficient and
sustainable neural network model deployment, such approaches align with the principles
of Green AI [14].

To address these challenges, various strategies and methods were developed, including
model pruning [15], quantization [16], and low-rank factorization [17]. While effective in
reducing model size and inference latency, these methods often require post hoc tuning
and may result in degraded predictive performance. Among these, knowledge distillation
(KD) has emerged as an auspicious approach [18]. In the process of KD, a smaller, “student”
model learns to replicate the behavior of a larger, computationally complex “teacher” model
without significant loss in predictive performance [18]. Knowledge distillation techniques
have been applied to reduce the complexity of neural networks for detecting diseases in
various medical image analysis tasks [19], such as COVID-19, pneumonia, and tuberculosis
from chest X-rays [20], facilitating their use in automated medical applications [21].

A common limitation across previous efforts is their reliance on a single teacher model,
which can restrict the diversity of knowledge transferred to the student and may limit
generalizability in complex diagnostic tasks. To address this, the use of multiple teacher
models has gained attention [22,23]. The problem of utilizing a multiple teachers approach
in the process of knowledge distillation is the significant amount of computational com-
plexity needed to obtain a diverse group of models, since it is required in order to train
multiple, usually deep, neural network architectures, which limit their practical applicabil-
ity. However, in the past, ensemble methods [7,24–26] have demonstrated great predictive
performance and are capable of creating a diverse group of ensemble models, often without
significantly increasing computational complexity in the training phase. Therefore, we
propose an ensemble knowledge distillation method (EKD) which uses a selection of top-
performing ensemble models as teachers in the process of distilling their knowledge into a
single student model, with the goal of maintaining predictive performance and ability to
generalize, while significantly reducing computational complexity in the inference time.
The predictive and inference performance of the proposed EDK method is evaluated for the
task of identifying childhood pneumonia from chest X-ray images. The main contribution
of our research is as follows:

• We propose an ensemble knowledge distillation method for image classification,
utilizing multiple teacher models obtained from the SGDRE method. This approach
reduces the distilled student model’s complexity and computational demands.

This main contribution is further supported by the following:

• A comprehensive empirical evaluation of the presented EKD method is conducted,
addressing the task of identifying childhood pneumonia from chest X-ray images.

• An in-depth analysis and comparison are performed to assess the predictive perfor-
mance and computational complexity of the distilled student model relative to both
the SGDRE method and a conventionally trained student model.
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The remainder of this paper is structured as follows. Section 2 presents the methods
and materials used. Section 3 describes the experimental setup, including evaluation
methods and metrics. Section 4 presents the experimental results in detail, followed by a
discussion in Section 5. Finally, Section 6 concludes the study by summarizing the presented
work and highlighting potential future work.

2. Related Work
In recent years, numerous studies have explored KD for improving the computational

efficiency of deep neural networks, particularly in medical imaging applications. In the
context of chest X-rays, KD has proven effective for compressing complex networks while
preserving performance [20,21]. For example, KD has been employed to distill knowledge
from large networks trained on expert-labeled datasets to smaller models designed for
edge deployment in disease classification and segmentation tasks [19].

Several recent studies have further refined the KD process. Prototype-based knowl-
edge distillation methods have been proposed to tackle challenges in medical segmentation,
particularly when only single-modal data is available [27]. Such approaches aim to transfer
semantic structures through compact class representations. For instance, Wang et al. [27]
proposed a prototype knowledge distillation approach that transfers intra-class and inter-
class feature variations from a multi-modal teacher to a single-modal student, enhancing
segmentation performance even when only single-modal data is available. In a recent
study [28], Asham et al. propose a lightweight deep learning model leveraging optimizing
KD process by training multiple candidate teacher models and finding the most suitable
one. Galih et al. [29] proposed an approach which employs the Vision Transformer (ViT)
architecture as the teacher model and MobileNet as the student model in order to reduce
computational complexity of student model. To achieve the same goal, Ghosh in their
study [30] proposed a KD approach where models pretrained on the ImageNet dataset
serve as teacher models. Additionally, Bi et al. [31] developed a Multi-Prototype Embed-
ding Refinement method for semi-supervised medical image segmentation, capturing
intra-class variations by clustering voxel embeddings along multiple prototypes per class.
Such methods demonstrate the potential of using representative and interpretable feature
structures to enhance model learning efficiency and generalization.

However, a common limitation across these efforts is the reliance on a single teacher
model. This can restrict the diversity of knowledge transferred to the student and may limit
generalizability in complex diagnostic tasks. To address this, the use of multiple teachers has
gained attention [22,23,32]. This approach allows the student model to learn from a more
diverse ensemble of teacher models, potentially capturing complementary information. For
example, Li et al. [32] proposed a dual online knowledge distillation strategy to connect
heterogenous networks with the developed multi-scale feature refinement module and thus
transfer the knowledge from different sources. Cheng et al. [23] proposed an approach that in-
tegrates both localized and globalized frequency attention techniques, aiming to substantially
enhance the distillation process. Additionally, Fukuda et al. [22] employed a KD approach
using multiple models, including very deep networks and Long Short-Term Memory (LSTM)
models, to train a standard CNN model, demonstrating the versatility of the KD process.

However, a common problem of utilizing a multiple teachers approach in the process
of knowledge distillation is the significant computational complexity needed to obtain
a diverse group of models, since it is required in order to train multiple, usually deep,
neural network architectures, which limits their practical applicability. In contrast to
aforementioned approaches, our proposed EKD method utilizes the SGDRE method for
the purpose of obtaining multiple teacher models in the single training process and thus
reducing computational complexity.
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3. Materials and Methods
3.1. Knowledge Distillation

Knowledge distillation (KD) is the process of transferring knowledge from a large,
computationally complex model, usually a deep neural network, to a smaller, more effi-
cient model that retains comparable predictive performance while being computationally
feasible for deployment in more resource-constrained environments. The inspiration be-
hind the idea was drawn from natural processes, particularly biological metamorphosis,
in which many insects, such as butterflies, undergo two distinct life stages optimized
for different functions. Larval stage is optimized for consuming resources and growing,
which is an analogy for training large complex models, and adult stage is optimized for
efficiency, mobility, and reproduction, like the predictive models should be when feasible
for deployment.

The principle behind knowledge distillation is based on utilizing soft labels—the
teacher model’s output actions (logits)—as opposed to utilizing definite class labels only,
to train the student models. These soft labels convey additional information regarding
the inter-class relationships that are not present in the one-hot encoded ground truth
labels. Formally, given an input x, a teacher model with parameters θT produces output
signal zT = fθT (x). Similarly, a student model with parameters θS produces output signal
zS = fθS(x).

The knowledge transfer is achieved by introducing a temperature parameter T in the
softmax function to generate soft probability distributions:

pT
i (x) =

exp(zT,i/T)
∑j exp(zT,j/T)

pS
i (x) =

exp(zS,i/T)
∑j exp(zS,j/T)

where pT
i (x) and pS

i (x) can be interpreted as probabilities of class i for input x from
the teacher and student models, respectively. The temperature parameter T controls the
softness of the probability distribution. When T = 1, we obtain the standard softmax
outputs. As T increases, the probability distribution becomes more uniform, placing more
weight on the relative relations between classes.

The student model is then trained to optimize a combined loss function:

L(θS) = αLCE(y, σ(zS)) + (1− α)LKD(pT , pS)

where LCE is the standard cross-entropy loss between the one-hot encoded ground truth
labels y and the student’s predictions with a standard softmax σ(·). LKD is the knowledge
distillation loss, typically implemented as the Kullback–Leibler (KL) divergence between
the teacher’s and student’s soft probability distributions.

Advancements in knowledge distillation have expanded beyond the original for-
mulation, one of which is transferring not only the outputs but also the intermediate
representation [33]. Additionally, distilling knowledge from an ensemble of teacher models
into a single student model [34,35] is also gaining attention in recent years.

3.2. SGDRE Method

Stochastic gradient descent (SGD) with warm restarts (SGDRE) [7] is an ensemble
method that periodically resets the learning rate of the SGD optimized to encourage
convergence to the local minima. Building upon this idea, the SGDRE method constructs
an ensemble of models from a single training run by capturing multiple model snapshots at
different restart points using the warm restarts mechanism. These snapshots, representing
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models converged to different local optima, are then used collectively as teacher models to
transfer diverse knowledge to the student model during the knowledge distillation process.
The conceptual design of the method is depicted in Figure 1. The SGDRE method results in
enhanced performance for image classification tasks, particularly in the context of medical
image analysis.

Initial model

Train - initial phase

LR = 0.01

LR = 0.02SGD restart 1

LR = 0.01

LR = 0.02SGD restart 2

M1

M2

M3

M4

M0

Select
Top-3

Avg
predict

Predict
class

Figure 1. Conceptual diagram of SGDRE method.

The key improvement introduced in this study lies in the modification of the training
process, where, in contrast to conventional practice, in which the learning rate is gradually
decreased through the training process, here the learning rate is periodically increased
with the utilization of SGD with warm restarts. The SGD with warm restarts mechanism
was initially presented in [36]. The main goal of this mechanism was to address the main
SGD issue, which is that it is likely to converge prematurely, which can result in inferior
solutions, especially in the case of deep neural network architectures. The SGDRE method
uses the aforementioned mechanism with three different learning rate annealing strategies
presented in Figure 2, to obtain a diverse set of candidate ensemble models through one
training process.
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Figure 2. Presentation of three different learning rate annealing strategies employed in the process of
SGDRE training.

As can be observed in Figure 1, the method consists of three training phases. The whole
training process is designed to efficiently work under the limited training budget—limited
number of epochs. In the initial training phase, the SGDRE is trained with the SGD
optimizer, linearly reducing the initial learning rate for 50 epochs. After the initial training
phase, the SGD learning rate is increased to 0.01 and 0.02, employing the sine decrease of
the learning rate and early stopping mechanism, monitoring the area under the ROC curve
(AUC) metric, which is calculated after each training epoch. The process of increasing
the learning rate is then repeated with the only difference being the utilization of a cosine
learning rate decay; however, the starting point of this process remains the same, after the
initial training phase. Each warm restart is budgeted with an equal number of epochs,
which is calculated based on the initial training budget subtracted by the epochs consumed
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in the initial training phase. Such a process of employing warm restarts with different
initial learning rates and annealing strategies encourages a broader exploration of the loss
surface, to uncover potentially more diverse and higher-quality solutions, and can also
help improve generalization performance. The models obtained in this process are then
evaluated. The top three individually best-performing models based on AUC scores are
selected for the purpose of the ensemble method. The predictions of selected models are
combined using the averaging approach, and the computed average finally serves as a final
ensemble prediction.

In the original SGDRE study [7], the CNN architecture proposed by Stephen et al. [37]
was utilized, which has already been demonstrated to be successful at solving the classifi-
cation task to identify pneumonia based on the X-ray images. The architecture is composed
of four convolutional layers (with 32, 64, and two with 128 filters) paired with max-pooling
layers, followed by a flatten layer, a dropout layer (dropout rate 0.5), and two fully con-
nected layers (with 512 and 1 neurons). All convolutional layers use 3× 3 kernels with
ReLU activation. The proposed CNN architecture results in 6,795,394 trainable parameters.

3.3. Ensemble Knowledge Distillation

Based on the presented SGDRE method, we propose an ensemble-based knowledge
distillation method, EKD, for the task of identifying childhood pneumonia from chest
X-ray images. The method leverages multiple teacher models to distill the knowledge into
a more compact student model. The process involves training an SGDRE method from
which we obtain ensemble models that achieved acceptable performance and distilling
their knowledge into a single student model. The conceptual diagram of the method is
presented in Figure 3.

SGDRE

LabelTeacher2

Label
Teacher3

LabelTeacher1

Top-3
models

Label
Student

Soft label

Distillation loss

Hard label

Figure 3. Conceptual diagram of ensemble knowledge distillation method EKD.

From the SGDRE method, we obtain the top three best-performing models, which are
selected based on the AUC metric. Although the models output class probabilities via the
softmax layer, we calculate AUC in a one-vs-rest manner by treating the softmax score for
each class as a continuous-valued prediction. After the selection, the three teacher models
are in the process of training, utilized for the purpose of distilling the knowledge through
the computed soft label. Soft label combines the predicted labels of each teacher model into
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one unified label. Given an input sample x, the probability distribution predicted by each
of the teacher models is calculated as:

pk(y|x) = σ(zk/T) (1)

where zk denotes the logits produced by the k-th teacher model and σ denotes the softmax
function. The teachers’ combined soft label pso f t is then calculated as the average of all
teachers’ predictions:

pso f t(y|x) =
1
K

K

∑
k=1

pk(y|x) (2)

In such a manner, the calculated soft labels reflect the diversity of multiple teacher
models, capturing richer information than hard labels. The calculated soft label, together
with the predicted label from the student model, and the ground-truth hard label, are
afterward combined into the distillation loss value. The composite distillation loss value
balances the true label loss and the soft label loss, and can be formally expressed as:

LKD = α · LCE(y, softmax(ẑ)) + (1− α) · T2 · LCE(psoft, σ(ẑ/T)) (3)

where LCE is the categorical cross-entropy loss, y denotes the ground truth labels, ẑ rep-
resents the student model’s logits, T is the temperature parameter which controls the
probability distribution during the loss computation, and α is a weighting factor balanc-
ing both pso f t loss and true label loss. The factor T2 is included to preserve the relative
contributions of the soft targets during training. The distillation loss value calculated in
such a manner is further used in the process of training the student model, serving as the
loss metric.

3.4. Dataset

The Chest X-ray images dataset is a publicly available dataset [38], originally collected
and presented by Kermany et al. [39]. Chest X-ray images were collected from retrospective
cohorts of pediatric patients aged 1 to 5 years from Guangzhou Women and Children’s
Medical Center, Guangzhou, China. After the process of collecting the images, each image
went through a rigorous process of quality control, removing all low-quality or unreliable
scans. Finally, two expert physicians were utilized in grading the diagnoses of chest X-ray
images prior to them being approved for use in the process of training the CNN [38].

In the preprocessing phase, we have resized the original X-ray images, which have
different sizes, to a uniform size of 200 × 200 pixels. The total number of samples in the
data set is 5858, which is unevenly distributed between the two classes. The “normal” class
includes the X-ray images that do not show signs of pneumonia, and the “pneumonia”
class contains the X-ray images that are diagnosed with pneumonia. The distribution
between the classes can be observed in Figure 4. We can see class imbalance where the
pneumonia-diagnosed images represent 72.96% of all the image samples, and the remaining
27.04% X-ray images of normal lungs.
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Figure 4. Class distribution of the dataset.

Two sample chest X-ray images used for training and evaluation of the compared
methods can be observed in Figure 5, where the sample a represents the X-ray image of a
healthy lung, while the sample b represents the X-ray image of lungs indicating pneumonia.

(a) (b)

Figure 5. Samples representing each of the categories of X-ray images in the dataset: (a) represents an
X-ray image of healthy lungs, (b) represents X-ray image of lungs indicating pneumonia.

4. Experimental Framework
The proposed method for knowledge distillation from ensemble models to a single

student model was evaluated on the task of childhood pneumonia identification based
on the X-ray images. To objectively evaluate the performance of the proposed ensem-
ble knowledge distillation method, EKD, we compared its performance with that of the
ensemble method. Additionally, we conducted an experiment where we conventionally
trained the student CNN architecture using randomly initialized weights in order to deter-
mine whether the utilization of the proposed method is justified. Therefore, in total, we
conducted four experiments:

• Trained student CNN architecture in a conventional manner. The method is denoted
as Student.

• Trained the SGDRE method, denoted as a SGDRE.
• Trained the proposed ensemble knowledge distillation method, utilizing the teacher

models obtained by the SGDRE method, denoted as EKD.
• Trained the student model using knowledge distillation utilizing only one teacher

from SGDRE method, denoted as KD.

All experiments were conducted on a computer with an octa-core Intel i7-6700 proces-
sor, 16 GB of RAM, and an Nvidia GeForce GTX 1660 Ti with 6 GB of memory, running on
the Linux Mint 6 Debian edition operating system.

The following subsections present the evaluation method and metrics, the utilized
student CNN architecture, and parameter settings for each of the conducted experiments.

4.1. Evaluation Methods and Metrics

We adopted a well-established 10-fold cross-validation approach as suggested by
Demšar et al. [40], to assess the predictive performance of the predictive models produced
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by the proposed ensemble knowledge distillation method for identification of childhood
pneumonia. This approach involves partitioning the dataset into ten equal subsets. In each
iteration, nine subsets are used for training of the method, while the remaining subset serves
as the test set. In such a manner, the process is repeated ten times, with each subset once
serving as the test set. With 10-fold cross-validation, we mitigate variance by averaging over
multiple data partitions and ensure that the model’s performance is not overly dependent
on a particular data partition. The predictive performances of the compared methods
are evaluated through common classification metrics such as accuracy, F1 score, AUC,
and Cohen’s kappa score. Additionally, we captured the training time, the number of
epochs consumed, and the inference time to inspect and analyze the performance from a
computational complexity standpoint.

The accuracy metric is one the most commonly used metrics for evaluating the perfor-
mance of classification algorithms [40]. It represents the proportion of correct predictions
out of the total number of predictions. Formally, we can express the accuracy metric as:

Accuracy =
TP + TN

TP + TN + FP + FN
(4)

where TP are correctly classified positive instances, TN are correctly classified negative
instances, FP are negative instances incorrectly classified as positive, and FN are positive
instances incorrectly classified as negative.

Since the accuracy metric can be misleading, especially when dealing with unbalanced
datasets, it is common to use the F1-score [41] metric, which is often used in such scenarios.
It represents the harmonic mean of the precision and recall, balancing the trade-offs between
those two metrics. We can formally express the F1-score metric as:

F1-score = 2× P× R
P + R

(5)

where P denotes the precision metric, which can be expressed as

P =
TP

TP + FP
(6)

and R denotes the recall metric formally expressed as

R =
TP

TP + FN
. (7)

The area under the curve (AUC) metric is also widely used to evaluate the discrimina-
tory ability of classifiers [42]. It measures the area under the receiver operating characteristic
(ROC) curve, while ROC is defined as the true positive rate (TPR), against the false positive
rate (FPR) across various values of a classification threshold. The AUC represents the prob-
ability that the classifier will assign a higher score to a randomly chosen positive instance
than to a randomly chosen negative one. The classifier’s performance is then summarized
across all possible threshold values, thus forming a family of classifiers parameterized by
the decision threshold. In this context, the parameter is the classification threshold, which
is used to convert the model’s continuous output scores into binary predictions. By varying
this threshold, a family of thresholded classifiers is created, each with different TP rate and
FP rate values. The AUC metric can be formally expressed as:

∫ 1

0
TPR(θ)dFPR(θ) (8)

where m denotes the model and θ denotes the classification threshold.
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Cohen’s kappa [43] is a statistical measure developed initially to quantify inter-rater
agreement, but it is also widely used to evaluate the level of agreement between a classifier’s
predicted class and the ground truth class. It compares an observed accuracy to an expected
accuracy (chance), while taking into account random chance, which generally makes it less
misleading than simply using accuracy as a metric. Formally, the Cohen’s kappa metric
can be expressed as:

κ =
po − pe

1− pe
(9)

where po is the relative observed agreement among raters, and pe is the hypothetical
probability of chance agreement. The interpretation of the metric values depends on
several definitions, one being proposed by Landis and Koch [44] in which they described
the values <0 as no agreement, 0–0.20 as slight, 0.21–0.40 as fair, 0.41–0.60 as moderate,
0.61–0.80 as substantial, and 0.81–1 as almost perfect agreement.

4.2. Student CNN Architecture

The architecture of the student CNN, graphically presented in Figure 6, is based on
the architecture presented by Stephen et al. [37]. However, we modified it to facilitate
effective feature extraction and classification with a minimalistic structure. The architecture
comprises a serial combination of convolutional layers, normalization layers, pooling
layers, and fully connected layers. The input to the network is a 200× 200× 1 grayscale
X-ray image. The first convolutional layer applies 32 filters of size 3× 3 with ReLU [45]
activation function and Glorot uniform [46] weight initialization, and follows it with a
batch normalization layer to stabilize training. For the purpose of dimension reduction,
a maximization pooling layer of size 2 × 2 and a stride of 2 downsamples is utilized.
The second convolutional layer is defined with 64 kernels with the same kernel size,
activation function, and initialization, with batch normalization and a further max-pooling
operation as in the previous combination. Following the second convolutional block
is a flatten layer to transform the feature maps to a one-dimensional vector. Next is a
fully connected layer comprising 32 neurons, ReLU activation, and L2 regularization
(λ = 0.01)—where the normalization of the weights is added as a penalty term to the loss
function to help prevent overfitting. Next, a dropout layer with a dropout rate of 0.5 is
applied. Finally, the output layer consists of two neurons that use a softmax activation
function, giving class probabilities for binary classification.
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Figure 6. Graphical representation of the utilized student CNN architecture.
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The total number of trainable parameters in the presented student CNN architecture
is 4,737,698, which is significantly smaller compared to the teacher model architecture
presented in Section 3.2, with 6,795,394 trainable parameters. This reduction in model
complexity highlights the effectiveness of the distillation approach. Additionally, through
reduced total parameters, the student model potentially minimizes the surface area for
adversarial attacks, aligning with recent findings that overparameterized models may be
more vulnerable to such threats [12].

4.3. Parameter Settings

All the experiments were conducted utilizing a 10-fold cross-validation approach with
the parameter settings presented in Table 1. For all methods, the total number of epochs
available for training was set to 100. The training was conducted utilizing a mini-batch
strategy for all experiments, with the batch size set to 32, which is a common choice in
medical imaging to balance between stability and computational efficiency. The Student,
KD, and EKD models were trained using the Adam optimizer function since it provides
better convergence in settings involving soft targets and KD. On the other hand, the SGDRE
method was trained using the SGD optimizer, consistent with the approach proposed in the
original SGDR method [36], which benefits from a high initial learning rate and different
annealing strategies leading to different local minima. Regarding the initial learning rate,
for Student it was set to 2× 10−3, for SGDRE to 1× 10−1 based on SGDR recommendations,
and for KD/EKD to 1 × 10−4, following common practices in knowledge distillation
tasks where lower learning rates help in stabilizing the learning from soft targets [18].
For both methods, the early stopping mechanism was employed in order to prevent
potential overfitting, with patience set to 10. The SGDRE is not utilizing the early stopping
mechanism, since it consumes all the given budget of epochs in order to obtain multiple
models. All methods except the knowledge distillation-based (KD and EKD) methods
utilize the categorical cross-entropy, while the KD and EKD utilize a custom distillation
loss presented in the previous section. Since the distillation loss is computed using values
α and temperature T, we set those values to 0.5 and 3.0, respectively. The selection of
those parameter values was guided by recent studies [47,48], where such parameter values
yielded stable results.

Table 1. Parameter settings of the conducted experiments.

Parameter Student SGDRE KD/EKD

No. of epochs 100 100 100
Batch size 32 32 32
Optimizer Adam SGD Adam
Initial learning rate 1× 10−3 1× 10−1 1× 10−4

Loss function categorical cross-entropy categorical cross-entropy distillation loss
Early stopping 1 10 10 10
Alpha (α) - - 0.5
Initial temperature T - - 3.0

1 Values represent the patience when the early stopping mechanism is being employed.

5. Results
Throughout the study, we focused on pursuing the following research questions:

• RQ1: Can the proposed EKD method reduce the computational complexity of the
SGDRE method without compromising predictive performance?

– RQ1.1 Does the proposed EKD method achieve comparable predictive perfor-
mance while reducing computational complexity?
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– RQ1.2 Does the distilled model achieve faster inference time than the ensemble
method?

• RQ2: Does the proposed EKD method outperform the same student CNN architecture
trained with a conventional approach?

The results obtained from the conducted experiments, in line with the defined research
questions, are comprehensively presented in Table 2, where each metric value is reported
as the average over 10 folds for each method, along with the corresponding standard
deviation. The emphasized values in the table highlight the best-performing classifier
among those compared.

Table 2. Comparison of averaged metrics obtained over 10-fold cross-validation. Displayed are
accuracy, AUC, F1 score, Cohen’s kappa coefficient, consumed numbers of epochs (Epochs), train
time (in seconds), and inference time (in seconds) with associated standard deviations.

Metrics Student SGDRE KD EKD

Accuracy 0.87 ± 0.05 0.96 ± 0.01 0.86 ± 0.09 0.95 ± 0.01
AUC 0.85 ± 0.05 0.95 ± 0.01 0.79 ± 0.19 0.94 ± 0.01
F1 0.87 ± 0.05 0.96 ± 0.01 0.83 ± 0.14 0.95 ± 0.01
Kappa 0.69 ± 0.10 0.89 ± 0.01 0.57 ± 0.37 0.87 ± 0.02
Epochs 18.20 ± 6.65 97.90 ± 0.30 20.70 ± 8.67 23.30 ± 6.54

Train time 114.00 ± 39.66 634.70 ± 53.98 373.20 ±
148.58

528.10 ±
140.03

Inference time 1.29 ± 0.08 6.67 ± 1.00 1.40 ± 0.13 1.32 ± 0.09
Bold values represent the best achieved score for each metric.

As can be observed from the table, the highest predictive performance is achieved
by the SGDRE method, closely followed by the proposed EKD method, which lags by
0.01 in terms of accuracy, AUC, and F1 metric, and by 0.02 in the kappa statistic. In
contrast, the KD model yields the worst results, closely followed by the Student model.
However, in terms of training and inference time, we can observe that in this case, the best
performing is Student model, followed by the KD and EKD methods. Focusing on the
training time, the best performing is Student model with an average of 114.00 s, while the
EKD and SGDRE methods consumed more time to train on average, 634.70 s and 528.10 s,
respectively. Regarding inference time, we can see that the lowest inference time was also
achieved by the Student model, followed closely by the EKD and KD methods. On the other
side, the worst inference time was achieved by the SGDRE method. Additionally, we can
observe that the other methods achieved comparable results from the inference standpoint,
far lower than the more computationally complex SGDRE method. Thus, it can be inferred
that the EKD method is capable of achieving comparable predictive performance to that of
the SGDRE method with lower computational complexity.

5.1. Predictive Performance Comparison

In Figure 7, the achieved accuracy values of the compared methods are presented
in the form of violin plots. The violin plot is a combination of a box plot and a density
plot, providing a deeper understanding of the distribution of metric values across 10 folds.
The width of the violin plot represents the density of values in a range, meaning the wider
the plot, the more values are presented in that range. The horizontal lines in each of the
violin plots from top to bottom represent the maximum, median, and minimum values,
while the white circle denotes the mean value.

Looking at the accuracy comparison, the EKD method achieves a high value of 0.95
with a standard deviation of 0.01, almost on par with the SGDRE method, which achieved
0.96. The difference between those two is only 0.01 on average. However, both of the men-
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tioned methods outperformed the KD model by a large amount, 0.09 and 0.10, respectively,
as well as the Student model. Looking at the standard deviations, we can also observe that
SGDRE and EKD methods have drastically smaller standard deviations in comparison to
the KD and Student models.
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Figure 7. Violin plot comparing the accuracy metric over 10 folds.

As is the case with the accuracy, we can also observe a similar pattern when comparing
the AUC values presented in Figure 8. The delta between the best and second-best perform-
ing methods, namely SGDRE and EKD method, is at 0.01, while the delta between SGDRE
and the worst-performing KD model is 0.16. Similar to the accuracy values distribution, we
can also observe that the density of AUC values for the SGDRE and EKD methods is not
as scattered as it can be observed with the KD and Student. Additionally, the KD model
achieved by far the lowest AUC value, while the maximum value is similar to the worst
performing fold of EKD model.
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Figure 8. Violin plot comparing the AUC metric over 10 folds.

Focusing on the F1 values presented in Figure 9, we can see that the distribution of
values across all methods is practically the same as was in the case of the AUC metric.
The only difference is in the delta between the worst performing KD model and the best
performing SDGRE model, which is in the case of the F1 metric set at 0.13.
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Figure 9. Violin plot comparing the F1 metric over 10 folds.

Figure 10 depicts the violin plots of kappa statistic values over 10 folds. In terms of
achieved average kappa values, the best performing method is again the SGDRE method,
achieving 0.89, followed closely by EKD method with 0.87, while the Student and KD
models achieved 0.69 and 0.57, respectively. Looking at the delta values when comparing
the SGDRE and EKD methods, we can observe a difference of 0.02. On the other hand, when
comparing the SGDRE method against the KD model, the difference is 0.32. Interpreting the
kappa statistic, based on the definition proposed by Landis and Koch [44], the SGDRE and
EKD methods on average achieved almost perfect agreement, the Student model achieved
substantial agreement, while the KD model achieved moderate agreement.
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Figure 10. Violin plot comparing the Kappa metric over 10 folds.

5.2. Computational Complexity Comparison

Figure 11 depicts the distribution of achieved inference times of the compared methods
over 10 folds. These times are indicative of the computational complexity of each method
during the inference. It must be noted that the inference time of a fixed architecture is
inherently constant under deterministic conditions; any observed fluctuations are due to
measurement noise introduced by interpreter-level overhead (e.g., from Python 3.11.3)
or background operating system processes. Therefore, the observed minor differences in
inference time between EKD, KD, and Student models are practically insignificant. As
observed in the figure, the SGDRE method is by far the worst performing, trailing behind
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the second best EKD method by 5.36 s. It would be expected that the SGDRE method would
take three times more inference time than the EKD, Student, or KD methods. However,
in the case of the SGDRE method, we must also take into consideration the fact that there is
some overhead when combining the predictions of each ensemble model. The distribution
of the inference times of the SGDRE method is much more scattered than in the case of the
compared methods. Such long inference times can be attributed to the fact that the SGDRE
method needs to perform three predictions for each given test sample in order to compute
the final prediction. When comparing the two best-performing methods, we can observe
that the inference times are practically the same, with an average difference of 0.2 s.
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Figure 11. Violin plot comparing the inference time metric over 10 folds.

In addition to the measured inference time, we also conducted a comparison between
the SGDRE and the proposed EKD method. In Table 3, the number of trainable parameters
of the compared methods are presented together with the required FLOPs. As we can
observe, the EKD method has a clear advantage also in that aspect due to the reduced size
of the student CNN architecture. In terms of the reduction ratio, the number of trainable
parameters was reduced by 4.31 times, while the FLOPs were reduced by 6.5 times.

Table 3. Comparison of SGDRE method and Student/EKD model trainable parameters and FLOPs.

Metric SGDRE Student/EKD 1 Reduction Ratio

Parameters 20,386,182 4,737,698 4.31×
FLOPs 2,486,904,420 382,573,292 6.5×

1 Student and EKD method have the same CNN architecture.

5.3. Statistical Analysis

In order to assess the statistical significance of the obtained results, we followed the
procedure suggested by Demšar [40]. First, we conducted a Shapiro–Wilk test to determine
whether the values of each metric are normally distributed. Since the hypothesis was
rejected, meaning the values are not normally distributed, we employed the Friedman test
as suggested by calculating the asymptotic significance for all compared methods on all
10 folds. The results of the conducted test are presented in Table 4 together with the rank
averages for each method and metric.
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Table 4. Statistical results of Friedman test.

Friedman Test Rank Averages 1

Metric All Three Student SGDRE KD EKD

Accuracy <0.001 3.60 1.15 3.3 1.95
AUC <0.001 3.70 1.40 3.3 1.60
F1 <0.001 3.60 1.20 3.30 1.90
Kappa <0.001 3.70 1.20 3.20 1.90
Time <0.001 1.00 3.60 2.30 3.10
Epochs <0.001 1.60 4.00 2.00 2.40

1 Lowest average rank at the specific metric represents the better performing method. Bold values represent the
best achieved score.

Observing the results of the conducted Friedman test, we can see that there are
statistically significant (p < 0.001) differences between methods regardless of the metric.
Therefore, we continue with the post hoc statistical analysis, conducting the Wilcoxon
signed-rank test, which can be used to compare the statistical equality of two methods over
the same sample. Since there were multiple comparisons between the methods, we applied
the Holm–Bonferroni correction, which is used to control the family-wise error rate when
conducting multiple hypothesis tests. The results of the conducted signed-rank test are
presented in Table 5. The table presents the pairwise comparison of models’ predictive
performance methods for each metric. The emphasized values in the table represent
the statistically significant differences, with a significance level of 95%. Focusing on the
comparison between the Student and SGDRE, we can observe that there is a statistically
significant difference between the compared methods for all metrics. Combining the
results with the achieved rank averages presented in Table 4, we can observe that for the
metrics accuracy, AUC, F1, and kappa, the SGDRE achieved a lower average rank, so it
is considered better performing. However, for the metrics, time, epochs, and inference
time, it is the other way around. Comparing the Student model with the EKD method,
we can observe that there is a statistically significant difference for metrics accuracy, AUC,
F1, Kappa, and training time. Looking at the average ranks, we can see that the proposed
EKD method achieved statistically significantly better results for all the predictive metrics,
and the Student model achieved statistically significantly lower training time. Those
findings support the decision to utilize the proposed EKD method instead of training the
Student network in a conventional manner (i.e., without knowledge distillation). If the EKD
method does not yield a statistically significant performance improvement, the Student
architecture would be a more reasonable choice in terms of training time.

Table 5. Results of Wilcoxon test with Holm–Bonferroni correction applied.

Metric Student vs. SGDRE Student vs. EKD KD vs. EKD SGDRE vs. EKD

Accuracy 0.047 0.047 0.047 0.297
AUC 0.047 0.047 0.047 0.422
F1 0.047 0.047 0.047 0.297
Kappa 0.047 0.047 0.047 0.297
Time 0.047 0.047 0.420 0.422
Epochs 0.047 0.422 0.422 0.047

Bold values represent the best achieved score.

When comparing the two knowledge distillation approaches, KD and EKD, we observe
a statistically significant difference in the metrics of accuracy, AUC, F1, and Kappa. In-
specting the average ranks, we can see that the proposed EKD method achieves statistically
significantly better results across all predictive metrics. In contrast, differences in training
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and inference times are statistically insignificant, as expected, since both approaches use
the same student architecture.

Finally, comparing the best performing SGDRE method with the proposed EKD
method, we can see that the statistically significant differences are only present for the
metrics epochs and inference time. The predictive performance metrics and training time
are not statistically significantly different; therefore, we can confirm that the predicting
performance of the proposed EKD method is comparable to the more computationally
complex SGDRE method. Focusing on the metrics epochs and inference time, looking at
the average ranks achieved, we can see that the EKD method achieved, on average, lower
ranks than the SGDRE method. Thus, the proposed method is statistically significantly
better performing in terms of epochs needed to train and, more importantly, achieves faster
inference time, due to reduced computational complexity.

5.4. Comparison with Some Existing Methods

Several studies have used the same chest X-ray dataset to detect childhood pneumonia.
However, it is important to note that not every study employed the same evaluation
methodology (using k-fold cross-validation versus using simple train test split approach).
As a result the comparison may not be entirely objective, but it can still provide a general
sense of the predictive performance landscape across different approaches.

Kermany et al. [39] presented a method which utilizes the transfer learning approach
using the Inception V3 CNN architecture. The authors reported an accuracy of 92.8%,
which lags behind the proposed EKD method by 3.2%.

A study conducted by Stephen et al. [37] proposed a specific custom CNN architecture
that achieved an accuracy of 93.7%. In comparison, the proposed EKD method outperforms
this by a margin of 2.3%.

In [28], Asham et al. presented a lightweight deep learning model with KD, which
achieved an accuracy of 97.92%, exceeding that of the EKD method by 1.92%. However, the
experiments conducted by Asham et al. employed a simple train/validation/test split method-
ology, which could have contributed to the reported predictive performance difference.

Kundu et al. [49] reported that their proposed ensemble method achieved an average
accuracy of 98.81% and an average F1 score of 98.97, surpassing the EKD method by 2.81
and 3.79, respectively. While it is not uncommon for ensemble methods to outperform
single-model methods on specific tasks, they pose challenges for deployment in resource-
constrained environments due to increased computational complexity during inference.

Singh et al. [19] proposed an efficient detection method based on Vision Transformers.
The authors conducted extensive performance evaluation relative to other architectures
utilizing the same dataset. Their proposed Vision Transformer method achieved an accuracy
of 97.61% and an F1 score of 0.95. Compared to the EKD method, this represents a 1.61%
higher accuracy, while on average achieving the same F1 score. Additionally, from the
computational complexity standpoint, we can also observe that proposed EKD method has
around 17 times fewer trainable parameters than the Vision Transformers method, which
translates to significantly shorter training and inference time.

6. Discussion
Following an in-depth analysis of the experimental results, we confirm that the model

trained using our proposed EKD method achieved predictive performance comparable to
that of the more computationally complex SGDRE method when applied to the task of iden-
tifying childhood pneumonia from X-ray images. The predictive metrics were statistically
insignificantly different from the SGDRE method, while the inference time was significantly
different. Observing the average ranks proved that the proposed EKD achieved on average
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a lower rank; therefore, it is better performing in terms of inference time. Additionally,
the computational complexity of the proposed EKD method in comparison to the SGDRE
method was reduced by a factor of 6.5× in terms of FLOPs standpoint and 4.31× in terms
of the number of trainable parameters.

When comparing the predictive performance of the EKD model with that of the
Student and KD methods, we observed that the EKD model significantly outperformed
both in all classification metrics by a great margin. These findings support the utilization of
the proposed EKD method instead of utilizing the Student CNN architecture and training
it in a conventional manner. However, the training time of the Student method was
significantly better than that achieved by the EKD method. We can attribute this to the
fact that in the process of knowledge distillation, for each iteration of training, it is needed
to obtain the prediction of teacher models in order to compute the soft labels. Therefore,
the training time is increased in comparison to the conventional training of CNN.

Based on the obtained empirical results, we can confirm that the proposed EKD
method can match the predictive performance of the more complex SGDRE method in the
task of childhood pneumonia identification, while simultaneously reducing both computa-
tional complexity and inference time.

Although the reported performance remains strong, a limitation of the current study
is the absence of explicit strategies to address class imbalance in the training data. Fu-
ture work will explore the use of data augmentation, re-sampling, and class weighting
techniques to further enhance model fairness and ensure more robust detection of under-
represented classes.

7. Conclusions
In this study, we proposed an ensemble-based knowledge distillation method for

classification problems and applied it to the task of identifying childhood pneumonia from
X-ray images. The method utilizes the SGDRE approach for the purpose of obtaining a
homogeneous group of specialized CNN models, which are utilized as a group of teacher
models. From the obtained group of models, the top three most suitable models are selected
as the teacher models in the process of distilling the knowledge to a smaller, more efficient
student CNN model.

The model trained using the proposed method was empirically evaluated on the task
of childhood pneumonia identification and compared with both the SGDRE ensemble
method and the Student CNN architecture trained using a conventional approach. Sta-
tistical analysis of the obtained results demonstrated that the proposed EKD method
significantly outperformed the conventionally trained Student model and achieved compa-
rable performance to the more computationally complex SGDRE method, while providing
statistically significantly faster inference times.

In future work, we would like to expand our work to explore the possibility of
implementing fully automatic, adaptive computation of the distillation loss throughout
the knowledge distillation process, with the goal of further improving the predictive
performance of the proposed method.
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The following abbreviations are used in this manuscript:

CNN Convolutional Neural Network
AI Artificial Intelligence
KD Knowledge Distillation
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EKD Ensemble Knowledge Distillation
SGD Stochastic Gradient Descent
SGDRE Stochastic Gradient Descent with warm Restarts Ensemble
AUC Area Under the Curve
ROC Receiver operating characteristic
FLOPs Floating Point Operations per Second
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Abstract

Recent advancements in implicit neural representations have shown substantial promise
in various domains, particularly in video compression and reconstruction, due to their
rapid decoding speed and high adaptability. Building upon the state-of-the-art Neural
Representations for Videos, the Expedite Neural Representation for Videos and Hybrid
Neural Representation for Videos primarily enhance performance by optimizing and ex-
panding the embedded input of the Neural Representations for Videos network. However,
the core module in Neural Representations for Videos network, responsible for video
reconstruction, has garnered comparatively less attention. This paper introduces a novel
High-frequency Spectrum Hybrid Network, which leverages high-frequency informa-
tion from the frequency domain to generate detailed image reconstructions. The central
component of this approach is the High-frequency Spectrum Hybrid Network block, an
innovative extension of the module in Neural Representations for Videos network, which
integrates the High-frequency Spectrum Convolution Module into the original frame-
work. The high-frequency spectrum convolution module emphasizes the extraction of
high-frequency features through a frequency domain attention mechanism, significantly
enhancing both performance and the recovery of local details in video images. As an
enhanced module in the Neural Representations for Videos network, it demonstrates ex-
ceptional adaptability and versatility, enabling seamless integration into a wide range
of existing Neural Representations for Videos network architectures without requiring
substantial modifications to achieve improved results. In addition, this work introduces the
High-frequency Spectrum loss function and the Multi-scale Feature Reuse Path to further
mitigate the issue of blurriness caused by the loss of high-frequency details during image
generation. Experimental evaluations confirm that the proposed High-frequency Spectrum
Hybrid Network surpasses the performance of the Neural Representations for Videos, the
Expedite Neural Representation for Videos, and the Hybrid Neural Representation for
Videos, achieving improvements of +5.75 dB, +4.53 dB, and +1.05 dB in peak signal-to-noise
ratio, respectively.

Keywords: video compression; artificial intelligence; implicit neural representation; high-
frequency spectrum

1. Introduction
Global internet traffic has been experiencing a steady growth rate of approximately

22% annually, currently surpassing 33 exabytes per day [1]. This rapid increase is largely
driven by the rising demand for high-definition video across various applications, such as
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video conferencing, security surveillance, medical care, agriculture, forestry, and online
video streaming platforms like YouTube and Netflix. Despite advancements in hardware
storage and network transmission technologies, the sheer size of uncompressed raw video
files continues to pose significant challenges in terms of storage capacity and bandwidth
requirements. As a result, video compression has emerged as a critical area of research,
focused on developing methods that reduce the volume of video data while preserving as
much visual quality as possible after reconstruction.

Traditionally, video encoding has relied on techniques such as the discrete cosine
transform (DCT) [2] and predictive coding across spatial and temporal domains. However,
deep learning-based video compression algorithms offer considerable advantages, par-
ticularly in terms of end-to-end optimization, improved quality retention, and enhanced
compression ratios. Prominent works in this domain include learning-based modules
for adapting conventional codecs [3–8] and end-to-end video compression models [9–16].
Moreover, Neural Representations for Video (NeRV), models [17–20], which are based on
implicit neural representations, have garnered widespread attention due to their simplicity,
high adaptability, and exceptionally fast decoding speeds. Notable recent advancements
include the Expedite Neural Representation for Videos (E-NeRV) [18] and Hybrid Neural
Representation for Videos (HNeRV) [19], which offer significant improvements in the
efficient reconstruction of video frames with superior quality compared to the original
NeRV model [17].

Although E-NeRV [18] and HNeRV [19] have achieved promising results, research on
NeRV still faces several limitations and challenges.

Firstly, while both E-NeRV [18] and HNeRV [19] achieve marginal improvements
by adjusting the number of channels in NeRV blocks, their superior performance primar-
ily arises from the optimization of the input embeddings in the NeRV network. In [17],
Chen et al. used frame indices, which are simple scalar values, as temporal input embed-
dings. E-NeRV [18] further enhanced this approach by incorporating spatial coordinates as
spatial embeddings. HNeRV [19] enriches the spatial embeddings by extracting feature
maps from the ground-truth video images, employing ConvNeXt [21] (a regular Convo-
lutional Neural Network (CNN)) as an encoder. While improving the quality of input
embeddings is a highly effective strategy for enhancing model performance, increasing the
efficiency of the NeRV block itself remains a critical concern.

Secondly, the current best-performing model, HNeRV [19], exhibits limitations in
generating visually coherent images, leading to the loss of texture and edges. Figure 1 pro-
vides an illustrative example. HNeRV [19] fails to capture the edge details of the nose and
mouth when reconstructing a character’s face, and introduces noise points that affect color
uniformity across the face. We hypothesize that the narrow receptive field and absence
of high-frequency information are the primary causes of this phenomenon. First, small
convolutional kernels are limited in the range of features they can capture, which can lead
to incorrect pixel values being generated by the network. Although increasing kernel size
effectively expands the receptive field and improves performance, it also results in a sig-
nificant increase in network parameters, which grows quadratically. Second, convolution
is a weighted summation operation that tends to produce smooth, low-frequency infor-
mation over broad regions rather than high-frequency signals with sharp local variations.
This limitation hinders the network’s ability to accurately reconstruct object edges and
texture details. Although high-frequency details may be prioritized under a constrained
compression ratio, the human visual system remains highly sensitive to such details, such
as textures and edges. Loss of these elements causes videos to appear blurred, which
is especially noticeable in scenes requiring fine detail, such as satellite imagery, medical
videos, and game streaming.

199



Electronics 2025, 14, 2574

Figure 1. An example of missing texture and edges.

In light of these challenges, our research is motivated by the following considerations:

• Existing NeRV-type methods primarily focus on incorporating multimodal or en-
hanced input data to improve video reconstruction, rather than enhancing the in-
trinsic performance of the network modules themselves. Although modifying the
input data is less likely to introduce fluctuations in model parameters to affect the
compression rate, it remains essential to design a new core module to enhance the
intrinsic performance of the network.

• Although current NeRV-type approaches can learn implicit representations of video
frames, they lack dedicated modeling of high-frequency information, resulting in
insufficient detail reconstruction. Therefore, a novel fundamental module capable of
reconstructing high-frequency content is required.

Based on the aforementioned motivations, we propose an innovative approach called
High-frequency Spectrum Hybrid Neural Representation for Video (HFS-HNeRV). Figure 2
illustrates the primary architecture and workflow of HFS-HNeRV. To address the first
challenge, we introduce the HFS-HNeRV block, which enhances the basic NeRV module by
incorporating a high-frequency spectrum convolution module (HFSCM). HFSCM includes
a high-spectral attention mechanism based on the channel–spatial attention structure
of CBAM [22] and GAM [23], along with an additional convolutional layer. Channel
attention reweights each channel in the feature map by integrating the information of
all channels for each pixel, encouraging the model to focus on channels that are most
critical to overall semantics. Spatial attention allows the model to highlight regions that
are vital to global semantics along the spatial dimension. Moreover, since the channel
dimension can be greatly reduced in spatial attention, a larger receptive field (such as a
large convolution kernel) can be applied without substantially increasing the number of
parameters. This design allows the model to integrate a wider range of local contextual
information with only a minimal increase in parameter count, thereby considering more
global semantic information when redistributing weights. After the attention module
accentuates the important feature information, the subsequent convolutional layers not
only expand the receptive field but also further fuse these attention-weighted features to
generate richer and higher-quality feature representations. This modification significantly
improves video frame reconstruction while maintaining a stable parameter count. The HFS-
HNeRV block also exhibits excellent compatibility and generalizability, making it easily
integrable into a wide range of NeRV networks without necessitating significant changes
to the original architecture.
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Figure 2. Our proposed HFS-HNeRV enables the model to focus on the details of edges and textures
in the image by introducing the HFS attention mechanism, HFS loss, and multi-scale feature reuse.

To address the second challenge, the proposed HFSCM includes a novel high-
frequency enhancement attention mechanism, which leverages the Haar wavelet transform
to strengthen high-frequency components. This technique effectively captures the high-
frequency features within the feature map, facilitating the restoration of edge details and
textures, thereby enhancing the overall image quality. Additionally, the attention mecha-
nism enables the module to better extract and fuse global information, partially mitigating
the issue of insufficient receptive fields. Furthermore, HFSCM incorporates a dual convolu-
tional layer structure, which further refines the features enhanced by the high-frequency
spectrum attention mechanism (HFSAM), resulting in richer feature representations.

We also propose a high-frequency spectrum loss function to aid in the training of
the model. This loss function extracts high-frequency signals from both the predicted
and ground-truth images via Fourier transform and high-pass filters and then computes
the mean square error (MSE) between them. The high-frequency spectrum (HFS) loss is
integrated into the overall loss function alongside the MSE loss, with a hyperparameter
introduced to adjust its weight relative to the total error. This adjustment allows the
model to reduce the disproportionate influence of low-frequency components, thereby
encouraging greater focus on generating finer image details, such as edges and textures.

Finally, inspired by classical image and video super-resolution networks, we introduce
several modifications to the decoder’s structure. Specifically, we incorporate a multi-scale
feature reuse path (MSFRP), which enriches the final output feature representations by
fusing feature maps from different scale layers.

In summary, our work makes the following contributions:

• We propose a novel NeRV module, HFS-HNeRV block, which can be easily integrated into
various NeRV networks without substantial modifications to the network architecture.

• We introduce a new loss function specifically designed for high-frequency information
generation, enhancing the model’s capacity to reconstruct image details.

• We optimize the NeRV network design by incorporating MSFRP into the current
NeRV framework.
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2. Related Works
2.1. Implicit Neural Representations

Implicit neural representations [24], often applied in image [25,26] or scene reconstruc-
tion [27,28], are techniques that utilize neural networks to represent geometric shapes or
environments. For example, Neural Radiance Fields (NeRFs) [28] can reconstruct a 3D
scene using provided 3D coordinates. In NeRV [17], the entire video or image sequence
is implicitly represented by a neural network instead of being stored in the traditional
form of frame data. The network learns the mapping from input (such as timestamps
or spatial coordinates) to output (image frames) so that it can quickly decode the video
frames based on frame indices. Unlike explicit representations, implicit representations
store most of the information in the network’s parameters, which significantly reduces
storage requirements. However, implicit representations come with several drawbacks.
They demand substantial resources during the training process—such as extensive training
time, large datasets, and significant computational power—which makes their application
in real-time scenarios challenging. Additionally, the complexity of these models can lead to
instability during training.

2.2. Video Compression

Video compression seeks to reduce the size of video data while preserving as much
quality as possible. Conventional video compression standards, such as H.264 [29] and
H.265 [30], have been widely used across many fields. In the past decade, deep learning
has introduced new possibilities for advancements in video compression techniques. Tra-
ditional methods typically involve four core technologies: predictive coding, transform
coding, entropy coding, and motion compensation. Learning-based video compression
approaches primarily focus on replacing or enhancing these key components [3–8]. Ad-
ditionally, Refs. [9–13] have explored end-to-end video compression models. However,
a novel approach called Neural Representations for Videos (NeRV) [17] has been intro-
duced, which uses neural networks to implicitly represent video by overfitting the network
to memorize video frames. By compressing the neural network, NeRV achieves the goal of
video compression.

2.3. Video Super-Resolution

Video super-resolution is a technique widely applied in fields such as remote sensing
and telemedicine to enhance both the resolution and visual clarity of video frames. At its
core, it primarily involves upsampling methods, including interpolation, pixel shuffle,
and deconvolution. The deep learning-based approaches to video super-resolution can
be broadly classified into single-frame [31–35] and multi-frame methods [36–41]. Given
that video is essentially a sequence of consecutive images forming a dynamic visual record,
single-frame super-resolution networks are largely extensions of image super-resolution
techniques. Prominent examples include the Super-Resolution Convolutional Neural Net-
work (SRCNN) [31], Very Deep Super-Resolution (VDSR) [32], and the Super-Resolution
Generative Adversarial Network (SRGAN) [35]. In contrast, multi-frame super-resolution
networks exploit the inter-frame information present in videos, and these methods can
be further subdivided into those that align video frames and unaligned methods. Ap-
proaches based on optical flow estimation [38,39] and deformable convolution [40,41] are
key examples of the former, whereas those employing 3D convolution [42,43] and recurrent
convolutional neural networks [44,45] exemplify the latter. The primary objective of video
super-resolution is to upsample low-resolution videos into high-resolution counterparts.
This procedure bears similarities to how NeRV [17] incrementally upsamples an embed-
ding into a complete video image, thus creating some overlap in the methodologies used
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in these two areas. Low-quality videos can be considered compressed versions of their
high-resolution counterparts. NeRV-like approaches may draw inspiration from video
super-resolution techniques, such as more sophisticated network designs (encoder–decoder
model and Generative Adversarial Network (GAN) [46]) and enhanced upsampling mech-
anisms (such as bilinear interpolation and Sub-pixel Convolution). Nevertheless, since the
parameter count in NeRV models directly influences the compression ratio, any method
that substantially increases model complexity should be applied judiciously. For more
detailed comparisons of video super-resolution models, please refer to [47–49].

2.4. Frequency Domain Image Analysis

Although images have traditionally been processed in the spatial domain for computer
vision tasks, recent studies [50,51] have demonstrated that frequency domain analysis offers
distinct advantages, particularly in image compression. The HFSAM proposed in this study
differs from these prior works in several key aspects.

The core concept of LC-FDNet [50] is adaptive frequency decomposition (AFD), which
extracts low-frequency (LF) and high-frequency (HF) latents from input images, followed
by separate compression. Specifically, the high frequency compressor retains the residual
information between the original image and the high-frequency prediction generated by
the network, leveraging entropy coding for compression. The principal objective of this
approach is to extract and compress the low- and high-frequency components separately,
thereby mitigating information loss during the compression process.

DBPN [51] separates the low- and high-frequency latents by using average pooling.
These latents are subsequently processed through a dual-layer attention mechanism to
generate an attention map. In the process of obtaining the final output latent, they recall
the low frequency and high frequency latents to emphasize these fine-grained features
again. In our approach, we integrate the Haar wavelet transform into the spatial attention
component to extract high-frequency information, further weighting the LH, HL, and HH
components using hyperparameters. This weighting strategy ensures that these high-
frequency details receive emphasis in the generated attention map.

Similarly, the Frequency-Aware Transformer [52] introduces the frequency-decomposed
window attention (FDWA) mechanism to achieve frequency decomposition, grounded
in the theoretical foundation that small local window attention can effectively capture
high-frequency information, as discussed by [53]. This effect closely resembles that of
the Haar wavelet transform, which also produces the LL, LH, HL and HH maps. Funda-
mentally, both methods serve to decompose images into their low- and high-frequency
components. Structurally, FDWA integrates self-attention with window attention, making
it particularly well suited for transformer architectures. In contrast, Convolutional Neural
Networks (CNNs) can achieve a similar effect more efficiently by directly applying the
Haar wavelet transform for frequency decomposition and integrating spatial and channel
attention mechanisms to enhance the representation of edges and texture details.

3. Proposed Method
Figure 3a,b show the overall structure of the HFS-HNeRV network. In Section 3.1, we

will explain the structure and function of the key parts in the HFS-HNeRV block. Section 3.2
is an introduction to MSFRP. Finally, the HFS loss function is described in Section 3.3.
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Figure 3. The structure of HFS-HNeRV. (a) Encoder: we employ ConvNeXt as the encoder to
downsample the input video frames into smaller embeddings. (b) Decoder: we employ the HFS-
HNeRV blocks to build the decoder for upsampled images and add MSFRP to reuse the feature maps
of the third layer. (c) HFS-HNeRV blocks: In the HFS-HNeRV blocks, we introduce a residual structure
that, through dual convolutional layers, further enriches the generated features by leveraging the
attention maps produced by HFSAM.

3.1. HFS-HNeRV Block

As can be seen in Figure 3c, HFS-HNeRV block is composed of a sub-pixel convolution
module and HFSCM.

3.1.1. Sub-Pixel Convolution Module

For the first half of the HFS-HNeRV block, we retain the sub-pixel convolution (SPC)
module. It has been employed as a basic module in previous NeRV-type works. Detailed
information can be found in [33]. Here, we only give a brief introduction.

The SPC module integrates a convolutional layer with a pixel shuffle layer. In the
convolutional process, as shown in Figure 3c, the input feature map adheres to the dimen-
sions X ∈ RH×W×C, while the output feature map is represented as Y ∈ RH×W×S2C. This
dimensionality enhancement can be interpreted as the network layer extracting features,
which subsequently serve as references for generating more contextually relevant features.
A reduction in the number of input or output channels will significantly degrade the
performance of this network layer. Although increasing the size of the convolutional kernel
can improve network efficiency, it also results in a considerable increase in the number of
model parameters. Therefore, to ensure parameter stability, the original kernel size and
channel configuration have been maintained.

3.1.2. High-Frequency Spectrum Convolution Module

HFSCM is primarily composed of two components: a high-frequency spectrum atten-
tion mechanism and an additional convolutional layer. As depicted in Figure 3c, the entire
module adopts a residual block structure.

The high-frequency spectrum attention mechanism (HFSAM) consists of two key parts:
the channel attention layer and the frequency domain spatial attention layer. The channel
attention layer employs a dual multi-layer perceptron structure to produce a channel
attention map by extracting global information from the feature vectors at each H ×W
position within the feature map F1, as demonstrated in Figure 4a. This process can be
expressed by the following formula:

CAtten = σ(MLP(GeLU(MLP(F1))) (1)

204



Electronics 2025, 14, 2574

F2 = (F1 ⊗ CAtten) + F1 (2)

where σ denotes the sigmoid function. GeLU represents the GeLU activation function. ⊗
represents the element-wise multiplication. MLP represents the multi-layer perceptron.
Conv represents a convolutional layer.

(a)

(b)

Figure 4. (a) Channel Attention: This part employs dual multi-layer perceptron to integrate the
intra-channel contextual information of the input features, computing the output feature map through
a residual structure. (b) Spatial Attention: We enhance high-frequency information by incorporating
Haar wavelet transform into the spatial attention mechanism. Note that 2× symbolizes the two-fold
upsampling operation.

Before introducing the frequency domain spatial attention layer, we briefly describe
the processing of the Haar wavelet transform on the feature map. The Haar wavelet basis
functions are defined by the scaling function ϕ(t) and the wavelet function ψ(t):

ϕ(t) =

{
1, 0 ≤ t < 1
0, otherwise

(3)

ψ(t) =





1, 0 ≤ t < 1
2

−1, 1
2 ≤ t < 1

0, otherwise
(4)

For a one-dimensional signal x of length N, the corresponding low- and high-frequency
operators are denoted Ak and Dk, respectively:

Ak =
x2k + x2k+1√

2
(5)
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Dk =
x2k − x2k+1√

2
(6)

where k ∈ {0, 1, . . . , N
2 − 1}.

Since the Haar wavelet transform is applied to the feature map on a channel-by-
channel basis, only a two-dimensional Haar wavelet transform is required. First, the opera-
tor transforms each row of the feature map to obtain a new matrix F′:

F′ =




A0,0 A0,1 . . . A0,W/2 D0,0 D0,1 . . . D0,W/2

A1,0 A1,1 . . . A1,W/2 D1,0 D1,1 . . . D1,W/2
...

...
. . .

...
...

...
. . .

...
AH,0 AH,1 . . . AH,W/2 DH,0 DH,1 . . . DH,W/2




(7)

Next, the columns of F′ are transformed to yield the matrix FHaar:

FHaar =




LL0,0 LL0,1 . . . LL0,W/2 LH0,0 LH0,1 . . . LH0,W/2

LL1,0 LL1,1 . . . LL1,W/2 LH1,0 LH1,1 . . . LH1,W/2
...

...
. . .

...
...

...
. . .

...
LLH/2,0 LLH/2,1 . . . LLH/2,W/2 LHH/2,0 LHH/2,1 . . . LHH/2,W/2

HL0,0 HL0,1 . . . HL0,W/2 HH0,0 HH0,1 . . . HH0,W/2

HL1,0 HL1,1 . . . HL1,W/2 HH1,0 HH1,1 . . . HH1,W/2
...

...
. . .

...
...

...
. . .

...
HLH/2,0 HLH/2,1 . . . HLH/2,W/2 HHH/2,0 HHH/2,1 . . . HHH/2,W/2




(8)

Finally, the matrix FHaar is partitioned into four sub-regions:

FHaar =

[
LL LH
HL HH

]
(9)

where LL denotes the low–low subband, representing the approximation coefficients af-
ter applying low-pass filtering in both horizontal and vertical directions. LH represents
the low–high subband, containing vertical detail coefficients obtained by low-pass filter-
ing horizontally and high-pass filtering vertically. HL represents the high–low subband,
containing horizontal detail coefficients obtained by high-pass filtering horizontally and
low-pass filtering vertically. HH denotes the high–high subband, capturing diagonal detail
coefficients after applying high-pass filtering in both horizontal and vertical directions.
More detailed information about the Haar wavelet transform can be found in [54].

In the frequency domain spatial attention layer, as depicted in Figure 4b, the initial
convolutional layer is designed to reduce the number of channels in the input feature map
F2. This reduction primarily aims to minimize the number of parameters in the atten-
tion layer, ensuring computational efficiency. Following this, the feature map undergoes
decomposition into various frequency component sub-maps through the Haar wavelet
transform, producing the low frequency–low frequency (LL) map, low frequency–high
frequency (LH) map, high frequency–low frequency (HL) map, and high frequency–high
frequency (HH) map. After decomposition, the sub-maps are upsampled to match the
original feature map’s dimensions. Each of these four sub-maps is then multiplied by a
set of distinct enhancement weights, followed by element-wise addition with the original
input feature map. These four enhanced sub-maps are concatenated with the input fea-
ture map, forming an enriched feature representation. The concatenated feature map is
subsequently processed through a sequence of layers, including normalization, activation,
convolution, and sigmoid functions, resulting in the generation of the spatial attention map
SAtten. The incorporation of the Haar wavelet transform enables the analysis of frequency
domain information, allowing the HFSCM to capture high-frequency features more effec-
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tively. This leads to the restoration of edge details and textures within the image, thereby
improving the overall quality of image generation. Additionally, the use of the attention
mechanism strengthens the module’s ability to extract and integrate global information,
partially alleviating the issue of insufficient receptive field. The calculation process for
spatial attention is described as follows:

FLL, FHL, FLH , FHH = Up(DWTHaar(Conv(F2))) (10)

FLL2 = Φ1FLL + F2 (11)

FHL2 = Φ2FHL + F2 (12)

FLH2 = Φ3FLH + F2 (13)

FHH2 = Φ4FHH + F2 (14)

SAtten = σ(Conv(GeLU(Concat(F2, FLL2, FHL2, FLH2, FHH2)))) (15)

F3 = (F2 ⊗ SAtten) + F2 (16)

where Up denotes the bilinear interpolation operation, and DWTHaar represents the Haar
wavelet transform. Φ represents the enhancement factor of the frequency maps. FLL,
FHL, FLH , and FHH represent the feature maps for the LL, HL, LH and HH sub-bands,
respectively. Concat represents the concatenation operation that merges multiple tensors.

In addition, we introduced extra convolutional layers following the HFSAM (as
shown in Figure 3c) to allow the network to better focus on and exploit the high-frequency
features enhanced by the HFSAM. The additional convolutional layers expand the receptive
field, thereby enhancing the model’s ability to represent intricate high-frequency details.
The shortcut connection contributes to the overall stability of the module during training
to avoid the problem of gradient disappearance. The following formula can be used to
express how the feature map is calculated:

Fout = Conv(GeLU(HFSAtten(F1)))⊕ F1 (17)

where ⊕ denotes the element-wise addition.

3.2. Multi-Scale Feature Reuse Path

MSFRP, whose structure is shown in Figure 5, enables the model to capture more
information at different scales and further enhances the model’s expressiveness. In the
NeRV-based network, avoiding growth of the number of parameters is an essential pre-
requisite. Therefore, we decide to upsample the feature map produced by the model’s
third-to-last layer via the bilinear interpolation method to the same size as the final output
feature map of the model. Specifically, the feature maps from L3 layers (160× 320) are first
reduced to the channels at 3 through a 1× 1 convolutional layer. Then, they are resized to
a common spatial resolution (640× 1280) via bilinear interpolation. Finally, the aligned
feature maps are fused by element-wise addition. Bilinear interpolation is a technique that
involves two linear interpolations in a two-dimensional plane grid cell. Assuming that
the coordinates of the four corners of the grid cell are f (0, 0), f (1, 0), f (0, 1) and f (1, 1),
the bilinear interpolation polynomial formula can be expressed as

f (x, y) =
1

∑
i=0

1

∑
j=0

aijxiyj = a00 + a10x + a01y + a11xy (18)
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a00 = f (0, 0),
a10 = f (1, 0)− f (0, 0),
a01 = f (0, 1)− f (0, 0)
a11 = f (1, 1) + f (0, 0)− ( f (1, 0) + f (0, 1))

(19)

Detailed information on bilinear interpolation can be found in [55].

Figure 5. The structure of MSFRP.

3.3. High-Frequency Spectrum Loss

The MSE loss function is widely used in various downstream tasks within computer
vision. To further direct the model’s focus towards high-frequency features in images,
we introduce the HFS loss, which is based on the Fourier transform and high-pass filters,
and incorporate it into the total loss function.

Specifically, we first transform both the predicted and ground-truth images into the
frequency domain by employing the 2D discrete Fourier transform (DFT), implemented
via PyTorch’s torch.fft.fft2. The zero-frequency component is shifted to the center of the
spectrum to facilitate the application of a high-pass filter.

The high-pass filter is constructed as a binary circular mask that suppresses low-
frequency components. Specifically, for a frequency spectrum of size H ×W, we set a
square region of size (2m)2, centered at (H/2, W/2), to zero. Here, m is a tunable cutoff
parameter controlling the frequency threshold. The mask is broadcasted across batch and
channel dimensions to match the shape of the input tensors.

After masking, we apply an amplification factor g to the remaining high-frequency
components to emphasize fine-grained details such as edges and textures. Then, the filtered
and enhanced frequency spectra are transformed back to the spatial domain by using the
inverse 2D DFT. The HFS loss is defined as the mean square error between the spatial
domain reconstructions derived from the high-frequency components of the predicted and
ground-truth images.

The DFT and inverse DFT of a two-dimensional image can be represented as follows:

F(u, v) =
1

HW

H−1

∑
x=0

W−1

∑
y=0

f (x, y)e−j2π( ux
H +

vy
W ) (20)

f (x, y) =
H−1

∑
u=0

W−1

∑
v=0

F(u, v)ej2π( ux
H +

vy
W ) (21)
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where H and W represent the height and width of the image, respectively. x and y denote
the spatial coordinates within the image, and u and v represent frequency coordinates
within the spectrum.

Given a video sequence V = {vt}T
t=1 ∈ RT×H×W×3 and a frame index t, we have a

predicted image Ipred
t and a ground-truth image Igt

t . The formulae for MSE loss and HFS
Loss are expressed as

LMSE =
1

H ×W × C

H

∑
i=1

W

∑
j=1

C

∑
c=1

(
Ipred

i,j,c − Igt
i,j,c

)2
(22)

LHFS =
1

H ×W × C

H

∑
i=1

W

∑
j=1

C

∑
c=1

(
iFFT(g ·M · FFT(Ipred

i,j,c ))− iFFT(g ·M · FFT(Igt
i,j,c))

)2
(23)

where H and W represent the height and width of the image, respectively. C represents the
number of channels of the image. Ipred

i,j,c and Igt
i,j,c represent the predicted image and ground-

truth image, respectively. FFT, iFFT, M and g denote discrete Fourier transform, inverse
discrete Fourier transform, binary high-pass filter mask, and high-frequency amplification
factor, respectively.

The total loss function can be expressed as

Ltotal = LMSE(I
pred
t , Igt

t ) + βLHFS(I
pred
t , Igt

t ) (24)

where β is the weight that controls the influence of HFS loss. It is set to 0.12 in the experiments.

4. Experiments
In this section, we will conduct ablation experiments on HFSCM, HFS loss, and MS-

FRP, and discuss their effectiveness in detail. We will initially go over the experimental
setting and dataset that were employed in this study. Following Section 4.1, we will demon-
strate the effectiveness of HFSCM, HFS loss, and MSFRP through ablation experiments
in Section 4.2. Finally, Section 4.3 will show the performance of HFS-HNeRV in video
compression tasks, including performance indicators and comparison of generated images.

4.1. Dataset and Implementation Details

In this paper, we utilize the hybrid representation network architecture of HNeRV.
Therefore, most of the experimental settings are consistent with HNeRV. For the dataset, we
adopt the Big Buck Bunny (the Big Buck Bunny dataset is available at https://github.com/
haochen-rye/HNeRV (accessed on 25 June 2024)), a widely used open-source animated
video, which includes 132 frames with resolution of 720× 1280, cropped to the center with
a resolution of 640× 1280. The selected segments depict an animal coming out of a tree
hole and stretching as it stands upright, covering a range of scenes with different levels of
motion (from static to moving objects) and texture complexity (such as smooth backgrounds
and detailed foliage or grass). To evaluate the model’s performance on a publicly available
benchmark, we applied center cropping to the UVG dataset (the UVG dataset is available
at https://ultravideo.fi/dataset.html (accessed on 28 December 2024)) (7 videos in full HD
resolution (1920× 1080) with a frame rate of 120 frames per second (fps)), resulting in a
resolution of 480× 960. They include fast motion (such as a speedboat, bee wings, and
running horse), high-frequency textures (such as long hair, petals and waves), and rich
structural information, making it suitable for evaluating the generalization and robustness
of video reconstruction models. For performance metrics, we retained the same settings
as those in HNeRV [19], specifically the peak-signal-to-noise ratio (PSNR) and multi-scale
structural similarity index measure (MS-SSIM). Moreover, we selected multiple regions
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within the images to conduct a human visual quality comparison. During training, we
used the Adam optimizer with β = (0.9, 0.999) and a weight decay of 0. Furthermore,
we set the learning rate to 0.001 with cosine learning rate decay. Unless otherwise stated,
all experimental models are baselined with model size of 1.5 M, training epochs of 300,
and bit per pixel (bpp) of 0.109. All experiments were conducted on one laptop-based
RTX 3060 GPU. the reported performance results were also measured on this GPU to reflect
parallel execution, excluding data loading and preprocessing overhead.

4.2. Ablation Study

In this section, we will present and discuss the relevant ablation experiments of
HFSCM, HFS loss, and MSFRP, and explain their related parameter settings.

4.2.1. HFSCM

As shown in Table 1, inserting the attention module after the upsampling layer can
significantly enhance model’s performance. Furthermore, HFSCM only introduces few
parameters since the number of channels is kept low after the upsampling layer. The convo-
lution layer after the attention mechanism can further combine local and global information
to enhance the expressive capability of the model. Also, the residual structure not only pre-
vents the gradient vanishing problem but also contributes positively to the performance of
the model. The attention mechanism involves the convolution kernel size k in spatial atten-
tion. As mentioned earlier, a larger convolution kernel size will have a positive impact on
model performance (as shown in Table 2). However, increasing the number of convolution
kernels directly results in a growth in model parameters. Therefore, we conducted ablation
experiments under conditions where the number of parameters and bit rate were kept at
comparable levels (as shown in Table 3), and we then selected k = 7 as a trade-off between
model complexity and performance. Table 4 shows that the additional convolutional layers
indeed have a significant positive impact on the performance of the model.

Table 1. Comparison of module ablation experimental results.

Component SPC HFSCM MSFRP HFS Loss PSNR MS-SSIM

HNeRV ✓ × × × 35.57 0.9773
Variant 1 ✓ ✓ × × 36.36 0.9806
Variant 2 ✓ ✓ ✓ × 36.38 0.9808

HFS-HNeRV (Ours) ✓ ✓ ✓ ✓ 36.62 0.9814

Table 2. Ablation of kernel size k under unconstrained settings (with r = 5).

k PSNR MS-SSIM bpp (≈M) Params (≈)

3 36.33 0.9801 0.103 1.39
5 36.49 0.9809 0.106 1.43
7 36.62 0.9814 0.110 1.49
9 36.69 0.9819 0.115 1.58

Table 3. Ablation of kernel size k under parameter and bitrate constraints (with r = 5).

k PSNR MS-SSIM bpp (≈M) Params (≈)

3 36.57 0.9812 0.110 1.49
5 36.60 0.9813 0.110 1.50
7 36.62 0.9814 0.109 1.49
9 36.47 0.9808 0.109 1.49
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Table 4. Ablation of additional convolutional layer in HFSCM.

Module PSNR MS-SSIM

HFSCM (sigle convolutional layer) 35.95 0.9785
HFSCM (dual convolutional layer) 36.62 0.9814

4.2.2. MSFRP

As can be seen in Table 1, the performance of variant 2 proves the effectiveness of
reusing features of different scales. Considering that deconvolution or pixel shuffle will
bring additional parameter burden, we apply the bilinear interpolation method rather
than sub-pixel convolution or deconvolution. We consider that the output features of
the third-to-last layer not only retain rich original feature information but also have a
moderate level of feature abstraction. Upon comparison, it is clear that reusing the features
of the third-to-last output layer has the best effect (Table 5). Since reusing the first layer
necessitates upsampling by a factor of up to 64×, and the fifth layer serves as the network’s
final output, the results from these two layers are excluded from Table 5.

Table 5. Ablation of reusing different feature layers.

Layer (Resolution) Scale PSNR MS-SSIM

Layer2 (40 × 80) 16× 36.54 0.9814
Layer3 (160 × 320) 4× 36.62 0.9814
Layer4 (320 × 640) 2× 36.56 0.9813

4.2.3. HFS Loss

HFS loss extracts the high-frequency features of generated images and ground-truth
images through Fourier transform and high-pass filters before calculating the error between
them. Table 1 demonstrates that the application of HFS loss can significantly boost the
performance of the model. Table 6 shows the performance parameters of the model at
different training cycles and the convergence of HFS loss. We set the threshold m and
enhancement factor g of the high-pass filter to m ∈ {10, 15, 20, 25} and g ∈ {1.0, 2.0, 3.0, 4.0},
respectively. The PSNR results are shown in Tables 7 and 8. The optimal hyperparameter
settings are found to be m = 17 and g = 3.0.

Table 6. HFS loss ablation at different epochs.

Epoch HFS Loss PSNR

30 9.17× 10−3 27.83
120 3.20× 10−3 32.08
210 1.95× 10−3 35.68
300 1.59× 10−3 36.62

Table 7. Threshold m ablation (with g = 3.0).

m PSNR MS-SSIM

10 36.56 0.9813
15 36.61 0.9814
20 36.62 0.9814
25 36.62 0.9814
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Table 8. Enhancement factor g ablation (with m = 17).

g PSNR MS-SSIM

1.0 36.45 0.9810
2.0 36.55 0.9813
3.0 36.62 0.9814
4.0 36.62 0.9814

4.3. Main Results
4.3.1. Video Regression

In comparison to existing methods, our approach demonstrates improvements in
both model performance metrics and human visual perception. All experiments were
conducted using the Big Buck Bunny dataset. As shown in Table 9, with a model size
of 1.5 M, HFS-HNeRV outperforms NeRV, E-NeRV, and HNeRV across various training
epochs. Furthermore, when the training epochs are set to 300, HFS-HNeRV continues
to deliver superior performance with 1.5 M parameters (Table 10). Table 11 shows that
HFS-HNeRV can still maintain its performance advantage over HNeRV on the UVG
dataset. Significantly, NeRV-based methods perform well on HoneyBee but show relatively
poor performance on Ready and Yacht. This phenomenon can be analyzed from two
main aspects: content complexity and motion intensity. First, regarding content complexity,
the main subject in HoneyBee is a bee, which occupies only a small region in the entire frame.
The background primarily consists of flowers and grass with simple structures and similar
color distributions. This implies that the model needs to learn fewer and less complex
visual features. In contrast, Yacht and Ready contain abundant high-frequency details
(such as water ripples, human contours, and hair), which place higher demands on the
model’s representational capacity. Although our method achieves notable improvements
over HNeRV on these videos, the overall performance remains inferior compared to its
results on other video sequences. Second, in terms of motion intensity, the primary objects
in Yacht and Ready have significant movements. While NeRV-based methods do not rely
on motion estimation, large inter-frame differences mean that the model must learn more
temporal features to complete the reconstruction.

Regarding visual quality, the experimental benchmark was established with 300
training epochs and a model size of 1.5 M. As illustrated in Figure 6, the textures around
the edges of smaller objects in the image appear noticeably sharper and more complete.
Additionally, the images generated by HFS-HNeRV exhibit significantly fewer abrupt color
shifts, contributing to a more cohesive and natural overall visual appearance.

Table 9. PSNR(dB) results on Bunny with different model sizes.

Size 0.75 M 1.5 M 3.0 M

NeRV 28.46 30.87 33.21
E-NeRV 30.95 32.09 36.72
HNeRV 32.81 35.57 37.43

HFS-HNeRV (Ours) 34.17 36.62 38.82

Table 10. PSNR(dB) results on Bunny with different trainning epochs.

Epoch 300 600 1200

NeRV 30.87 31.68 32.13
E-NeRV 32.09 33.2 34.15
HNeRV 35.57 36.19 36.93

HFS-HNeRV (Ours) 36.62 37.37 37.89
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Table 11. PSNR(dB) results at resolution 480 × 960, on UVG dataset.

Video Beauty Bosph Honey Jockey Ready Shake Yacht avg.

HNeRV 35.08 36.86 39.42 34.05 28.05 35.53 31.87 34.41
HFS-HNeRV (Ours) 35.04 37.66 39.53 34.88 29.04 35.75 32.36 34.89

Figure 6. Visual quality comparison of videos at 0.109 bpp. On the left, we compare one overall video
frame generated by HFS-HNeRV with the ground truth. On the right, we compare NeRV, HNeRV,
and HFS-HNeRV by extracting and analyzing five patches from the images. It can be observed
that HFS-HNeRV consistently outperforms in various aspects, including facial details, small objects
(such as the contour of a blade of grass), local region details (such as the texture of rocks and grass),
and low-contrast objects (such as a leaf in darkness).

4.3.2. Video Compression

For the video compression task, we employed embedded quantization (8 bits), model
quantization (8 bits), and model entropy coding. Figure 7a,b show the rate-distortion
performance of HNeRV, HFS-HNeRV, and traditional compression methods (H.264 and
H.265), respectively. Although a performance gap remains between NeRV-type methods
and conventional compression technologies, HFS-HNeRV outperforms HNeRV, clearly
demonstrating that the three proposed components collectively contribute to advancing
the performance of NeRV-type architectures.

(a) (b)

Figure 7. (a) PSNR(dB) results on UVG dataset. (b) MS-SSIM results on UVG dataset.
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4.3.3. Model Complexity

We mainly discuss the model complexity from the perspectives of model parameter
count and decoding speed.

For the traditional methods, we directly cite the FPS values of H.264 and H.265
reported in previous work. Since these methods were evaluated using four CPU threads on
Intel Xeon 4216 processors, the setup is closer to real-world application scenarios. For the
NeRV method, due to the significant performance gap caused by the mobile version of the
RTX 3060 GPU, we benchmarked HNeRV and HFS-HNeRV by using the RTX A6000 GPU,
whose performance is more comparable to that of a four-core Xeon CPU.

In terms of model complexity, we have made careful efforts to avoid or control the
increase in the number of parameters. For instance, the HFS loss does not introduce
any additional parameters, and the MSFRP is implemented with bilinear interpolation
to minimize parameter overhead. While the introduction of the attention mechanism
inevitably adds some parameters, we counteract this by reducing the number of channels
across all network layers. This ensures that the total number of model parameters remains
consistent across all comparison experiments. The experimental results demonstrate that
this trade-off is worthwhile. Our model achieves superior performance under the same
parameter budget.

As for decoding speed, compared with traditional compression methods and other
NeRV-based approaches, our method shows significantly lower decoding speed (as il-
lustrated in Figure 8). This is primarily due to the additional operations frequently per-
formed within the network—such as wavelet transforms and frequency domain calcula-
tions—which introduce higher computational complexity and memory overhead. As a
result, the current inference speed of our method is limited.

Figure 8. Decoding FPS comparison.

5. Conclusions
In this paper, we present HFS-HNeRV, a NeRV network optimized for learning high-

frequency features within the frequency domain. To support its training, we introduce a
specialized loss function designed to target high-frequency features, thereby improving the
model’s performance to reproduce fine details such as edges and textures. Specifically, we
propose the HFSCM and the HFS loss, which enable the model to more effectively focus on
and learn high-frequency information in the frequency domain.

Quantitative results reveal that HFS-HNeRV significantly outperforms other NeRV-
based networks, including NeRV, E-NeRV, and HNeRV, achieving improvements in PSNR
of +5.75 dB, +4.53 dB, and +1.05 dB, respectively. In terms of visual reconstruction quality,
HFS-HNeRV demonstrates superior performance in restoring edge textures and produces
images with more cohesive and natural color distributions. Importantly, both HFSCM and
HFS loss exhibit a high degree of flexibility, allowing them to be easily integrated into a
variety of NeRV architectures, thus offering substantial benefits for tasks related to video
compression and reconstruction.
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6. Future Work
For future work, we plan to explore the following three aspects:

• The decoding speed of the model needs to be enhanced. The current method still lags
behind traditional compression techniques in terms of decoding efficiency, which is
a critical factor in practical applications (particularly in scenarios with real-time re-
quirements). To address this limitation, we aim to investigate more efficient frequency
domain transformation methods and network simplification strategies to enhance
inference speed.

• The model’s adaptability to diverse types of video content needs to be strengthened.
As observed from its performance on the UVG dataset, the proposed method remains
sensitive to video characteristics, which means that videos featuring rapid motion or
complex backgrounds often result in performance degradation. To improve robustness,
we will consider incorporating motion estimation mechanisms and enhancing the
compression and reconstruction capabilities for high-frequency information.

• We should carefully balance parameter configurations and performance metrics. Given
the method’s strict constraints on model size, any newly introduced components or
parameter adjustments that significantly increase the number of parameters should be
thoroughly evaluated. Therefore, we plan to conduct more comprehensive ablation
studies to identify the optimal configuration strategies.
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Abstract: Human Pose Estimation (HPE) remains challenging due to scale variation,
occlusion, and high computational costs. Standard methods often struggle to capture
detailed spatial information when keypoints are obscured, and they typically rely on
computationally expensive deconvolution layers for upsampling, making them inefficient
for real-time or resource-constrained scenarios. We propose AMFACPose (Attentive Multi-
scale Features with Adaptive Context PoseResNet) to address these limitations. Specifically,
our architecture incorporates Coordinate Convolution 2D (CoordConv2d) to retain explicit
spatial context, alleviating the loss of coordinate information in conventional convolutions.
To reduce computational overhead while maintaining accuracy, we utilize Depthwise
Separable Convolutions (DSCs), separating spatial and pointwise operations. At the
core of our approach is an Adaptive Feature Pyramid Network (AFPN), which replaces
costly deconvolution-based upsampling by efficiently aggregating multi-scale features to
handle diverse human poses and body sizes. We further introduce Dual-Gate Context
Blocks (DGCBs) that refine global context to manage partial occlusions and cluttered
backgrounds. The model integrates Squeeze-and-Excitation (SE) blocks and the Spatial–
Channel Refinement Module (SCRM) to emphasize the most informative feature channels
and spatial regions, which is particularly beneficial for occluded or overlapping keypoints.
For precise keypoint localization, we replace dense heatmap predictions with coordinate
classification using Multi-Layer Perceptron (MLP) heads. Experiments on the COCO and
CrowdPose datasets demonstrate that AMFACPose surpasses the existing 2D HPE methods
in both accuracy and computational efficiency. Moreover, our implementation on edge
devices achieves real-time performance while preserving high accuracy, confirming the
suitability of AMFACPose for resource-constrained pose estimation in both benchmark and
real-world environments.

Keywords: human pose estimation; multi-scale features; edge computing; dual-gate context
blocks; adaptive feature pyramid network

1. Introduction
Human Pose Estimation (HPE) is a critical subfield of Computer Vision (CV) focused

on locating and connecting human body joints, i.e., keypoints, in images or video sequences.
Accurate pose estimation enables machines to analyze human posture and motion, facilitat-
ing a wide range of applications, including video surveillance, human–computer interac-
tion, medical rehabilitation, and autonomous driving [1]. Despite significant advancements
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in deep learning (DL) and convolutional neural networks (CNNs) [2], HPE continues to
face several core challenges. These include scale variation, where subjects can appear at
vastly different resolutions, the occlusion of keypoints by objects or other individuals, and
stringent computational requirements that frequently hinder real-time deployment [3,4].

Early approaches relied on hand-crafted features combined with probabilistic models,
offering interpretability but limited accuracy in complex scenarios, such as occlusions,
varied lighting conditions, and cluttered backgrounds [5]. The emergence of CNNs sig-
nificantly improved feature extraction capabilities. For instance, the pioneering work of
DeepPose directly regressed keypoint coordinates but struggled with stability in multi-
modal distributions [4]. Subsequently, heatmap-based methods emerged, transforming
coordinate regression into spatial heatmap prediction, notably improving robustness and
accuracy. Approaches such as Stacked Hourglass Networks [6] and SimpleBaseline [7]
refined heatmap-based architectures, although at the expense of increased computational
overhead due to complex upsampling procedures.

To reduce these computational demands while maintaining accuracy, High-Resolution
Networks (HRNets) preserve spatial resolution throughout the network, significantly
improving precision, albeit with substantial computational complexity [8]. Recogniz-
ing this trade-off, transformer-based models such as HRFormer [9], TokenPose [10], and
ViTPose [11] leveraged global self-attention mechanisms, enabling more accurate keypoint
estimation by modeling global contextual relationships. However, these approaches of-
ten introduced even greater computational complexity and parameter demands, making
practical deployment challenging.

To address these efficiency challenges, coordinate classification approaches have
recently emerged, such as SimCC [12], reformulating keypoint localization as a discrete
classification task, significantly reducing the quantization errors inherent in heatmap-based
methods. Building on this paradigm, AECA-PRNetCC further enhanced performance
by incorporating adaptive channel attention mechanisms, thereby achieving a balance
between accuracy and computational efficiency [13].

Despite these improvements, two major issues persist. Firstly, most advanced methods
face a fundamental accuracy–computation trade-off, as higher accuracy typically demands
greater computational complexity, complicating real-world deployment. Secondly, existing
approaches still suffer from precision limitations in localizing keypoints under occlusion
or scale variations, partly due to ineffective local feature refinement and global contextual
reasoning capabilities.

In response, we propose AMFACPose (Attentive Multi-scale Features with Adaptive
Context PoseResNet), a novel framework designed to address these challenges in 2D HPE.
Our model begins with a ResNet structure [14], which we modified by replacing the stan-
dard convolution layers with Coordinate Convolution 2D (CoordConv2d) [15] to preserve
explicit spatial coordinates, as well as by removing the average pooling and fully connected
layers. This design retains the model’s feature-extraction capabilities while reducing com-
putational overhead. We also replace the standard 7 × 7 convolution in the initial layer
with a series of 3 × 3 CoordConv2d layers, each followed by Batch Normalization (BN)
and Mish activation, thereby improving the model’s ability to capture fine-grained features.
Furthermore, throughout the four stages of ResBlocks, we employ Depthwise Separable
Convolutions (DSCs) [16] to further reduce computational costs without compromising
accuracy, separating spatial and pointwise operations into distinct phases.

A key component of our design is the Adaptive Feature Pyramid Network (AFPN),
which replaces computationally expensive deconvolution-based upsampling with an ef-
ficient multi-scale feature fusion strategy. By aggregating feature maps at different res-
olutions, AFPN ensures the robust handling of diverse poses and body sizes without
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incurring the high overhead of traditional upsampling layers. Building on the AFPN,
we introduce Dual-Gate Context Blocks (DGCBs) to refine global contextual information,
which is essential for managing occlusions and cluttered backgrounds. To further enhance
feature representation, our approach incorporates Squeeze-and-Excitation (SE) blocks and
a Spatial–Channel Refinement Module (SCRM). SE adaptively recalibrates channel-wise
feature responses, while SCRM simultaneously optimizes spatial and channel dimensions,
amplifying critical cues. This collaboration of multi-scale aggregation, global context gat-
ing, and attention-based refinement significantly improves the visibility of obscured or
overlapping joints, ultimately producing more accurate and efficient pose estimation. We
adopt a coordinate classification approach instead of generating dense heatmaps. Specifi-
cally, each joint’s feature representation is passed through Multi-Layer Perceptron (MLP)
heads that output discrete horizontal and vertical coordinate estimates, alleviating the
quantization errors typical of heatmap-based pipelines and removing the memory and
computational overhead required for large-scale heatmap generation and post-processing.
This design preserves localization precision while reducing both model size and inference
latency. Unlike previous coordinate classification approaches such as SimCC and AECA-
PRNetCC, our AMFACPose model uniquely combines explicit spatial awareness through
CoordConv2d, multi-scale feature fusion via AFPN, and dual-path attention mechanisms,
delivering superior accuracy while maintaining low computational cost, making it highly
suitable for real-time deployment in resource-constrained environments.

The following three fundamental contributions emerge from this work:

1. We propose a modified ResNet backbone that replaces the standard convolutions
with CoordConv2d and DSC, reducing computational overhead while preserving
strong feature extraction capabilities. To further elevate feature quality, the backbone
incorporates SE blocks and an SCRM, adaptively enhancing critical regions and
channels, which is particularly valuable for partially visible or overlapping keypoints.

2. To eliminate costly deconvolution-based upsampling, we introduce an AFPN that
efficiently aggregates multi-scale feature maps. Building on the AFPN, DGCBs refine
global context, ensuring the robust handling of scale variations, cluttered backgrounds,
and complex human poses across varying resolutions.

3. We validate our AMFACPose model on the COCO and CrowdPose datasets, achieving
notable improvements in both accuracy and efficiency over the existing methods.
Moreover, our model performance on edge devices demonstrates the practicality of
these design choices for deployment in diverse, resource-constrained settings.

The remainder of this paper is organized as follows: Section 2 reviews the key devel-
opments in HPE, situating our work within the existing literature. Section 3 introduces the
proposed AMFACPose framework, detailing each of its core components, including the
modified ResNet backbone and the AFPN with DGCBs. Section 4 explains the experimental
setup, datasets, and implementation specifics. Section 5 presents our empirical findings,
comparing them against SOTA methods on benchmarks such as COCO and CrowdPose.
We also discuss the performance of our model on edge devices in Section 6 and provide
ablation studies in Section 7 to isolate the contributions of each architectural component.
Finally, Section 8 concludes the paper by summarizing our primary insights and suggesting
directions for future research in resource-efficient and high-accuracy 2D HPE.

2. Related Work
DL has substantially transformed 2D HPE by automating feature extraction, lead-

ing to improvements in both accuracy and computational efficiency. Early research ex-
plored regression-based methods for direct keypoint coordinate prediction. Although
these approaches initially faced consistency challenges, the Residual Log-likelihood Es-
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timation (RLE) [17] achieved good performance comparable to leading heatmap-based
techniques. However, these methods continue to face challenges in handling scale varia-
tions and occlusions.

A significant development in 2D HPE occurred with the adoption of two-dimensional
Gaussian heatmaps for joint localization. Initially transforming the coordinate predic-
tion task into heatmap generation [18], these methods achieved greater stability. Further
progress came from architectures like the Stacked Hourglass Network [6], which utilized
symmetric encoder–decoder structures with repeated pooling and upsampling to capture
multi-scale features. However, heatmap-based methods can suffer high computational
costs due to the requirement for dense heatmaps, large upsampling layers, and post-
processing operations such as non-maximum suppression. To alleviate these burdens,
FasterPose [19] introduced a more streamlined design, while Dense layer and Identity block
Parallel Network (IDPNet) [20] implemented lightweight architectural choices targeted
toward resource-constrained deployments.

Despite the accuracy benefits of heatmap-based approaches, quantization errors
remain a persistent issue. These errors arise from discretizing joint locations onto the
heatmap’s pixel grid, which can reduce precision as resolution declines. Various minimiza-
tion techniques have been proposed, including Taylor expansion [21] to refine predictions
around the heatmap peak response, and one-dimensional heatmaps [22], which compress
spatial dimensionality without sacrificing localization quality. Furthermore, recent work
highlights the role of unbiased data processing in reducing systematic bias [23]. Atten-
tion mechanisms, whether spatial and channel-based, also help address occlusions and
cluttered scenes. Examples include spatially oriented channel attention for better joint dis-
cernment [24] and adaptive efficient channel attention for refined feature recalibration [13].

Given the rising demand for real-time and mobile HPE applications, a critical line
of research focuses on designing computationally efficient, accurate architectures. While
high-resolution representation learning [8] preserves spatial detail throughout the network,
it often leads to significant memory overhead. For instance, SimCC [12] reframed HPE to be
compatible with both CNN and Transformer architectures, eliminating the need for dense
heatmap predictions. Building on this, A. Zakir et al. [25] proposed an efficient bridge
attention integration mechanism that enhances feature representation while maintaining
computational efficiency.

An important and emerging direction in HPE focuses on confidence score calibration
and keypoint visibility estimation for robust occlusion handling. Jiang et al. [26] introduced
HPCVNet, which jointly calibrates confidence scores and explicitly classifies keypoint
visibility, achieving a mAP of 77.6 on COCO. In contrast, our method adopts an implicit
occlusion-handling strategy using attention-driven modules such as AFPN and DGCB.
Without requiring auxiliary visibility branches, AMFACPose achieves 76.6 mAP on COCO
and demonstrates strong performance on occlusion-heavy benchmarks such as CrowdPose.
These strategies reflect a distinct approach to handling partial visibility and overlapping
joints in 2D pose estimation.

Building on these developments, we propose AMFACPose, a unified and lightweight
pose estimation framework. Unlike heatmap-based pipelines, AMFACPose employs a
coordinate classification strategy, avoiding deconvolution layers, dense heatmaps, and
post-processing stages. This design achieves a practical balance between high localization
accuracy and computational efficiency, making it well suited for real-world applications
constrained by latency, memory, and power.
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3. AMFACPose
In 2D HPE, the task is to determine the spatial configuration of human body joints,

i.e., keypoints, within an RGB image or video frame [27]. Let the pose P be represented by
N keypoints, each defined by a 2D coordinate (xn, yn). For instance, N = 17 in the COCO
dataset [27]. Formally, for each individual in the input, the goal is to estimate:

P = {(xn, yn)}N
n=1. (1)

To address the challenges of occlusion, scale variation, and excessive computational
overhead, we propose AMFACPose as illustrated in Figure 1. Our approach uses a ResNet34
backbone [14] that we modified by integrating CoordConv2d [15] and DSC [16], producing
an efficient feature extractor that maintains strong spatial representation. Within this
backbone, we incorporate attention modules—SE blocks [28] and an SCRM—to highlight
keypoints, relevant channels, and local features, ensuring robust performance under partial
occlusions or complex scenes. Next, AFPN fuses multi-scale features extracted from the
backbone, retaining both global context and fine-grained details. We then refine these fused
features using DGCBs, which selectively enhance relevant contextual information while
suppressing background noise. Finally, instead of the commonly used heatmap-based
and regression-based approachs, AMFACPose utilizes coordinate classification, thereby
avoiding the computationally intensive generation of dense heatmaps and simplifying
the inference pipeline. The subsequent sections provide an in-depth exploration of each
component, illustrating how AMFACPose successfully balances efficiency with accurate
and robust keypoint localization.

Figure 1. Comprehensive architectural design of AMFACPose for 2D HPE using coordinate
classification.

3.1. Modified ResNet Backbone

Recent pose estimation frameworks, such as HRNet [8], Simple Baseline [7], and
Stacked Hourglass Networks [6], preserve high-resolution feature representations to
achieve precise body–joint localization. Although these high-capacity models attain com-
petitive accuracy, they typically demand substantial computational resources, limiting
real-time deployment on edge devices. Vision Transformers [29] likewise exhibit strong
performance but often face latency challenges due to expensive self-attention operations.

To balance representational power and computational efficiency, we adopt ResNet34
as our backbone. Compared with deeper variants like ResNet50 or ResNet101, ResNet34
retains the skip connections essential for stable gradient flow [30] yet lowers parameter
counts and FLoating-point OPerations (FLOPs). This design offers fine-grained feature
extraction necessary for accurate joint detection without incurring prohibitive overhead.

Figure 2 presents an overview of our modified ResNet34 architecture. We remove
the final average pooling and fully connected layers, preserving spatial detail in deeper
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stages and allowing subtle body part cues to remain accessible. Furthermore, the standard
7× 7 input convolution is replaced by a sequence of 3× 3 convolutions interleaved with
CoordConv2d. Each basic block of the ResNet34 is also enhanced with DSC to reduce
computational complexity while maintaining expressive capacity. This modified backbone
thus strikes a favorable balance between accuracy and real-time feasibility, serving as the
foundation for AMFACPose.

Figure 2. Architecture overview of modified ResNet as feature extractor.

3.1.1. Integration of CoordConv2d for Enhanced Spatial Awareness

The network’s initial stem, as shown in Figure 2, incorporates CoordConv2d to embed
explicit spatial features at the earliest stage. Let X ∈ RB×C×H×W denote the input tensor,
where B is the batch size, C is the channel count, and H, W are spatial dimensions. We first
construct normalized coordinate grids Xcoord, Ycoord ∈ [−1, 1]H×W , providing a consistent
reference frame for each pixel location. Four learnable parameters αx, βx, αy, βy then
adaptively scale and shift these coordinates, as follows:

X′ =
(

X
∣∣ αx Xcoord + βx

∣∣ αy Ycoord + βy

)
∈ RB×(C+2)×H×W . (2)

After concatenation, a standard 3× 3 convolution processes both the original feature
maps and these position-aware channels in tandem.

Algorithm 1 summarizes the key steps of CoordConv2d. By retaining explicit spatial
information, the stem ensures improved joint localization even under occlusions or view-
point shifts. The learnable parameters α and β enable flexible adjustment to variations in
scale and perspective.

Algorithm 1 Coordinate-enhanced convolution layer

1: Input: Feature tensor X ∈ RB×C×H×W

2: Output: Enhanced feature maps X̃
3: Step 1: Coordinate Grid Initialization

Initialize normalized grids Xcoord, Ycoord ∈ [−1, 1]H×W .
4: Step 2: Learnable Parameters

αx, βx, αy, βy are updated by backpropagation.
5: Step 3: Coordinate Transformation

X′coord ← αx Xcoord + βx, Y′coord ← αy Ycoord + βy.
6: Step 4: Feature Concatenation

X′ ←
[
X
∣∣ X′coord

∣∣ Y′coord
]
∈ RB×(C+2)×H×W .

7: Step 5: Convolution
X̃← Conv2D

(
X′
)
.

8: Step 6: Output
return X̃.
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3.1.2. Depthwise Separable Convolutions for Efficiency

Maintaining spatial detail is crucial for pose estimation, yet computational efficiency is
equally important for real-time systems. To address this, each Residual block in ResNet34
replaces the standard 2D convolutions with DSC. In the following equation, a depthwise
step applies a unique spatial filter to each input channel:

Xdepthwise = Conv2Ddepthwise
(
X
)
, (3)

where the total parameter count and FLOPs are significantly reduced. A subsequent 1× 1
pointwise convolution integrates cross-channel information, as follows:

X̃ = Conv2D1×1
(
Xdepthwise

)
. (4)

Within our Residual blocks, skip connections [14] preserve gradient flow across these
separable layers, retaining the ability to learn rich features. When downsampling is needed,
e.g., for stride 2, a lightweight residual path aligns the input and output dimensions
without adding substantial overhead. Integrating CoordConv2d-based positional encoding
and DSC provides a streamlined expressive backbone, striking a strong balance between
accuracy and speed. This backbone then serves as the basis for the subsequent modules
in AMFACPose.

3.2. Adaptive Feature Pyramid Network (AFPN)

Multi-scale feature fusion is central to effective pose estimation, since body parts
can appear at various scales and contextual features may span multiple receptive fields.
Traditional approaches, including feature pyramid networks with top–down pathways [31],
often rely on deconvolution layers or complex lateral connections, which can amplify
computational costs. To address this, we introduce an AFPN that unifies multi-scale
representations while preserving critical spatial details, as illustrated in Figure 3.

Figure 3. Overview of AFPN architecture. Diagram illustrates four ResNet blocks producing multi-
scale feature maps (C1, C2, C3, C4) that are processed through AFPN and DGCB before concatenation
for keypoint feature map generation.

Let {C1, C2, C3, C4} be the feature maps produced by the modified ResNet34 back-
bone at consecutive stages, as shown in Figure 3, each with a distinct resolution. A
1× 1 convolution is applied to each Ci to standardize the channel dimension, as expressed
in the following:

Fi = Conv1×1(Ci) for i ∈ {1, 2, 3, 4}. (5)

For each feature map Fi, we apply a DGCB (detailed in Section 3.3) to generate a refined
feature representation using two learnable masks—a context mask and a gating mask. Both
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masks are generated by small convolutional networks with trainable parameters. Formally,
the DGCB’s refinement is represented as follows:

Ai = DGCB(Fi), (6)

where the DGCB internally performs an element-wise multiplication between the in-
put feature map and the context and gating masks, as further explained in Section 3.3,
Equation (11).

Both Fi and Ai are subsequently upsampled to match the spatial resolution of F4,
where the arrow operator ↑ (·, ·) indicates bilinear interpolation, and size(F4) represents
the height and width of F4, as shown in the following:

F̃i =↑
(

Fi, size(F4)
)
, Ãi =↑

(
Ai, size(F4)

)
. (7)

Each feature map F̃i is then modulated by its corresponding refined representation Ãi,
as follows:

F̃′i = F̃i ⊙ Ãi, (8)

where ⊙ denotes the element-wise product. The refined outputs from all scales,
{F̃′1, F̃′2, F̃′3, F̃′4}, are concatenated and passed through a 1× 1 convolution, as follows:

X = Concat
(

F̃′1, F̃′2, F̃′3, F̃′4
)
, Fout = Conv1×1(X). (9)

The bilinear upsampling in ↑ (·, ·) ensures all features share the same spatial dimen-
sions, enabling their direct combination.

This operation fuses high-level semantics from deeper layers with localized details
from shallower ones, producing a consolidated multi-scale feature tensor Fout that captures
both global context and fine-grained cues.

The AFPN utilizes bilinear interpolation rather than deconvolution to reduce complex-
ity, and it employs our parameterized DGCB to selectively highlight informative features.
This design yields a compact architecture well suited for real-time or resource-limited appli-
cations. The resulting multi-scale representation serves as a foundation for subsequent pose
estimation modules, enabling more accurate keypoint localization under a broad range of
poses and imaging conditions.

The use of bilinear interpolation for upsampling in the AFPN is guided by both theoret-
ical rationale and empirical effectiveness. Bilinear interpolation provides a computationally
efficient, parameter-free method for resizing feature maps, making it particularly attractive
for real-time or resource-constrained scenarios. In contrast to deconvolution, which in-
creases model complexity and may introduce checkerboard artifacts, bilinear interpolation
performs deterministic, smooth upsampling without additional learnable weights.

In our design, the potential limitations of bilinear interpolation, such as informa-
tion loss or aliasing, are addressed through two mechanisms. First, a 1× 1 convolution
(Equation (5)) is applied before upsampling, which helps to suppress high-frequency noise
and standardize channel dimensions. Second, the upsampled features are modulated by
context-aware masks generated from DGCBs (Equation (8)), which selectively enhance
salient regions and suppress irrelevant or noisy activation. This combination preserves
critical spatial cues while maintaining efficiency.

Unlike traditional Feature Pyramid Networks that rely on fixed top–down pathways
for multi-scale feature fusion, the AFPN introduces several architectural enhancements
for more effective scale handling beyond the computational advantages of bilinear in-
terpolation. Conventional FPNs typically apply direct addition or fixed-weight fusion,
which may overlook the relative importance of scale-specific features. In contrast, the

226



Electronics 2025, 14, 2107

AFPN integrates Dual-Gate Context Blocks that generate adaptive, context-aware masks
to selectively emphasize the most informative features at each scale. Additionally, while
traditional FPNs often fuse features sequentially, risking the dilution of fine-grained details
from lower levels, the AFPN employs parallel aggregation followed by concatenation and
fusion, preserving resolution-specific information. These distinctions collectively enable
the AFPN to maintain strong keypoint localization performance across a range of object
sizes and challenging visual conditions, while remaining efficient enough for deployment
in resource-constrained environments.

3.3. Dual-Gate Context Blocks (DGCBs)

HPE frequently encounters ambiguities stemming from partial occlusions, multiple
overlapping individuals, and cluttered scenes. Although previous strategies introduce
GCBs or similar modules to incorporate scene-level features [32,33], most rely on a single
attention mechanism that may not sufficiently separate background noise from body–joint
features. In contrast, our proposed DGCB module learns two distinct masks, a context
mask and a gating mask, that work together to refine feature representations and enhance
joint localization.

Let X ∈ RB×C×H×W be the feature map at a particular scale. A Global Average
Pooling (GAP) operation condenses this tensor to GAP(X) ∈ RB×C×1×1. Two parallel sets
of 1× 1 convolutions with ReLU and sigmoid activations process this pooled descriptor,
as follows:

Mc(X) = σ
(
Wc

2δ
(
Wc

1GAP(X)
))

, Mg(X) = σ
(
Wg

2δ
(
Wg

1GAP(X)
))

, (10)

where δ(·) and σ(·) denote ReLU and sigmoid activations, and Wc
1, Wc

2, Wg
1 , Wg

2 are separate
trainable weights, where c and g represent the contextual and gated information.

Although both branches appear structurally similar, they learn to serve distinct func-
tional purposes through several mechanisms. First, the weight parameters are initialized
independently and updated separately during training, allowing them to evolve toward
different feature spaces. Second, the multiplicative interaction in the final output creates
complementary specialization between branches; the network benefits when each mask
focuses on different aspects of the input features rather than learning redundant informa-
tion. Through this design, the context branch captures high-level global semantics features,
while the gating branch selectively filters these contextual features based on local activation
relevance.

Both masks are broadcast to the shape RB×C×H×W and applied element-wise to
the input, as expressed in the following equation:

X̃ = X⊙Mc(X)⊙Mg(X), (11)

where ⊙ denotes element-wise multiplication.
Each scale in the AFPN incorporates a DGCB to refine features prior to the final fusion

step. Although DGCBs add only two small 1 × 1 convolutions per scale, they minimally
increase computational overhead while substantially boosting keypoint visibility under
occlusions or complex backgrounds. Their design segregates global scene information from
localized gating cues, fostering more resilient pose estimation in cluttered or overlapping
scenarios. A schematic of the DGCB’s internal architecture, illustrating the context mask
and gating mask flow, is provided in Figure 4.
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Figure 4. Architecture of DGCB. Two parallel sets of 1× 1 convolution paths produce a context mask
and a gating mask, each conditioned on the GAP features. These masks are broadcast and multiplied
element-wise with the original input, enhancing relevant body–joint features while suppressing
background interference.

3.4. Attention Mechanisms: Squeeze-and-Excitation and Spatial–Channel Refinement

Channel- and spatial-level attention can enhance the discriminative power of con-
volutional backbones for HPE. The proposed architecture incorporates the following
two supportive modules: the classical SE block [28], which recalibrates feature channels
globally, and a novel SCRM, which jointly emphasizes both channel and spatial dimen-
sions. Although both modules utilize channel-wise weighting, their mechanisms differ
fundamentally. SE blocks use a fully-connected bottleneck structure to capture global
inter-channel dependencies, while the SCRM integrates a lightweight convolutional trans-
formation for channel attention directly fused with spatial attention. These differences
result in collaborative behavior during learning and inference.

3.4.1. Squeeze-and-Excitation (SE) Blocks

Each SE block adaptively re-weights channels based on a global context vector [28], ef-
fectively amplifying body part features and suppressing less relevant activations. Formally,
let X ∈ RB×C×H×W be the incoming feature map. GAP yields z = pool(X) ∈ RB×C×1×1. A
small fully connected (FC) network equivalent to 1× 1 convolutions, equipped with ReLU
and sigmoid activations, has parameters W1, W2, as expressed in the following:

s = σ
(
W2δ(W1z)

)
, (12)

where δ(·) and σ(·) denote the ReLU and sigmoid functions, respectively. The resulting
channel attention vector s ∈ RB×C×1×1 is broadcast and multiplied element-wise with X,
as follows:

X̃ = X⊙ s. (13)

Integrating an SE block after each of the ResNet34 backbone’s four residual blocks
ensures that channel refinements benefit from multi-scale global context. Figure 5 visually
summarizes the main steps of the SE module.
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Figure 5. Architecture of SE Module. SE block applies GAP to each channel, producing a single
descriptor vector. Two FC layers with ReLU and sigmoid activations re-weight channels based on
their global importance, allowing network to emphasize key body part features.

3.4.2. Spatial–Channel Refinement Module (SCRM)

While SE blocks excel at global-channel-level recalibration, local spatial dependencies
are crucial for accurately locating body joints, especially under occlusions. Addressing this
need, our novel SCRM provides a simultaneous refinement of both the spatial and channel
dimensions through a dual-attention mechanism. Let X ∈ RB×C×H×W be the input feature
map. An Adaptive Average Pooling (AAP) operation condenses X to AAP(X) ∈ RB×C×1×1,
which is then transformed into a channel attention vector by a 1D convolution, as shown in
the following:

Xc = σ
(
BN(Conv1D(pool(X)))

)
, (14)

where σ(·) and BN(·) represent the sigmoid and BN functions, respectively. In parallel,
a depthwise 3× 3 convolution with BN and sigmoid activation extracts a spatial atten-
tion mask, as follows:

Xs = σ
(
BN(Conv2Ddepthwise(X))

)
. (15)

Broadcasting both Xc and Xs to RB×C×H×W and multiplying them element-wise with
X yields the following:

X̃ = X⊙ Xc ⊙ Xs. (16)

Although channel attention in SCRM is similar to SE, several critical distinctions
differentiate their functionalities and effects. First, the channel attention generation dif-
fers architecturally. SE uses a bottleneck FC structure, compressing channel dimensions
and modeling global inter-channel dependencies in a non-linear transformation, thereby
capturing abstract relationships among the channels. In contrast, SCRM maintains the
original channel dimensionality via 1D convolution, preserving channel-specific infor-
mation without dimensionality reduction, thereby modeling simpler yet spatially aware
channel relationships.

Second, the most significant distinction lies in the SCRM’s simultaneous integration of
spatial attention, which SE blocks lack entirely. By coupling channel emphasis (Xc) with
spatial filtering (Xs), the SCRM enables the network to focus on which feature channels
matter and where within the spatial field they should be emphasized. This dual opti-
mization is particularly beneficial for the accurate localization of joints under challenging
conditions such as partial occlusions or complex human poses. Unlike sequential attention
methods such as CBAM [33], which apply spatial and channel attention independently
in sequence, the SCRM fuses them in a single step for improved efficiency. Thus, the
global channel recalibration of SE blocks and the combined spatial–channel refinement of
the SCRM provide attention functionalities and collectively improve the robustness and
accuracy of the model. Figure 6 outlines the SCRM’s structure and highlights its combined
spatial–channel approach.
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Figure 6. Overview of SCRM structure. A 1D convolutional layer generates channel attention from
globally pooled features, while a depthwise 3× 3 convolution extracts spatial attention. Multiplying
both attention maps into the original feature refines local body part features and strengthens channel
emphasis, helping to resolve occlusions or overlapping subjects.

3.5. AMFACPose Head and Coordinate Classification

Most HPE frameworks generate heatmaps for each joint and use peak-finding or
regression to extract (x, y) coordinates, which can inflate memory usage and computational
complexity [7,8,24]. In AMFACPose, we replace heatmaps with a coordinate classification
approach that directly predicts discrete (x, y) indices for each joint. This methodology
reduces the overhead of creating high-resolution heatmaps, enabling efficient inference
without compromising accuracy.

3.5.1. Final Feature Reorganization

After passing through the modified ResNet34 backbone, AFPN, and attention modules,
i.e., DGCBs, SE, and SCRM, the network outputs a fused feature map F ∈ RB×C×H′×W ′ ,
where B is the batch size, C is the number of channels, and (H′, W ′) denotes the reduced
spatial dimensions. To enable per-joint classification, the channel dimension C is reshaped
into (N× d), where d represents an embedding size for each joint, as expressed in the
following:

F′ = reshape
(

F, B, N, d, (H′ ×W ′)
)

. (17)

This transformation allocates a dedicated d-dimensional embedding for every joint at
each spatial location, ensuring that subsequent classifiers can learn rich features specific to
each keypoint.

3.5.2. Discrete Coordinate Classification

We discretize the continuous input space (W, H) into Nx and Ny bins along the
horizontal and vertical axes, respectively, as follows:

Nx = W × k, Ny = H × k, (18)

where k ≥ 1 is a scaling factor that controls the granularity of coordinate discretiza-
tion. Each ground-truth joint coordinate (xi, yi) is mapped to a discrete location in
{1, . . . , Nx} × {1, . . . , Ny}.

In our implementation, we adopt k = 2, following the design choice proposed by
Li et al. [12]. This value achieves a strong balance between prediction granularity and
computational efficiency. Larger values of k lead to finer bins, which increase memory and
computation requirements with limited benefit, while smaller values reduce model cost
but introduce quantization artifacts that degrade localization precision.
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For each joint i, the reorganized feature F′i ∈ RB×d×(H′×W ′) is fed into two MLPs
equipped with Mish activation functions, as follows:

pi
x = MLPx

(
F′i
)
∈ RNx , pi

y = MLPy
(
F′i
)
∈ RNy . (19)

where pi
x and pi

y represent discrete probability distributions over the set of possible x- and
y-bins. Algorithm 2 outlines this procedure.

Algorithm 2 AMFACPose: keypoint estimation process

Require: RGB image I of size H ×W × 3
Ensure: Predicted keypoint coordinates {o1

x, o1
y, . . . , oN

x , oN
y } for N keypoints

1: Feature Extraction:
2: Process I through the modified ResNet backbone to obtain fused feature map F of

size (B, C, H′, W ′)
3: Feature Reorganization:
4: Reshape F to F′ of size

(
B, N, d, H′ ×W ′

)

5: Discretization Setup:
6: Let k ≥ 1 be the scaling factor
7: Set Nx = W × k and Ny = H × k
8: for i = 1, . . . , N do
9: Horizontal Classification:

10: pi
x ← MLPx

(
F′i
)

11: Vertical Classification:
12: pi

x ← MLPy
(
F′i
)

13: end for
14: return Keypoint coordinates {o1

x, o1
y, . . . , oN

x , oN
y }

By framing joint location prediction as a classification problem, AMFACPose stream-
lines the output space, bypasses large heatmaps, and simplifies post-processing. The
MLP-based classifiers with Mish activations can learn complex spatial dependencies, ulti-
mately leading to improved localization precision. This framework also reduce memory
usage, making the model more suitable for real-time and resource-constrained scenarios.

3.6. AMFACPose Loss Function: KLDDiscretLoss

Conventional HPE often adopts Mean Squared Error (MSE) [7] or L1-based losses,
which assume continuous error distributions [34]. However, in our coordinate classification
framework, joint positions are discretized into bins along the x- and y-axes, rendering
such regression-focused objectives less optimal. To address this discrepancy, we propose
KLDDiscretLoss, a divergence-based criterion grounded in Kullback–Leibler Divergence
(KLD) [35]. By treating pose estimation as a classification problem, KLDDiscretLoss directly
compares predicted probability distributions with discrete ground-truth distributions,
thereby capturing the inherent uncertainties of joint positions.

A key advantage of KLDDiscretLoss is that it models probability distributions rather
than point estimates. This perspective is particularly beneficial when joint locations are
ambiguous due to scale variations, occlusions, or overlapping body parts. In order to refine
the network’s confidence calibration, we incorporate two additional mechanisms—label
smoothing [36] and temperature scaling [37]. Label smoothing allocates a small fraction
of the ground-truth probability mass uniformly across all coordinate bins, preventing
overfitting and minimizing cases where the network becomes overconfident in a single
discrete location.

Temperature scaling, controlled by a parameter T, modifies the softmax logits by 1
T .

When T > 1, the resulting distributions become softer, reflecting higher uncertainty in
the model’s predictions; when T < 1, the distributions sharpen, forcing the network to
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commit more strongly to specific bins. The temperature value plays an important role
in situations involving occlusion or pose ambiguity. A moderately sharpened output
distribution encourages the model to focus on likely joint locations, improving spatial
localization while still expressing uncertainty. In our experiments, we set T = 0.8, which
we found to provide a favorable trade-off between sharpness and calibration. This choice
was guided by early empirical validation and is consistent with insights from a previous
study on model calibration [37]. It allows the network to remain confident in its predic-
tions without becoming overly rigid or under-responsive in uncertain contexts, such as
occluded joints.

Concretely, let oi
x and oi

y denote the predicted logits for x- and y-coordinates of the
i-th joint, and let gt(oi

x) and gt(oi
y) be the corresponding ground-truth distributions. A

joint-specific weight Wi is assigned to emphasize harder-to-detect keypoints, such as hands
or feet. The KLDDiscretLoss for the i-th joint is given by the following:

Lossi = Wi ×
[

KLD
(

log
[

Softmax
(

oi
x

T

)]
, gt(oi

x)

)
+ KLD

(
log

[
Softmax

(
oi

x
T

)]
, gt(oi

x)

)]
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where Softmax( oi
x

T ) and Softmax(
oi

y
T ) convert the scaled logits into probability distributions.

The total KLDiscretLoss is then computed as the mean across all N joints, as follows:

KLDDiscretLoss =
1
N

N

∑
i=1

Lossi. (21)

Compared to regression-based losses such as SmoothL1 or MSE, KLDDiscretLoss
offers a principled advantage under occlusion. Regression losses penalize deviations
from ground-truth coordinates without accounting for uncertainty, which can result in
overconfident and unreliable predictions for occluded or ambiguous joints. In contrast,
KLDDiscretLoss allows the network to express uncertainty by distributing probability
mass across plausible locations. This soft probabilistic output creates natural error bounds.
If a joint is fully occluded, the prediction can approach a uniform distribution, with the
error exceeding the expected value by up to half the discretization range. Empirically,
this advantage is reflected in our CrowdPose performance, where AMFACPose achieves
65.9 AP in the hard subset, demonstrating robustness in severe occlusion scenarios. Thus,
KLDDiscretLoss provides a more reliable and uncertainty-aware mechanism for keypoint
localization than point-based regression losses.

Our PyTorch-based implementation [38] processes the (x, y) distributions for each
joint independently, facilitating the straightforward integration of label smoothing and tem-
perature scaling in the preprocessing steps. This structure also enables fine-grained control
over which joints receive higher weighting, enabling the model to spend more capacity on
challenging joints or underrepresented body parts. By guiding the network to produce
calibrated probability distributions rather than single-point predictions, KLDiscretLoss
enhances robustness against partial visibility, background clutter, and pose variability.

4. Experimental Setup
4.1. Datasets

We conducted comprehensive evaluations of AMFACPose using two established
benchmarks in HPE—the MS COCO [27] and CrowdPose datasets [39]. These datasets
were selected for their complementary characteristics, enabling a thorough assessment of
our model across diverse scenarios.

The MS COCO 2017 dataset serves as a primary benchmark for HPE evaluation,
containing over 200,000 images with approximately 250,000 annotated person instances.
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Each instance is labeled with 17 keypoints, encompassing facial features i.e., eyes, ears,
nose, and body joints such as shoulders, elbows, wrists, hips, knees, ankles. The dataset is
partitioned into 118,000 training images, 5000 validation images, and a separate test set. MS
COCO’s strength lies in its diversity, featuring varied poses, scales, and occlusions in natural
contexts, thereby providing a robust evaluation framework for model generalization.

On the other hand, the CrowdPose dataset [39] specifically addresses the challenges
of pose estimation in crowded scenarios. Comprising 20,000 images with approximately
80,000 person instances, CrowdPose annotates 14 keypoints per person, focusing on body
joints i.e., shoulders, elbows, wrists, hips, knees, ankles, while excluding facial landmarks.
The dataset is divided into 10,000 training, 2000 validation, and 8000 testing sets. Crowd-
Pose’s distinctive feature is its emphasis on person-to-person occlusions and high-density
scenarios, presenting more challenging conditions than the typical pose estimation datasets.
This characteristic makes it particularly valuable for evaluating our model’s performance
in real-world crowded environments, where accurate pose estimation is crucial yet techni-
cally challenging.

4.2. Evaluation Metrics

Our model’s performance evaluation utilizes the Object Keypoint Similarity (OKS)
metric, which provides a rigorous assessment of keypoint localization accuracy. The OKS
metric quantifies the similarity between predicted and ground-truth keypoint positions
through the following formulation:

OKS =
∑i δ(vi > 0) exp

(
− d2

i
2s2k2

i

)

∑i δ(vi > 0)
(22)

where di represents the Euclidean distance between the predicted and ground-truth po-
sitions for the i-th keypoint, s denotes the person instance scale, ki is a keypoint-specific
normalization constant, and vi indicates keypoint visibility. The indicator function δ(vi > 0)
ensures evaluation focuses exclusively on visible keypoints. We used average precision
(AP) as our primary performance metric, calculated across ten OKS thresholds ranging
from 0.50 to 0.95 in 0.05 increments. This comprehensive range allows for a detailed per-
formance assessment at various precision levels. We specifically report AP50 and AP75

corresponding to OKS thresholds of 0.50 and 0.75, providing insights into the model’s
performance at different precision requirements. Scale-specific metrics APM and APL

evaluate performance on medium- and large-sized instances, respectively. Additionally,
we compute average recall (AR) following similar protocols to AP, offering complementary
insights into the model’s detection capabilities.

For the CrowdPose dataset evaluation, we maintain consistency with MS COCO by
utilizing the same fundamental OKS metric while incorporating additional crowd-specific
measures. These include AP metrics stratified by scene complexity, APeasy , APmedium, and
APhard. Scene complexity classification is determined by the crowding level, computed as
the average Intersection over Union of the ground-truth bounding boxes within each image.
This stratified evaluation framework enables a detailed assessment of our model’s perfor-
mance across varying levels of scene complexity and person-to-person occlusion. Through
this comprehensive evaluation framework, combining standard OKS-based metrics with
crowd-specific measures, we ensure a thorough assessment of our model’s keypoint local-
ization capabilities across diverse scenarios. This approach validates the model’s reliability
in both general and crowded environments, providing a complete understanding of its
real-world applicability.
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4.3. Implementation Details

Our implementation strategy emphasizes training stability, efficient resource utiliza-
tion, and strong generalization for real-world pose estimation. We implemented com-
prehensive data augmentation techniques including random horizontal flips, rotational
variations from −30° to +30°, and scale adjustments from 0.7 to 1.3 [40]. These augmenta-
tions were implemented using the PyTorch 1.12.1 framework, ensuring efficient and reliable
model training.

Training proceeds for 140 epochs, with a batch size of 32 to maintain a balance between
gradient stability and computational throughput. Six parallel data-processing workers
further accelerate input pipelines. The initial learning rate is set to 1× 10−5, enabling
gradual convergence while preventing overshooting of local minima. We used the Mish
activation function [41] in the ResNet, a smooth and non-monotonic alternative to ReLU
that has demonstrated effectiveness in minimizing vanishing gradients [42] and improving
feature extraction in deeper models.

To refine parameter updates and manage regularization, we adopt the AdamW
optimizer [43], which decouples weight decay from the main optimization steps. This
separation grants more precise control over the magnitude of regularization and often
produces better generalization performance [44]. Empirical studies [45] show that AdamW
outperforms classical optimizers in complex tasks by maintaining stable gradients and
resisting overfitting, making it particularly suitable for the challenges posed by dense
keypoint localization.

The full AMFACPose model—which includes the AFPN, DGCBs, and other attention
modules—requires approximately 78 h to converge, while the baseline ResNet34 model
converges in approximately 42 h under the same training schedule. Despite the modest
increase in training time, the additional modules yield significant accuracy gains, justifying
their computational cost.

5. Results and Discussion
This section presents a comprehensive quantitative and qualitative evaluation of the

proposed AMFACPose framework. We first detail its performance on the MS COCO
dataset, highlighting both accuracy and scalability. Subsequently, we examine resource–
efficiency trade-offs and analyze the model’s behavior under congested scenarios using
the CrowdPose dataset. Finally, we provide qualitative examples of the model predictions,
illustrating AMFACPose’s versatility across diverse real-world conditions.

5.1. Performance on COCO Dataset

Table 1 compares AMFACPose with several SOTA 2D HPE models on the MS COCO
dataset, including multiple recent approaches. Utilizing a ResNet34 backbone with an input
resolution of 384 × 288, AMFACPose achieves an AP of 76.6, surpassing coordinate-based
methods such as AECA-PRNetCC, with an AP of 76.0, and SimCC, with an AP of 73.4.
Additionally, AMFACPose marginally outperforms the strong heatmap-based baseline
HRNet-W48, which achieves an AP of 76.3. The method also demonstrates superior
performance compared to recently introduced techniques, such as BR-Pose with an AP
of 75.3, various PCDPose models exhibiting AP scores ranging from 73.5 to 74.3, SDPose
variants achieving AP scores between 73.5 and 73.7, and the CSDNet-m/12 model with an
AP of 75.0. Many of these methods rely on the robust HRNet backbone, emphasizing the
competitive advantage of AMFACPose’s coordinate classification pipeline, which achieves
comparable or superior accuracy without incurring significant computational overhead
from heatmap generation and post-processing.
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Table 1. Quantitative comparison on MS COCO; accuracy metrics across different model architectures
and input configurations.

Model Backbone Input AP AP50 AP75 APM APL AR

Heatmap-based

SimpleBaseline [7] ResNet-50 384 × 288 72.2 89.3 78.9 68.1 79.7 77.6
ResNet-101 384 × 288 73.6 89.6 80.3 69.9 81.1 79.1

HRNet [8] HRNet-W32 384 × 288 75.8 90.6 82.7 71.9 82.8 81.0
HRNet-W48 384 × 288 76.3 90.8 82.9 72.3 83.4 81.2

TokenPose-L/D24 [10] CNN 256 × 192 75.8 90.3 82.5 72.3 82.7 80.6
TokenPose-L/D6 [10] CNN 256 × 192 75.4 90.0 81.8 71.8 82.4 80.4
BR-Pose [46] HRNet-W32 256 × 192 75.3 90.6 82.5 71.7 81.9 80.4
PCDPose-B [47] HRNet-W32 256 × 192 74.3 89.7 81.4 70.8 81.0 79.5
PCDPose-S-V2 [47] HRNet-W32 256 × 192 74.1 89.5 81.1 70.7 81.0 79.3
PCDPose-S-V1 [47] HRNet-W32 256 × 192 73.5 89.6 80.9 69.8 80.9 78.9
SDPose-B [48] CNN 256 × 192 73.7 89.6 80.4 70.3 80.5 79.1
SDPose-S-V2 [48] CNN 256 × 192 73.5 89.5 80.4 70.1 80.3 78.7
CSDNet-m/12 [49] HRNet-W32 256 × 192 75.0 89.9 81.7 71.4 81.9 80.1

Regression-based

PRTR [50]
ResNet-50 384 × 288 68.2 88.2 75.2 63.2 76.2 76.0

ResNet-101 384 × 288 70.1 88.8 77.6 65.7 77.4 77.5
HRNet-W32 384 × 288 73.1 89.4 79.8 68.8 80.4 79.8

Coordinate-based

SimCC [12] ResNet-50 384 × 288 73.4 89.2 80.0 69.7 80.6 78.8
AECA-PRNetCC [13] ResNet34 384 × 288 76.0 92.5 82.4 73.3 80.7 79.0

AMFACPose

ResNet34 384 × 288 76.6 92.6 83.7 73.9 81.2 79.3
ResNet34 256 × 256 75.6 92.6 81.8 72.5 80.2 78.2
ResNet18 384 × 288 73.1 91.6 79.5 70.3 78.0 76.0
ResNet18 256 × 256 72.1 91.5 79.4 69.1 76.7 75.0

A detailed analysis of the threshold-specific metrics reveals strong performances at
both moderate and stricter accuracy levels. Specifically, AMFACPose achieves an AP50 of
92.6 and an AP75 of 83.7. Additionally, the method demonstrates balanced effectiveness
across different object scales, achieving an APM of 73.9 and an APL of 81.2. These results
show the effectiveness of the Adaptive Feature Pyramid Network and the attention modules
in managing subjects of varying sizes and enhancing global and local contextual under-
standing, even under challenging conditions such as partial occlusions or diverse poses. To
further investigate the trade-offs between resource efficiency and accuracy, evaluations with
smaller input resolutions, such as 256 × 256, and lighter backbones, such as ResNet18, were
conducted. These configurations consistently maintain AP scores above 72.0, demonstrating
AMFACPose’s adaptability to varying computational constraints. Notably, the most com-
pact configuration with ResNet18 at a resolution of 256 × 256 still achieves an AP of 72.1,
competitively close to several recent, larger-architecture methods. This adaptability high-
light the practical applicability of AMFACPose, particularly for deployment in real-world
scenarios involving edge devices with limited computational resources.

5.2. Model Complexity and Resource Efficiency

Table 2 presents a comparative summary of AMFACPose alongside recent 2D HPE
models, emphasizing accuracy and computational efficiency. With a ResNet34 backbone
at 384 × 288 input, AMFACPose achieves an AP of 76.6 using only 3.8 M parameters and
5.2 GFLOPs. This reflects a substantial improvement over HRNet-W48, which reports a
slightly lower AP of 76.3 but requires 63.6 M parameters and 32.9 GFLOPs. Compared to
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AECA-PRNetCC, which achieves an AP of 76.0 with 29.0 M parameters and 8.3 GFLOPs,
AMFACPose delivers similar accuracy at a fraction of the computational cost.

Table 2. Model complexity on MS COCO: AP, parameters (M), and FLOPs (G) for leading 2D
HPE methods.

Model Backbone Input AP Params (M) FLOPs (G)

Heatmap-based

SimpleBaseline [7] ResNet-50 384 × 288 72.2 34.0 18.6
ResNet-101 384 × 288 73.6 53.0 26.7

HRNet [8] HRNet-W32 384 × 288 75.8 28.5 16.0
HRNet-W48 384 × 288 76.3 63.6 32.9

TokenPose-L/D24 [10] CNN 256 × 192 75.8 27.5 11.0
TokenPose-L/D6 [10] CNN 256 × 192 75.4 20.8 9.1
BR-Pose [46] HRNet-W32 256 × 192 75.3 31.3 9.0
PCDPose-B [47] HRNet-W32 256 × 192 74.3 13.8 5.2
PCDPose-S-V2 [47] HRNet-W32 256 × 192 74.1 7.7 6.7
PCDPose-S-V1 [47] HRNet-W32 256 × 192 73.5 8.0 4.5
SDPose-B [48] CNN 256 × 192 73.7 13.2 5.2
SDPose-S-V2 [48] CNN 256 × 192 73.5 6.2 4.7
CSDNet-m/12 [49] HRNet-W32 256 × 192 75.0 17.4 6.9

Regression-based

PRTR [50]
ResNet-50 384 × 288 68.2 41.5 11.0

ResNet-101 384 × 288 70.1 60.4 19.1
HRNet-W32 384 × 288 73.1 57.2 21.6

Coordinate-based

SimCC [12] ResNet-50 384 × 288 73.4 36.8 20.2
AECA-PRNetCC [13] ResNet34 384 × 288 76.0 29.0 8.3

AMFACPose

ResNet34 384 × 288 76.6 3.8 5.2
ResNet34 256 × 256 75.6 3.6 3.1
ResNet18 384 × 288 73.1 2.5 3.2
ResNet18 256 × 256 72.1 2.4 1.9

Recent models further highlight AMFACPose’s efficiency. BR-Pose reaches 75.3 AP
with 31.3 M parameters and 9.0 GFLOPs. PCDPose variants yield AP scores from 73.5
to 74.3, with 7.7–13.8 M parameters and 4.5–6.7 GFLOPs. SDPose methods achieve
73.5–73.7 AP with 6.2–13.2 M parameters and 4.7–5.2 GFLOPs, while CSDNet-m/12 reaches
75.0 AP with 17.4 M parameters and 6.9 GFLOPs. In all cases, AMFACPose offers better
accuracy with significantly lower resource requirements, supporting its deployment in
constrained environments.

Further reductions are achieved using ResNet18. At 256 × 256 input, AMFACPose
maintains 72.1 AP with only 2.4 M parameters and 1.9 GFLOPs, showing its adaptability to
low-power applications without severe performance loss.

We also visualize these trade-offs in Figure 7, which plots the AP on the vertical
axis versus model parameters on the horizontal axis. The size and color of each bubble
correspond to FLOPs, and the outline color denotes the underlying methodology, which
are heatmap-based, regression-based, and coordinate-based. As shown, AMFACPose
configurations appear near the lower-parameter, lower-FLOP regions while achieving
competitive accuracy. In contrast, HRNet-W48 occupies a higher-parameter area with
significantly higher computational cost for a similar AP score. These findings point to
the efficacy of AMFACPose’s coordinate classification pipeline and lightweight design
components, making it well suited for resource-constrained scenarios.
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Figure 7. Comparative visualization of model efficiency. Bubbles represent both size and color of
FLOPs, while x-axis shows parameter count, and y-axis depicts AP. AMFACPose with purple outline
maintains high AP with fewer parameters and FLOPs compared to various SOTA models.

While demonstrating significant improvements in computational efficiency, AMFAC-
Pose also introduces several practical trade-offs. The use of DSC and the AFPN substantially
reduces computation to 5.2 GFLOPs, compared to 32.9 GFLOPs in HRNet-W48, while main-
taining competitive AP scores. This design enables real-time performance even on edge
devices such as Jetson platforms, as discussed in Section 6. However, the coordinate
classification strategy, while efficient, involves discretizing the coordinate space, which
may introduce localization limitations for small joints (e.g., wrists or ankles) when high
precision is required. In such cases, high-resolution heatmap regression may provide
better granularity. Moreover, while our approach handles moderate occlusions effec-
tively using attention modules such as DGCBs and the SCRM, it does not incorporate
explicit visibility classification. Competing works such as HPCVNet [26], which achieves
77.6 mAP on COCO, model keypoint visibility directly, offering added robustness in sce-
narios with extreme occlusion or dense overlapping subjects. These trade-offs reflect
the broader goal of balancing accuracy, interpretability, and deployment feasibility in
real-world pose estimation systems.

5.3. Performance on CrowdPose Dataset

We further evaluated AMFACPose on the CrowdPose dataset [39], known for empha-
sizing challenging scenarios involving person-to-person occlusions and complex group
interactions. As detailed in Table 3, AMFACPose utilizing a ResNet34 backbone achieves a
leading AP score of 75.3, along with AP50 and AP75 values of 93.4 and 81.0, respectively.
This performance surpasses established frameworks such as PRTR with an AP of 71.6,
HRFormer with 72.6, and ED-Pose with Swin-L, which achieves 73.1. Furthermore, AM-
FACPose demonstrates higher accuracy than recent methods, including GroupPose with
an AP of 74.1, MAQT with 74.3, and CCAM-Person with 74.4.
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Across varying levels of difficulty, AMFACPose maintains strong performance, re-
porting an APeasy of 82.1 and APmedium of 76.4. This highlights its capability to accurately
estimate poses under moderate occlusions. Although the model yields a slightly lower
APhard of 65.9 compared to CCAM-Person at 66.9 and MAQT at 66.7, it remains highly com-
petitive. These results emphasize the contribution of adaptive multi-scale feature fusion
and dual-gate context blocks in resolving complex occlusions and effectively separating
overlapping human joints.

Our strong performance on CrowdPose’s challenging occlusion scenarios validates
AMFACPose’s approach to occlusion handling through feature enhancement rather than
explicit visibility classification as in HPCVNet [26]. While HPCVNet achieves slightly
higher mAP on COCO (77.6 vs. 76.6), its performance on occlusion-heavy datasets like
CrowdPose has not been established. The combination of multi-scale feature fusion via
the AFPN and contextual refinement through DGCBs in our approach proves particularly
effective for distinguishing overlapping subjects in real-world scenarios.

Altogether, AMFACPose combines high accuracy with low parameter complexity
and reliable performance in crowded visual scenes. The integration of attention-guided
multi-scale processing and a coordinate classification framework makes it particularly well
suited for real-time applications and deployment in embedded environments, where both
precision and efficiency are essential.

Table 3. Performance evaluation of SOTA 2D HPE models on CrowdPose; AP scores across easy,
medium, and hard tiers.

Model Backbone AP AP50 AP75 APeasy APmedium APhard

Sim.Baseline [7] ResNet-50 60.8 81.4 65.7 71.4 61.2 51.2
HRNet [8] HigherHRNet-W48 67.6 87.4 72.6 75.8 68.1 58.9
DEKR [51] DEKR-W48 68.0 85.5 73.4 76.6 68.8 58.4
ED-Pose [52] ResNet-50 69.9 88.6 75.8 77.7 70.6 60.9
PRTR [50] Swin-L 71.6 90.4 78.3 77.3 72.0 65.8
HRFormer [9] HRFormer-B 72.6 89.6 77.2 76.6 73.5 59.5
ED-Pose [52] Swin-L 73.1 90.5 79.8 80.5 73.8 63.8
HDA-Pose [53] YOLOv8 73.7 92.3 77.5 79.8 75.0 66.1
GroupPose [54] Swin-L 74.1 91.3 80.4 80.8 74.7 66.4
MAQT [55] HRNet-S 74.3 91.5 80.5 80.9 74.8 66.7
CCAM-Person [56] YOLOv8 74.4 92.7 78.4 80.4 75.7 66.9
AMFACPose ResNet34 75.3 93.4 81.0 82.1 76.4 65.9

Bold values indicate the proposed method and the best performance in each evaluation metric.

5.4. Qualitative Analysis

Figure 8 depicts representative AMFACPose outputs on the COCO dataset, demon-
strating the framework’s adaptability to diverse poses, occlusions, and environmental
conditions. In high-action sports scenarios such as tennis, the model accurately tracks
rapid limb movements without sacrificing fine-grained joint precision. Outdoor settings,
ranging from skateboarding parks to beach environments, highlight the system’s resilience
to shifting backgrounds, lighting variations, and dynamic body configurations. Even in
multi-person scenes where individuals overlap, AMFACPose reliably distinguishes each
subject’s joints, showing the effectiveness of its multi-scale fusion and gating modules.
These qualitative observations align with the quantitative metrics reported earlier, suggest-
ing AMFACPose’s potential for real-world deployment in applications demanding both
accuracy and computational efficiency.
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Figure 8. Qualitative examples of AMFACPose’s predictions on COCO images under diverse
scenarios, including fast sports movements, overlapping subjects, and challenging lighting conditions.
Results illustrate model’s robustness to occlusions, pose variations, and multi-person interactions.

To further investigate the effectiveness of our proposed DGCB module in handling
occlusion, we visualize attention maps with and without the DGCB enabled. As shown in
Figure 9, we evaluate a sample image where a subject’s hands and shoulders are partially
occluded by flowers. The attention maps indicate that when the DGCB is active, the model
maintains more focused attention on the occluded joints. The difference map (rightmost
panel) highlights the regions where attention increases (red) or decreases (blue), showing
that the DGCB effectively enhances attention near occluded keypoints.

Figure 9. Visualization of DGCB’s effectiveness in handling occlusion. (Left): Original occluded
image. (Center): Attention maps with and without DGCB. (Right): Difference map (DGCB ON–OFF),
showing improved focus in red and decreased attention in blue.

Figure 10 provides a detailed view of the occluded region. Zoomed attention maps
clearly show that the DGCB helps maintain activation on partially hidden body parts. The
additional focus around occluded limbs demonstrates how the DGCB leverages global
context to refine local attention, improving keypoint localization under challenging visibil-
ity conditions.
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Figure 10. Zoomed qualitative analysis of DGCB’s effect on occluded body parts. Top row: Original
image and zoomed region. Bottom row: Attention with and without DGCB, showing stronger
activation on occluded subject’s upper body when DGCB is used.

These qualitative results reinforce our quantitative findings on the CrowdPose bench-
mark and provide visual evidence that DGCBs significantly enhance occlusion robustness
in AMFACPose.

6. Performance and Efficiency Analysis
Figure 11 offers a visual overview of the speed–accuracy trade-offs for 2D HPE models,

highlighting how AP correlates with inference speed on an RTX 3060 GPU. Each marker’s
size denotes the model’s overall performance, while the green-shaded area represents the
“sweet spot”, where a favorable balance of high AP and real-time throughput emerges. AM-
FACPose, with a ResNet34 backbone, resides within this region, emphasizing its ability to
maintain robust accuracy while achieving competitive frame rates. In comparison, alterna-
tive approaches often sacrifice accuracy for speed, or vice versa, reinforcing AMFACPose’s
balanced design.

Table 4 summarizes AMFACPose’s performance across multiple hardware platforms,
including the Jetson Orin Nano-8 at 15 W, Orin NX-8 at 20 W, Orin NX-16 at 25 W, and
two desktop GPUs, which are RTX 4090 and RTX 3060. Using a ResNet34 backbone
with a 384 × 288 input on the Orin Nano-8, this configuration processes each frame in
67.82 ms, corresponding to 14.74 fps. The more powerful Orin NX-16 reduces inference
time to 45.97 ms and yields 21.75 fps. High-end GPUs offer even higher throughput, where
the same setup runs at 6.74 ms per frame, i.e., 148.45 fps, on the RTX 4090 and 9.90 ms,
i.e., 101.04 fps, on the RTX 3060. Reducing the input resolution to 256 × 256 substantially
increases speed, especially on lower-wattage devices. For instance, the ResNet34 variant at
256 × 256 runs at 23.59 fps on the Orin Nano-8, scaling to over 30 fps on the Orin NX-8 and
exceeding 100 fps on the RTX 3060.

Switching to a ResNet18 backbone trades off some precision for even greater efficiency.
At a 384 × 288 input, this lighter configuration processes frames in 43.15 ms with 23.18 fps
on the Orin Nano-8. This improves to 29.64 ms with 33.74 fps on the Orin NX-16, and
further reduces to under 5 ms per frame with 201.10 fps on the RTX 4090. The 256 × 256
variant pushes the fps further across all devices; it reaches 36.02 fps on the Orin Nano-8
and scales to 50.45 fps on the Orin NX-16, while desktop GPUs offer well over 150 fps
with modest sacrifices in accuracy relative to the ResNet34 backbone. These observations
confirm that AMFACPose can flexibly adapt to various computational budgets, ranging
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from highly constrained edge platforms to powerful desktop workstations, while retaining
a competitive balance between speed and precision.

Figure 11. Speed–accuracy trade-offs for various models on RTX 3060 GPU. Each marker’s size
indicates relative performance, and green zone denotes “sweet spot” balancing high AP with fps.
AMFACPose achieves notable accuracy in this region without incurring heavy computational costs.

Table 4. Performance analysis of AMFACPose model across different hardware platforms.

Model Backbone Input AP Orin Nano-8 Orin NX-8 Orin NX-16 RTX 4090 RTX 3060
(15 W) (20 W) (25 W)
ms/fps ms/fps ms/fps ms/fps ms/fps

AMFACPose
ResNet34 384 × 288 76.6 67.82/14.74 52.90/18.90 45.97/21.75 6.74/148.45 9.90/101.04

256 × 256 75.6 42.46/23.59 33.18/30.23 29.28/34.16 6.46/154.80 8.75/114.31

ResNet18 384 × 288 73.1 43.15/23.18 33.05/29.89 29.64/33.74 4.97/201.10 6.75/148.19
256 × 256 72.1 27.76/36.02 22.21/45.03 19.82/50.45 4.85/206.39 6.15/162.53

Table 5 places AMFACPose alongside prominent 2D HPE methods on an RTX 3060.
Even with the ResNet34 backbone, the model obtains 101.0 fps, surpassing the speed of
most competing solutions and matching or outperforming many in accuracy. The ResNet18
setup, although slightly lower in AP at 73.1, pushes throughput to 148.1 fps. Models like
UDP with ResNet152 reach comparable precision but operate at only 6.9 fps, highlighting
AMFACPose’s efficiency advantages. The results of Table 5 are visualized in Figure 11.
Across diverse settings and hardware, these results demonstrate that our architecture
consistently maintains a favorable trade-off between accuracy and real-time usability,
making it a versatile choice for applications that demand both precision and scalability.

241



Electronics 2025, 14, 2107

Table 5. Comparison of AMFACPose with other methods on RTX_3060.

Model Backbone AP GPU–RTX-3060
(fps)

UDP [28] ResNet152 76.2 6.9
HRNetV1 [8] HRNetV1-w32 74.0 10.0
IDPNet-Precision [20] IDPNet-1286 75.3 49.0
IDPNet-Balance [20] IDPNet-1143 73.7 51.0
IDPNet [20] DPNet-1132 72.6 78.0
FastPose [19] LPN-50 68.2 133.0

AMFACPose ResNet34 76.6 101.0
ResNet18 73.1 148.1

7. Ablation Study
A systematic ablation study was conducted to evaluate the contribution of each core

component in AMFACPose. Table 6 reports the results on the MS COCO dataset using
a ResNet34 backbone with an input resolution of 384 × 288. Starting from the baseline,
we incrementally added the AFPN, DGCBs, SCRM, SE blocks, and CoordConv2d layers,
enabling a detailed assessment of both the accuracy and computational cost associated
with each module.

Table 6. Ablation study analysis of performance and computational cost of AMFACPose components
on COCO dataset.

Model Variant AP AP50 AP75 APM APL AR Params (M) FLOPs (G)

Baseline (ResNet34) 72.4 91.3 78.3 69.3 77.3 75.3 3.3 4.7
+AFPN 73.2 91.5 79.3 69.9 78.5 76.3 3.5 5.0
+DGCBs 73.4 91.5 79.9 70.1 78.8 76.9 3.6 5.0
+SCRM 75.4 92.5 82.0 72.6 80.2 78.8 3.6 5.2
+SE 76.3 92.6 82.8 73.0 81.2 79.0 3.8 5.2
+CoordConv2d (Full AMFACPose) 76.6 92.6 83.7 73.9 81.2 79.3 3.8 5.2

The bold is used to highlight our complete proposed method (Full AMFACPose).

The baseline configuration achieves an AP of 72.4 with 3.3 M parameters and
4.70 GFLOPs, serving as the initial reference. Adding the AFPN increases AP to 73.2
while slightly increasing the model size to 3.5 M parameters and 5.0 GFLOPs, demonstrat-
ing the benefit of efficient multi-scale feature aggregation. Introducing DGCBs further
improves AP to 73.4, with parameters at 3.6 M and FLOPs at 5.0, highlighting better
contextual encoding with minimal cost.

A more substantial performance gain comes from integrating the SCRM module,
which increases AP to 75.4 while maintaining 3.6 M parameters and 5.2 GFLOPs. This
shows the effectiveness of joint spatial and channel refinement. The inclusion of SE blocks
lifts AP to 76.3, with a modest increase to 3.8 M parameters and no additional GFLOP cost,
due to lightweight global re-weighting.

Finally, adding CoordConv2d brings the model to its full configuration, achieving an
AP of 76.6, along with 92.6 AP50, 83.7 AP75, 73.9 APM, and 81.2 APL. The model remains
compact with 3.8 M parameters and 5.2 GFLOPs.

Importantly, this analysis directly addresses concerns about the integration of mul-
tiple attention mechanisms. Across the entire architecture, AMFACPose improves AP
by 4.2 while increasing parameter count by just 0.5 M and computation by 0.5 GFLOPs.
These results confirm that the proposed modules—the AFPN, DGCBs, SCRM, and SE
blocks—work collaboratively and efficiently, making the full model highly suitable for
real-time and resource-constrained environments.
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8. Conclusions and Future Work
This paper presents AMFACPose, an efficient architecture for 2D HPE that addresses

key challenges in scale variation and occlusion while maintaining minimal computational
requirements. Through the integration of specialized components—the AFPN, DGCBs,
SE blocks, and SCRM—our coordinate-based classification approach achieves high local-
ization accuracy without the computational overhead typical of heatmap-based methods.
Extensive evaluations on the COCO and CrowdPose datasets demonstrate AMFACPose’s
effectiveness, outperforming state-of-the-art approaches while maintaining significantly
lower parameter counts and faster inference speeds across various hardware platforms.
The architecture’s adaptability is particularly evident in its consistent performance across
resource-constrained edge devices and high-performance GPUs.

Despite its advantages, AMFACPose—like most vision models—may experience
performance degradation under extreme conditions such as low-light environments or
severe motion blur. Addressing these limitations requires future extensions that integrate
spatiotemporal information or leverage cross-modality learning. We also acknowledge the
ethical implications of pose estimation technologies, particularly in surveillance contexts,
where privacy concerns are critical. Responsible deployment must be guided by transparent
governance, informed consent, and equitable data representation to avoid bias and ensure
fairness across demographic groups.

Future research directions include extending AMFACPose to 3D pose estimation and
multi-view configurations, integrating temporal information for dynamic motion analysis,
and developing domain adaptation techniques for limited-data scenarios. Additional focus
will be placed on power-optimization strategies for embedded and mobile deployments,
further enhancing the model’s practical utility in resource-constrained environments.
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Abstract: Owing to the rapid increase in the amount of legal text data and the increasing de-
mand for intelligent processing, multi-label legal text recognition is becoming increasingly
important in practical applications such as legal information retrieval and case classification.
However, traditional methods have limitations in handling the complex semantics and
multi-label characteristics of legal texts, making it difficult to accurately extract feature
and effective category information. Therefore, this study proposes a novel multi-head
hierarchical attention framework suitable for multi-label legal text recognition tasks. This
framework comprises a feature extraction module and a hierarchical module. The former
extracts multi-level semantic representations of text, while the latter obtains multi-label
category information. In addition, this study proposes a novel hierarchical learning opti-
mization strategy that balances the learning needs of multi-level semantic representation
and multi-label category information through data preprocessing, loss calculation, and
weight updating, effectively accelerating the convergence speed of framework training. We
conducted comparative experiments on the legal domain dataset CAIL2021 and the general
multi-label recognition datasets AAPD and Web of Science (WOS). The results indicate
that the method proposed in this study is significantly superior to mainstream methods
in legal and general scenarios, demonstrating excellent performance. The study findings
are expected to be widely applied in the field of intelligent processing of legal information,
improving the accuracy of intelligent classification of judicial cases and further promoting
the digitalization and intelligence process of the legal industry.

Keywords: multi-head hierarchical attention; multi-level learning optimization strategy;
legal text; multi-label recognition

1. Introduction
Legal text classification falls under the category of text hierarchical multi-label classi-

fication tasks. As a subtask within the natural language processing (NLP) field, general
text hierarchical multi-label classification aims to assign labels to texts based on a given
label hierarchy, where each input text can correspond to multiple different labels structured
hierarchically. Multi-label hierarchical text classification plays a significant role in various
domains, such as news categorization, legal applications, and document management,
owing to its alignment with real-world application requirements [1,2]. Unlike traditional

Electronics 2025, 14, 1946 https://doi.org/10.3390/electronics14101946
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flat classification methods, hierarchical multi-label classification tasks require capturing the
associations between texts and categories, as well as taking into account the hierarchical
relationships and correlations between categories. However, increasing the number of
categories and hierarchical levels introduces challenges such as an imbalanced sample
distribution and semantic similarity between hierarchical labels [3,4], further complicating
the task.

Legal text classification tasks exhibit distinct characteristics compared with traditional
multi-label text classification, including stronger semantic reasoning logic embedded in
labels and limited labeled samples. Identifying these labels requires contextual semantic
analysis combined with factual content and underlying legal logic, further increasing task
complexity. An example of a legal text classification task is shown in Figure 1. For a factual
description of a loan relationship case, the deep-level labels (level-3) include “joint liability
guarantee, scope of guarantee, other costs for realizing creditor’s rights, guarantee period,
attorney fee”. The intermediate-level labels (level-2) are “guarantee, scope of guarantee,
other costs, period of duty guarantee, other costs”, while the shallow-level labels (level-1)
comprise “guarantee, guarantee, calculation of private lending principal, ’statute of limita-
tions, period of duty guarantee, exclusion period’, calculation of private lending principal”.
Here, the level-3 labels “joint liability guarantee” and “scope of guarantee” both fall under
the level-1 category “guarantee”, whereas the level-3 label “guarantee period” belongs to
the level-1 category “statute of limitations, period of duty guarantee, exclusion period”.
Although “joint liability guarantee”, “scope of guarantee”, and “guarantee period” all
appear to relate to “guarantee” on the surface, legally, they belong to two distinct categories.
Accurate classification requires literal interpretation and precise legal semantic analysis.

Figure 1. The task of multi-label recognition of legal text.

Scholars have dedicated efforts to exploring efficient and accurate hierarchical text
classification methods to address the aforementioned challenges. Several studies have
proposed model design strategies incorporating hierarchical structures to tackle issues
such as class imbalance and hierarchical relationship modeling. Zhou et al. [5] employed
directed graphs to represent hierarchical labels and used a hierarchy-sensitive structural
encoder to model labels, effectively integrating hierarchical label information into text and
label semantics. Chen et al. [6]’s hierarchy-aware semantics matching network (Hi-Match)
performs representation learning on texts and hierarchical labels, using separate text and
label encoders to extract semantic features. The model then calculates correlations between
text and label embeddings within a joint semantic embedding space to identify multi-label
types, defining distinct optimization objectives based on the two representation vectors to
enhance hierarchical multi-label text classification performance. However, these methods
suffer from insufficient semantic representation of label hierarchies and the inability to
resolve imbalanced sample distribution. An increasing number of researchers have re-
cently adopted contrastive learning approaches to optimize hierarchical label semantic
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representation and address sample distribution imbalance. Zhang et al. [7] introduced a
hierarchy-aware and label balanced model (HALB), which utilizes multi-label negative
supervision to push text representations of samples with different labels further apart.
In addition, to mitigate label imbalance in hierarchical text classification, asymmetric loss is
applied to compute classification loss, enabling the model to focus on learning from difficult
samples and balance the contribution of positive and negative labels to the loss function.

Furthermore, scholars have improved classification performance by optimizing multi-
label semantic representations [4], augmenting negative samples [8], or incorporating
external knowledge [3,9] to further enhance the accuracy of multi-label recognition.
Chen et al. [3] proposed a few-shot hierarchical multi-label classification framework based
on ICL and LLM, leveraging contrastive learning to accurately retrieve text keywords from
a retrieval database and improve hierarchical label recognition accuracy. However, these
approaches primarily address either imbalanced sample distribution or hierarchical se-
mantic representation issues individually, failing to resolve both challenges synchronously.
Zhang et al. [4] combined multi-label contrastive learning with K-nearest neighbors (MLCL-
KNN), enabling text representations of sample pairs with more shared labels to be closer
while separating pairs without common labels. Zhou et al. [5] designed a hierarchical
sequence ranking (HiSR) method to generate diverse negative samples that maximize
contrastive learning effectiveness, enhancing the ability of the model to distinguish fine-
grained labels by emphasizing differences between true labels and generated negatives.
Feng et al. [9] categorized external knowledge into micro-knowledge (basic concepts associ-
ated with individual class labels) and macro-knowledge (correlations between class labels),
using them to improve discriminative power in text and semantic label representations.

This study addresses these limitations and capitalizes on the advantages of prototype
networks in handling imbalanced sample distributions by proposing a multi-label recog-
nition method for legal texts based on hierarchical prototypical networks. In particular,
we employ the Sentence-BERT model [10] to obtain a unified long-text embedding vector
representation. A hierarchical prototype network architecture is designed for multi-level
label recognition, in which a hierarchical prototype structure is constructed according to
the data label levels and relationships. In addition, a hierarchical prototype network loss
function is proposed. By integrating inter-layer correlation information between labels
and prototypes at different levels, the method achieves unified optimization of cross-level
prototype parameters within the prototype network, thereby enhancing the accuracy of
multi-level label recognition under conditions of uneven sample distribution.

The main contributions of this article are as follows:

(1) We propose a new multi-head hierarchical attention framework suitable for multi-
label legal text recognition tasks, which mainly comprises a feature extraction module
and a hierarchical module. The feature extraction module is mainly used to extract
multi-level semantic representations of the text, while the hierarchical module is used
to obtain multi-label category information.

(2) We propose a novel hierarchical learning optimization strategy that considers multi-
level semantic representation and multi-label classification information learning
requirements through data preprocessing, loss calculation, and weight updating,
effectively improving the convergence speed of framework training.

(3) We conduct comparative experiments on the legal domain dataset CAIL2021 and the
general multi-label recognition datasets AAPD and Web of Science (WOS). The experi-
mental results show that the proposed method is significantly superior to mainstream
methods in legal and general scenarios.
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2. Related Work
2.1. Multi-Label Representation

The prototype neural network [11] utilizes neural networks to project inputs into a
latent embedding space, where multiple reference points (class prototypes) are defined.
The model improves classification accuracy by optimizing the mapping function and
prototype representations. During inference, the Euclidean distance between the input
embedding and each class prototype is computed to assign labels.

Prototype neural networks have demonstrated robust performance in few-shot clas-
sification tasks, particularly in image classification [11] and open-domain problems [12].
Their applications in NLP include entity recognition [13], text classification [14], and re-
lation extraction [15,16]. In multi-intent recognition, Luo et al. [17] introduced an intent
fusion feature extraction mechanism and an intent separation mechanism to eliminate
irrelevant noise, thereby improving multi-label classification. Xian et al. [18] employed
a single-layer recurrent neural network to generate text vector representations, further
refining classification performance via a mean-value prototype neural network.

While current hierarchical multi-label recognition methods effectively capture label
dependencies, they remain less effective in handling long-tail distributions. Conversely,
prototype learning methods exhibit strong robustness in few-shot multi-label classification
but lack adequate modeling of hierarchical labels. We attempt to bridge this gap by
proposing a hierarchical prototype neural network that integrates hierarchical multi-label
learning and prototype-based classification, enhancing accuracy in hierarchical multi-
label recognition.

2.2. Multi-Label Text Recognition

Multi-label recognition of legal texts represents a specialized subdomain within multi-
label classification, necessitating the precise identification of domain-specific terminolo-
gies and hierarchical structures from lengthy legal documents. Compared with general
multi-label recognition tasks, legal text classification is distinguished by its strict sentence
structures, systematic semantic tagging, specialized domain-specific terminology requiring
expert interpretation, and long-tailed data distributions. These characteristics render legal
text classification more challenging and complex than general tasks. Current research
in this domain can be categorized into three primary approaches based on hierarchical
traversal methods: flat methods, local methods, and global methods.

The flat method simplifies the hierarchical multi-label classification problem into a
standard multi-label classification task. This approach assumes mutual independence
between labels at different hierarchical levels, flattening them into a single-layer label
prediction or focusing solely on terminal-level label prediction. For instance, Peng et al. [19]
integrated TextCNN, RNN, and attention-based capsule networks to optimize classification
networks for multi-label tasks. Liu et al. [20] proposed XML-CNN, which incorporates
bottleneck layers and dynamic max-pooling to enhance hierarchical label recognition.
However, this assumption disregards the inherent hierarchical structure of legal labels.
In addition, the resulting label predictions fail to capture inter-label hierarchical dependen-
cies, yielding suboptimal practical classification accuracy.

The local method utilizes independent classifiers for different hierarchical levels,
progressively predicting labels from lower to higher levels. For instance, Cai et al. [21]
developed a hierarchical support vector machine (HSVM) that constructs separate SVM
classifiers for each level and integrates discriminant functions to maintain hierarchical con-
sistency. Cerri et al. [22] utilized multiple neural networks independently trained through
transfer learning to enhance hierarchical classification. Wehrmann et al. [23] introduced
a hierarchical multi-label classification network (HMCN) that jointly models local clas-
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sification dependencies and global hierarchical information, optimizing classification at
local and global levels. However, this method propagates classification errors from lower
levels upward, increasing uncertainty in higher-level predictions. In addition, it amplifies
erroneous predictions at intermediate levels, leading to a gradual decline in prediction
accuracy as the hierarchy ascends, an undesirable phenomenon in which classification
performance deteriorates progressively across hierarchical tiers.

Global methods typically involve a single classifier that fully integrates hierarchi-
cal category information into the classification process, designing optimization strategies
to capture hierarchical label relationships and enabling direct prediction of hierarchical
labels [24]. Zhou et al. [5] proposed the hierarchy-aware global model (HiAGM) for hi-
erarchical label prediction, which combines a bidirectional tree long short-term memory
network (Bi-TreeLSTM) with a graph convolutional network (GCN) to model label hierar-
chical relationships. Chen et al. [6] developed a Hi-Match network that models text and
hierarchical multi-label semantics. They transformed label recognition into a semantic
matching problem, incorporating hierarchical information by calculating the semantic
similarity between texts and hierarchical labels. As such, they achieved hierarchical label
identification. Deng et al. [25] addressed the long-tail distribution challenge of last-level
labels by proposing the HTCinfoMax model, which introduces text-label mutual informa-
tion maximization and prior label matching to filter irrelevant information. Zhang et al. [4]
developed MLCL-KNN to further optimize semantic representations across different hier-
archy levels, designing a label contrastive learning method that pulls text representations
of sample pairs with more shared labels closer while pushing pairs without common labels
apart. During inference, KNN retrieves nearest neighbor samples to enhance multi-label
recognition accuracy. Furthermore, Zhang et al. [7] and Zhou et al. [8] improved semantic
label discriminability using negative sample augmentation and sibling label contrastive
learning, respectively, to boost hierarchical label recognition performance. Nooten et al. [26]
explored the effects of label-aware loss and contrastive loss in Euclidean and hyperbolic
spaces on hierarchical label semantic representations.

3. Methods
3.1. Problem Description

Legal text multi-label recognition falls under hierarchical multi-label classification,
where the objective is to identify hierarchically structured legal labels from a given fac-
tual description. The set of all multi-labels forms a hierarchical structure, defined as
C =

(
C1, C2, · · · , CH)

, where H represents the depth of the hierarchical label structure.

The classification set of the i-th layer is denoted as Ci = {c1, c2, · · ·} ∈ {0, 1}|Ci|, and
∣∣Ci

∣∣ is
the total number of labels at that level. The hierarchical structure T resembles a forest in
data structures, where the depth of the label hierarchy corresponds to the depth of trees
in the forest, each parent node may correspond to multiple child nodes, and a child node
belongs to only one parent node.

The formal definition of the legal text multi-label recognition problem is as follows:
Let D denote the dataset containing N data samples

D = {(X1, Y1), (X2, Y2), · · · , (XN , YN)} (1)

where Xi represents the input legal text comprising L words:

Xi = {w1, w2, · · · , wL} (2)
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Yi denotes the corresponding hierarchical multi-label set, where

Yi = {y1, y2, · · ·, yH}, yi ⊂ Ci and Yi ⊂ T (3)

Let the multi-label recognition model be Ω, then the legal text multi-label recognition
task can be represented as a classification model Ω learned using the sample set D and
hierarchical structure T that can predict the multi-label set for legal text Yi corresponding
to the input text.

Ω(Xi, θ)→ Yi, Yi ⊂ T (4)

where θ is a parameter of model Ω.

3.2. Multi-Head Hierarchical Attention Framework

The overall framework of the legal text multi-label recognition model based on the
hierarchical prototype neural network proposed in this study is shown in Figure 2. This
framework comprises two parts, the feature extraction module on the left and the hier-
archical module on the right. The feature extraction module mainly comprises a vector
encoder and a multi-head attention layer. The text sentence vector encoder is responsible
for encoding the input text to generate an initial sentence vector, which serves as the seman-
tic representation of the text while preserving contextual dependencies and key semantic
features. Subsequently, multiple multi-head attention layers are used to hierarchically
represent sentence vectors, enabling the extraction of semantic representations at each level.
The hierarchical module calculates the semantic distance between different levels and their
corresponding prototype representations for multi-level label recognition. Figure 2 shows
a scenario with three label levels, corresponding to the legal dataset (CAIL2021). The subse-
quent description of the method is based on this three-layer label structure. The model can
be extended to accommodate different depths of hierarchical labels (e.g., 2 layers, 4 layers).
Depending on the label hierarchy of the target task, the depth of the feature extraction layer
and prototype network in the model can be adjusted accordingly. Model parameters are
optimized by calculating the loss function.

Figure 2. Overall Framework.
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3.3. Feature Extraction Module

This study effectively extracts the multi-level semantic representation from the input
legal text by utilizing the Sentence-BERT model [10] to obtain the initial sentence vector E
from the input text {w1, w2, · · · , wN}. Sentence-BERT is a supervised sentence embedding
model that extends the BERT architecture by incorporating a mean pooling layer, enabling
the extraction of fixed-length sentence embeddings. By leveraging a Siamese network
architecture, it compares semantic embeddings of input text with manually annotated
reference samples, optimizing model parameters using a contrastive learning strategy. This
process enhances the semantic representation capacity of sentence vectors.

Multi-head attention mechanisms are utilized to extract hierarchical semantic informa-
tion at different levels to align with the multi-level label structure [27]. Each multi-head
attention layer captures semantic features at increasing depths, thereby enabling progres-
sive abstraction of textual representations. Given a three-level hierarchical label structure,
the multi-level sentence vector representation is computed as follows:





H1 = Multihead(E)
H2 = Multihead(H1)

H3 = Multihead(H2)

(5)

where H1, H2, and H3 denote sentence vector representations at three different hierarchical
depths while Multihead(·) represents the transformation function applied at each level,
implemented using multi-head attention mechanisms.

3.4. Hierarchical Module

Conventional prototype neural networks typically employ a single-layer structure,
which fails to capture hierarchical relationships between label classes, leading to suboptimal
recognition accuracy. This study overcomes this limitation by proposing a hierarchical
prototype neural network model that incorporates a transition matrix to define prototype
transitions between adjacent hierarchical levels. The model simultaneously optimizes
prototype parameters across all hierarchical levels, ensuring global optimization of multi-
label classification.

The hierarchical prototype representations are formally defined as follows:

P = {P1, P2, P3}
=

{{
ml1

1k, ml1
2k, · · · , ml1

xk

}
,
{

ml2
1k, ml2

2k, · · · , ml2
yk

}
,
{

ml3
1k, ml3

2k, · · · , ml3
zk

}} (6)

where l1, l2, and l3 correspond to the prototype parameters at three different hierarchical
depths, x, y, and z represent the number of prototype labels at each respective level,
and k denotes the number of prototypes under each prototype label.

Let A denote the connection matrix between the prototype parameters of the first
and second levels, with a dimensionality of y× x. Aij represents the connection between
the i-th prototype parameter in the first level and the j-th prototype parameter in the
second level. If the j-th prototype parameter in the second level corresponds to the i-th
prototype parameter in the first level, the value is 1; otherwise, it is 0. B denotes the
connection matrix between the prototype parameters of the second and third levels, with a
dimensionality of z× y. The equations for calculating the prototypes at different levels are
given as follows:

P2 = A · f (P1) (7)

P3 = B · f (P2) (8)
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f (·) represents the transformation operation between prototypes at different levels. The cal-
culation of prototype parameters is implemented using an attention mechanism layer, and a
mean pooling layer is applied to process the parameter calculation results. This stabilizes
the distribution of prototype parameters and enables the model to converge quickly.

3.5. Hierarchical Label Classification

Traditional prototype neural networks are primarily designed for single-label classi-
fication tasks, where they compute the distance between the feature representation and
multiple prototypes and assign the class of the nearest prototype to the input data. The clas-
sification process is defined as follows:

x ∈ class arg
C

max
i=1

gi(x) (9)

gi is the discriminant function corresponding to the i-th class:

gi(x) = −
K

min
j=1

∥∥Ω(Xi; θ)−mij
∥∥2

2 (10)

In addition, gi can also represent the matching value of sample x to the i-th class.
However, multi-label recognition tasks require assigning zero or more labels to a

single sample, making the minimum-distance approach unsuitable as it is inherently
limited to single-label classification. Yang et al. [12] sought to address this by proposing a
distance-based prototype neural network for hierarchical multi-label classification. Their
method computes distances between hierarchical multi-labels and prototypes, introducing
a threshold-based decision mechanism; no label is assigned if the minimum prototype
distance of a sample exceeds a pre-defined threshold. However, the sample is assigned all
corresponding labels if the distance to at least one prototype falls below the threshold. For
a sample x, which does not correspond to any label,

C
max
i=1

gi(x) < threshold (11)

For a sample x corresponding to one or more labels, the label set is defined as follows:

{i;
K

min
j=1

∥∥Ω(Xi; θ)−mij
∥∥2

2 > −threshold, i ∈ (1, 2, 3, ..., C)} (12)

Parent–child constraints are applied to ensure hierarchical consistency, enforcing struc-
tural dependencies by considering only prototype distances within the same hierarchical
parent–child relationships.

3.6. Loss Function

Traditional single-label classification employs loss functions such as DCE [12] and
OVA [28], which optimize the distance between text embeddings and prototype rep-
resentations. However, these methods are incompatible with multi-label classification,
as they do not account for multi-label assignments. This study introduces a hierarchical
cross-entropy loss function that optimizes text embedding representations and prototype
parameters to address this limitation, ensuring compliance with the multi-label constraints
in Equation (12).

For an input xi, the multi-level text vector representation is computed, followed by
confidence-level estimation for each prototype class, as follows:

ŷl1 = max
k

(
σ
(

λd
(

Ωl1(xi; θ), ml1
ik

)))
(13)
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where σ represents the sigmoid function, and d is the distance function (using cosine
similarity). During the calculation, the maximum distance between the text vector repre-
sentation and the model distance within the same class is taken as its confidence level value
with respect to the current class. The loss function for the model output at the current level
and its corresponding prototype is defined as follows:

lossl1 = −
(

yl1 log
(

ŷl1
))
−

(
1− yl1

)
log

(
1− ŷl1

)
(14)

The losses of the model are obtained by summing the three levels of losses as follows:

Loss = lossl1 + lossl2 + lossl3 (15)

3.7. Implementation Details

All experiments were conducted on a high-performance computing server running
CentOS 7.6. The system specifications include two RTX-TITAN 24 GB GPUs and eight 32
GB memory modules. The experimental environment was set up under the PyTorch 1.7.1
framework, utilizing the transformers model library [29], with Python version 3.7.6.

For the CAIL2021 dataset, the model employs the three-layer hierarchical structure
described above. For the AAPD and WOS datasets, which have label depths of two
layers, we modify the feature extraction and hierarchical modules to align with this label
hierarchy. In particular, the multi-layer sentence representation is restricted to H1 and H2,
the hierarchical prototype representation is defined as P = {P1, P2}, and the loss function
is optimized as Loss = lossl1 + lossl2.

During the training process, the data in the training samples were first preprocessed.
Legal text data typically exhibits strong structural characteristics and considerable length.
In our actual training procedure, we processed the data from the training samples of
the CAILl2021 dataset as follows: (1) Based on the characteristics of legal data and label
types, we segmented the lengthy document data, retaining only key sections such as the
trial process, the appellant’s claim, the respondent’s defense, and the court’s findings.
In addition, excessively long sentences within the training samples were truncated to
improve processing efficiency. (2) Sentences and labels in the factual description section
were extracted separately and treated as independent data entries. Finally, we constructed
a corresponding label set for the samples according to the number of model labels, thereby
obtaining all the required training sample data.

This study employs the AdamW optimizer with weight_decay set to 0.001, a mini-
batch size of 8, and an initial learning rate of 1e-8. In addition, a warmup strategy was
adopted to adjust the learning rate.

4. Experimental Results
4.1. Datasets and Evaluation Criteria

We utilized the CAIL2021 case label prediction dataset [30] as the primary experi-
mental resource to validate the effectiveness of the proposed hierarchical prototype neural
network. The labels in the CAIL2021 case label prediction task dataset are curated by legal
experts and represent factual labels for private lending cases. These labels are applied
to publicly available judgment documents, constructing a case label prediction dataset.
The CAIL2021 dataset comprises 2496 legal text samples, with labels categorized into three
hierarchical levels, classified as evidence, private lending relationships, contract parties,
and contract performance. The number of label types at each level is 11, 75, and 234.
The dataset is split into training, validation, and test sets in an 8:1:1 ratio, respectively,
with an average of 7.6 labels per sentence.
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Considering the limited sample size in the CAIL2021 dataset and the current unavail-
ability of other legal multi-label recognition datasets, we also selected the WOS [31] and
AAPD [32] datasets to supplement our validation of the effectiveness of the proposed
model for general-level multi-label classification tasks. Despite the relatively shallow depth
of the label hierarchy in these two datasets (comprising only two levels), the abundance of
labels and samples within them provides an effective supplementary means to assess the
capabilities of the model in multi-label classification tasks, particularly under conditions
characterized by a high number of labels and uneven sample distribution. The detailed
distribution of the three benchmark datasets is presented in Table 1, while the distribution
of sample counts across different labels is illustrated in Figure 3. The sample distributions
in these datasets vary significantly, enabling an effective evaluation of the performance of
the model under conditions of uneven sample distribution.

Table 1. Dataset statistics.

Datasets Label Total
Quantity Label Depth Label

Quantity Training/Validation/Test

CAIL2021 320 3 11/75/234 1996/250/250
WOS 141 2 7/134 30,070/7518/9397

AAPD 61 2 9/52 5380/1000/1000
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Figure 3. Distribution of samples with different labels in the dataset.

The study assessed model performance using micro-F1 and macro-F1, which are
widely used in multi-label classification tasks [33]. Micro-F1 is a micro-averaging algorithm
that focuses more on the overall classification performance, while macro-F1 is a macro-
averaging method that emphasizes the classification performance of each individual class.

4.2. Experimental Results

We evaluated the performance of the proposed hierarchical prototype neural network
by comparing it with general deep learning models, including TextRCNN [5], BERT [6],
and SGM [32], as well as the top-performing model from the CAIL 2021 competition
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Phase-1. Since Micro-F1 was the primary evaluation metric used in the competition,
the experimental results for the CAIL2021 dataset are summarized in Table 2.

Table 2. Experimental results of CAIL2021 dataset.

Model Accuracy Recall Rate Micro-F1

TextRCNN 73.32 37.18 49.34
BERT 72.72 42.62 53.74
SGM 63.29 48.22 54.74

CAIL 2021-Top1 57.40 53.00 55.10
Method in this study 67.57 56.06 61.28

To demonstrate the effectiveness of the proposed method, we conducted a rigorous
evaluation of the statistical significance of the performance improvement. Specifically,
the CAIL2021 dataset was randomly partitioned into training, validation, and test sets
in an 8:1:1 ratio. Subsequently, five independent random experiments were carried out,
and the results are summarized in Table 3. A paired samples t-test was employed to
perform significance analysis. Using the experimental data, we evaluated the significance
of differences between the proposed method and the micro-f1 means of TextRNN, BERT,
and SGM. The detailed significance analysis is presented in Table 4. As shown in Table 4,
the performance improvement of the proposed method is statistically significant (p < 0.05)
compared to other attention-based models. These evaluation results indicate that our
method exhibits substantial advantages over alternative approaches.

Table 3. Results of Models on CAIL2021 datasets.

Models Micro-F1

TextRCNN 49.34 49.28 49.31 48.93 49.19

BERT 53.74 52.88 53.66 53.23 52.59

SGM 54.74 53.95 54.02 54.61 53.71

Ours 61.28 61.27 61.13 61.07 60.53

Table 4. Significance analysis of the performance improvement of the proposed model compared to
other models.

Models TextRCNN Ours BERT Ours SGM Ours

µ(%) 49.21 61.06 53.22 61.06 54.21 61.06
σ 0.028 0.095 0.244 0.095 0.199 0.095

n 5 5 5
ρ 0.284 0.671 0.579
∆ 0 0 0
d f 4 4 4

tStat −86.78 −47.72 −41.78
P(T < t) 5.29 × 10−8 5.77 × 10−7 9.81 × 10−7

t 2.132 2.132 2.132

The experimental results demonstrate that the proposed method significantly en-
hances multi-label recognition performance. Compared with the top-performing model in
the CAIL 2021 competition, our approach achieves a 6.18% improvement in the micro-F1
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score, substantially outperforming commonly used deep learning models for this task.
This suggests that our method effectively captures core semantic information within hi-
erarchical levels while better integrating cross-layer semantic relationships, ultimately
yielding superior results. A rigorous comparative evaluation was performed between the
conventional binary cross-entropy (BCE) loss function and our novel optimization strategy
under identical experimental configurations. Figure 4 systematically illustrates the loss
trajectories throughout the training process, revealing a distinct convergence pattern: The
proposed methodology achieves stable convergence at approximately 40,000 iterations,
demonstrating a two-fold acceleration in convergence rate compared to the BCE baseline
requiring 80,000 iterations.
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Figure 4. Convergence Dynamics of Training Loss.

The generalizability of the proposed method is further validated by conducting ex-
periments on WOS and AAPD, two widely used multi-label text classification datasets.
Comparisons were made against Retrieval [3], TextRCNN [5], Hi-Match [6], Hi-AGM [5],
HGCLR [34], MLCL-KNN [4], HiSR [8], HALB [7], DPT [35] and MLCL [26], with the
results presented in Table 5.

The experimental results show that the proposed method consistently outperforms
state-of-the-art approaches across multiple datasets. The model achieved the highest micro-
F1 score (88.24%) and a competitive macro-F1 score (80.24%) on the WOS dataset, as well as
the leading micro-F1 score (81.21%) and a substantial macro-F1 score (57.65%) on the AAPD
dataset. These results demonstrate its efficacy in general multi-label text classification
tasks. The success of this method can be attributed primarily to its ability to effectively
capture label semantics at multiple levels and address the challenge of imbalanced sample
distribution. This further confirms that the semantic analysis of latent embedding space
and the effective integration of cross-layer label semantic relationships represent a viable
approach applicable to multi-label text classification tasks, including legal-specific domains.
The proposed model exhibits superior domain-specific effectiveness and remarkable task
generalization capability.
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Table 5. Experimental results of multi-label recognition dataset.

Model Dataset Micro-F1 Macro-F1

Retrieval WOS 81.38 73.82
AAPD - -

HARNN WOS 81.50 69.69
AAPD 79.58 48.83

HiMatch WOS 86.20 80.53
AAPD 80.74 57.16

HiAGM WOS 85.82 80.28
AAPD 80.33 56.72

HGCLR WOS 87.11 81.20
AAPD - -

MLCL-KNN WOS 87.37 81.88
AAPD - -

HiSR WOS 87.52 82.04
AAPD - -

HALB WOS 87.45 82.04
AAPD - -

DPT WOS 87.25 81.51
AAPD - -

MLCL WOS 87.35 77.82
AAPD 81.75 58.75

Ours WOS 88.24 80.24
AAPD 81.21 57.65

Compared with the relatively lower accuracy in the legal text multi-label recognition
task, the model achieved high accuracy on the WOS and AAPD datasets. Following the
analysis, the differences in the accuracy of the model are mainly reflected in (1) the different
languages of the datasets, (2) the differences in the number of labels, and (3) the differences
in the sample size. The observed discrepancies in the experimental results further validate
the viewpoint hypothesized in this study that “legal multi-label classification represents a
complex scenario characterized by abundant label types, demanding semantic correlations
and strong hierarchical dependencies between labels”. Traditional multi-label recognition
approaches often struggle to deliver satisfactory performance when handling such intri-
cate tasks involving legal texts, particularly owing to their limitations in addressing the
sophisticated hierarchical interdependencies and semantic associations inherent in legal
label systems.

4.3. Ablation Experiment

An ablation study was conducted on the multi-label legal text recognition dataset
(CAIL2021) to examine the contribution of different model components. The independent
effects of key components were evaluated by removing the multi-layer loss function (Layer),
which converts multi-level labels into a single-layer structure, and the batch normalization
(BN) layer [36], which ensures stable distribution of prototype parameters. The results are
presented in Table 6.
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Table 6. Experimental results of the CAIL2021 dataset.

Method Accuracy Recall Rate Micro-F1

Ours -layer-BN 70.23 53.63 60.82
Ours -layer 71.68 52.48 60.60
Ours -BN 68.70 54.83 60.99

Ours 67.57 56.06 61.28

As outlined in Table 6, the proposed method achieves the best performance. When
removing the “Layer” component, the recall rate and F1-score of the model decreased,
indicating that this mechanism effectively captures the hierarchical structural relationships
between labels. The layer-wise approach leverages inter-label dependencies to partially
rectify erroneous predictions, thereby significantly enhancing recall capability and improv-
ing the adaptability of the model to the complexity of multi-label tasks. Similarly, ablation
of the BN layer resulted in notable performance degradation, suggesting that BN enhances
model stability and optimizes the balance between recall and the F1-score by normalizing
parameter distributions and mitigating training fluctuation. The complete model achieved
optimal F1-score performance, which collectively verifies the rationality of our architectural
design and the effectiveness of the proposed technical solutions.

5. Conclusions
This study focuses on the task of multi-label legal text recognition, innovatively con-

structing a multi-head hierarchical attention framework and supporting a new hierarchical
learning optimization strategy. In terms of method construction, the framework achieves
precise extraction of multi-level semantic representations of text and effective acquisition
of multi-label category information through the collaborative operation of the feature
extraction and hierarchical modules. Concurrently, the hierarchical learning optimization
strategy successfully breaks the shackles of traditional methods in balancing multi-level
semantic and multi-label category information learning, accelerates the convergence speed
of framework training, and lays a solid foundation for efficient and accurate multi-label
legal text recognition. In the experimental verification phase, the proposed method showed
significant advantages compared with mainstream methods on the CAIL2021 legal field
dataset and the general multi-label recognition datasets AAPD and WOS. The model can
complete tasks more accurately and efficiently, whether it is multi-label recognition of
complex legal text in legal scenarios or facing diverse text types in general scenarios. This
highlights the strong generalization ability and adaptability of this method. However,
the model can be further optimized in terms of cross-level label modeling, such as employ-
ing a learnable soft-linked hierarchical label association approach to enhance the robustness
and generalizability of the model to real-world legal data. This approach improves the
adaptability of the model to challenges such as category interference, label variations,
and semantic ambiguity between different labels.

The study findings are expected to be widely applied to the intelligent processing of
legal information, such as assisting legal practitioners in quickly searching and classifying
massive legal literature, improving the accuracy of intelligent classification of judicial cases,
and further promoting the digitalization and intelligence process of the legal industry.
Concurrently, this method provides new ideas for related NLP tasks. Future research can
explore and expand its potential value to text processing in other professional fields.
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Abstract: NASA’s space-based telescopes Kepler and Transiting Exoplanet Survey Satellite
(TESS) have detected billions of potential planetary signatures, typically classified with
Convolutional Neural Networks (CNNs). In this study, we introduce a hybrid model that
combines deep learning, dimensionality reduction, decision trees, and diffusion models
to distinguish planetary transits from astrophysical false positives and instrumental arti-
facts. Our model consists of three main components: (i) feature extraction using the CNN
VGG19, (ii) dimensionality reduction through t-Distributed Stochastic Neighbor Embed-
ding (t-SNE), and (iii) classification using Conditional Flow Matching (CFM) and XGBoost.
We evaluated the model on two Kepler and one TESS datasets, achieving F1-scores of 98%
and 100%, respectively. Our results demonstrate the effectiveness of VGG19 in extracting
discriminative patterns from data, t-SNE in projecting features in a lower dimensional
space where they can be most effectively classified, and CFM with XGBoost in enabling
robust classification with minimal computational cost. This study highlights that a hybrid
approach leveraging deep learning and dimensionality reduction allows one to achieve
state-of-the-art performance in exoplanet detection while maintaining a low computational
cost. Future work will explore the use of adaptive dimensionality reduction methods and
the application to data from upcoming missions like the ESA’s PLATO mission.

Keywords: exoplanet detection; deep learning; dimensionality reduction; diffusion models;
decision trees

1. Introduction
Since the discovery of 51 Pegasi b [1], the identification of exoplanets—planets or-

biting stars other than the Sun—has become one of the most rapidly evolving research
fields combining a wide range of expertise from astrophysics to data science [2]. Over the
past two decades, space-based telescopes such as NASA’s Kepler [3] and the Transiting
Exoplanet Survey Satellite (TESS) [4] have revolutionized this field by collecting photomet-
ric measurements from hundreds of thousands of stars. By using the transit method [5],
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these telescopes have identified a large number of periodic signals due to real planets,
astrophysical events (e.g., eclipsing binaries and stellar variability), and other phenomena
(e.g., instrumental systematics). The human-based analysis is the most reliable approach to
classify these signals as expert astronomers can handle a wide range of possible scenarios
based on their expertise [6,7]. However, the manual examination of these signals presents
two major drawbacks. First, human judgment is not objective, and some astronomers might
disagree on labels assigned to some signals. Second, this process is highly time-consuming
considering that astronomers need to be trained on this task [8] and that labeling a single
signal might require from a few hours up to several days as the visual examination of Data
Validation reports provided for the signal of interest [9] is required at least.

To address these issues, Convolutional Neural Networks (CNNs) [10] became the stan-
dard in classifying these signals [11–15], from their first implementation by Shallue C. and
Vanderburg A. [16] (hereinafter SV18) with Astronet. These CNNs detect the most relevant
patterns in transit signals through a feature extraction block—which is typically based on
the architecture of the CNN VGG19 [17]—thus performing classification leveraging the
universal approximation property of a Multi-Layer Perceptron (MLP) [18–20]. Over time,
the architecture of these networks has been optimized, leading to significant performance
gains up to 99% of classification accuracy on real exoplanet signals [21,22].

However, such CNNs are designed assuming that features useful for humans in their
analysis are equally relevant to the model in solving the task at hand. Processing linearly
dependent input features unnecessarily increase the complexity of the network [23], both in
terms of data collection and preparation, and model’s parameter optimization. Moreover,
the higher the number of model’s parameters requiring optimization, the larger the volume
of training data needs to be in order for the optimization algorithm to converge to a
stable local minimum; in this field, the ratio of the dataset size to the number of model
parameters is still heavily skewed toward the latter. CNNs face two major limitations: their
classifier is highly complex, consisting of hundreds of thousands to millions of parameters,
and they lack interpretability, which is crucial here to understand the reasoning behind
model predictions.

Decision trees such as Random Forests (RFs) [24] and Gradient Boosted Trees
(GBTs) [25,26], including XGBoost, have demonstrated their effectiveness in approximating
complex distributions with lower computational costs than MLPs. These models are univer-
sal approximators like MLPs [27] but obtain particularly better classification performance
on tabular data [28]. Previous efforts demonstrated the effectiveness of RF classifiers in
classifying planetary candidates across ground- and space-based surveys [29–32].

Another promising approach to preserve classification accuracy while reducing model
complexity is dimensionality reduction (DR). Methods like t-Distributed Stochastic Neigh-
bor Embedding (t-SNE) [33] can effectively project high-dimensional data into lower-
dimensional embedding while preserving data structures, making them highly suitable for
data processing before classification. Integrating the potential of these models can facilitate
the development of a more efficient classifier. In this context, Armstrong D. et al. [30]
and Schanche N. et al. [32] introduced innovative approaches, respectively, employing
the combination of RFs and a Self-Organizing Map (SOM) for classifying transit signals
in the Next-Generation Transit Survey (NGTS) [34] data and RFs coupled with a CNN for
processing data from the Wide Angle Search for Planets (WASP) [35] survey.

In this paper, we propose an innovative approach to perform a multi-class classification
of the signals detected in Kepler and TESS data, in planet candidate (PC), astrophysical
false positive (AFP), and non-transiting phenomenon (NTP). Our approach is based on a
model consisting of three main components:
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1. Feature extraction, performed using the widely adopted CNN VGG19, which trans-
forms input signals into high-dimensional feature vectors;

2. Dimensionality reduction, performed by the t-SNE method, which maps the high-
dimensional features to a lower dimensional space, where they can be most effectively
classified;

3. Classification, implemented by Conditional Flow Matching (CFM) and XGBoost [36].

Our model achieves competitive performance compared to the state of the art, with an
F1-score of 99% on Kepler data and 100% on a TESS dataset, operating on very small inputs
in size terms compared to other approaches in the literature.

Our results reveal that the application of t-SNE on the feature vectors produced by
VGG19 enhances classification capabilities of the model than classical VGG-based CNNs
classifying feature vectors with a MLP.

With this model, we continue to build on the most relevant architectures in the context
of exoplanets detection (i.e., CNNs and decision trees), with the innovation of merging them
in a single data processing pipeline. This work highlights the advantages of combining deep
learning with dimensionality reduction and decision tree classifiers, offering an effective
and efficient solution for exoplanet detection.

The rest of the paper is organized as follows: Related works are presented in Section 2,
where we also define the contribution and novelty of our approach. The Kepler and TESS
data used in this work are described in Section 3.1, while a theoretical background on the
three main components of our model is provided in Section 3.2. We explain our model’s
architectural details in Section 4, showing the results in Section 5. A discussion is reported in
Section 6, including a comparison with related works, and conclusions are drawn in Section 7.

2. Related Works
This section provides an overview of the evolution of ML models for the classification

of TCEs. Since numerous contributions have been made in this field, we summarize in
Table 1 the specifics about the most relevant model architectures in order to highlight the
key differences between prior studies and our approach.

The first ML models developed for the binary classification of TCEs were based on RFs,
namely, Autovetter [29] and Robovetter [37]. These models were employed to classify thou-
sands of Kepler TCEs and played a key role in generating two of the largest labeled datasets
available for this survey: Kepler Q1–Q17 Data Release 24 and 25. Both approaches were
designed to process a broad set of inputs, including scalar planetary features, centroid motion
and difference image analysis, odd–even transit differences, secondary view, and phase-folded
light curves (all these features are described in the caption of Table 1).

Subsequent efforts demonstrated that integrating different ML techniques lead to
better classification performance. SOMs were applied to Kepler and K2 [38] data [39], while
RF and SOM (RFC + SOM) combinations were tested on NGTS [30,34] data, and a model
based on RF and CNN was applied on WASP data [32,35]. These hybrid approaches lever-
aged the strengths of different methods to improve robustness in TCE classification. These
models used a limited set of input features, with SOM processing phase-folded light curves
representing the transit shapes, while RFC + SOM integrates planetary parameters without
centroid or secondary eclipse information. Although centroid information could help in
identifying some false-positive scenarios such as background eclipsing binaries, in their
work, Armstrong D. et al. [30] decided to not use this feature due to the risk to discard
blended transiting planets, which instead remain candidates worthy of further analysis.

The introduction of deep learning revolutionized TCE classification, with CNN-based
models becoming the standard. Astronet [16] was one of the first CNNs specifically de-
signed for Kepler TCEs classification, processing a global view and its zoomed-in represen-
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tation (the local view). Since then, CNN-based models have been used on various surveys,
including K2 [11] and TESS [13,40]. Some models further increased input dimensionality
by incorporating stellar and transit parameters alongside multiple light curves representa-
tions [14,41]. The evolution of CNNs culminated in two of the best models: Exominer [21]
for Kepler and Astronet-Triage-v2 [22] for TESS. As shown in Table 1, both models process
a combination of light curve representations (e.g., global and local views and secondary
eclipse) and stellar and transit parameters to classify TCEs. Given that the input informa-
tion processed by these models corresponds almost entirely to that used by astronomers
during manual vetting, efforts to enhance their interpretability have become increasingly
relevant. In this context, a notable contribution was proposed by Salinas H. et al. [42].
The authors of this study presented a Transformer-based approach for the binary classifica-
tion of TESS TCEs, processing global and local views, centroid information, and stellar and
planetary features.

Table 1. Comparison of different model architectures. For each model, we report the network
architecture and the classification task (binary: 2c, or multi-class: >2c) and, if the model uses
stellar features (St.f), planetary features (Pl.f, including transit period, transit duration, transit depth
difference, etc.), centroid information (C, pixel-level information about the location of the variation in
brightness for the detected transit), phase-folded flux (Pff, consisting of light curves with different
data binning such as global and local views), odd–even (two consecutive transits), secondary view
(Sv, consisting of the dip in star brightness when the detected object passes behind its star), difference
image (Diff.img, used to evaluate whether the transit occurs out of the central pixel where the target
star is supposed to be). The ✓ symbol indicates that the corresponding feature is used as an input
parameter in the model; conversely, the symbol × indicates that the feature is not employed by
the model.

Model [Ref.] Architecture Task St.f. Pl.f. C Pff Odd–Even Sv Diff.img.

Robovetter Decision Tree 3c × ✓ ✓ ✓ ✓ ✓ ✓
Autovetter Decision Tree 3c ✓ ✓ ✓ ✓ ✓ ✓ ✓
Armstrong D. et al. [39] SOM 2c × × × ✓ × × ×
Armstrong D. et al. [30] RFC + SOM 2c × ✓ × × × × ×
Astronet CNN 2c × × × ✓ × × ×
Astronet-K2 [11] CNN 2c ✓ ✓ × ✓ × × ×
Exonet [41] CNN 2c ✓ × ✓ ✓ × × ×
Genesis [43] CNN 2c ✓ × ✓ ✓ × × ×
Astronet-Triage [13] CNN 2c × × × ✓ × × ×
Astronet-Vetting [13] CNN 2c × ✓ × ✓ × ✓ ×
Astronet-Triage-v2 CNN 5c ✓ ✓ × ✓ × ✓ ×
Exominer CNN 2c ✓ ✓ ✓ ✓ ✓ ✓ ✓
Salinas H. et al. [42] Transformer 2c ✓ ✓ ✓ ✓ × × ×
This work CNN + DR + CFM + XGBoost 3c × × × ✓ × × ×

Our approach integrates the key strengths of previous models into a unified frame-
work. We adopt CNN architecture based on VGG19 as feature extractor, a choice consistent
with previous works such as Astronet, Astronet-Triage, and Astronet-Triage-v2. However,
instead of relying on the CNN for end-to-end classification as previous works already
tested, we show that classification performance improves when features are projected
into lower-dimensional spaces by t-SNE and that decision trees are used to exploit their
capabilities in discriminating tabular data. We simplified the input to only the global view,
deciding not to process as input the other light curves that differ from the global view
in binning size (e.g., local view). Furthermore, the dimensionality reduction using t-SNE
enhances computational efficiency and enables interpretability through the visualization of
data in a two-dimensional space, providing insight into model predictions. A performance
comparison with state-of-the-art models is provided in Section 6.4.
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3. Background
Since our aim is developing a model to classify signals detected in transit light curves,

this section is intended to provide all the necessary background information about the data
used in this work (Section 3.1) and the operation of the methods that make up our model
(Section 3.2).

3.1. Data

We work with light curves in which periodic transits of potential planetary nature,
called Threshold-Crossing-Events (TCEs), were detected. Section 3.1.1 briefly explains
how light curves are produced by the Kepler and TESS telescopes and how TCEs are
detected. For a more detailed overview on this, we refer the reader to Jenkins J. et al. [44]
and Jenkins J. et al. [45]. Section 3.1.2 provides details about the composition of TCEs
datasets used. The process of input data preparation is described in Section 3.1.3.

3.1.1. From Light Curves to Threshold Crossing Events

The Kepler and TESS space telescopes were designed to gather photometric observa-
tions for a set of target stars from which light curves are extracted with a technique called
aperture photometry. This technique consists of extracting the flux values of a target star
from each photometric observation by summing the pixel values within a predefined aper-
ture, optimized to maximize the signal-to-noise ratio (SNR). The resulting one-dimensional
signal represents the variation in stellar brightness as a function of time, forming a light
curve. An example of Kepler light curve is depicted in the top panel of Figure 1.

Figure 1. Our data preparation pipeline processes each TCE through several steps. First, we retrieve
the corresponding light curve files from the MAST archive (for sake of simplicity, we show a single
Kepler quarter for Kepler Input Catalog (KIC) star 10811496). These light curves are merged into a
single signal (light curve stitching step), from which not-a-numbers and outliers have been filtered
out (data cleaning step). During the detrending step, we eliminate any non-transit flux variation.
The cleaned signal is phase-folded according to the TCE’s period (phase-folding). Finally, we bin
and normalize the data to create a 1 × 201-length global view, where the median flux is set to 0 and
the maximum transit depth to −1 (binning and data normalization steps). The resulting signal is
horizontally reflected if it belongs to the PC class (data augmentation step).
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During its nine year service until 2018, Kepler monitored approximately 156,000 stars
in a fixed region of the sky up to 4000 light years from the Earth, in the constellations
of Lyra and Cygnus. The stellar flux measurements were sampled at 29.4 min cadence.
Observations for each target star were divided into quarters of ∼90 days, after which the
spacecraft rotated 90 degrees to maintain its solar panels pointed toward the Sun.

The observation strategy has changed with TESS, with the telescope scanning the
entire sky in a 200-light-year range, dividing the sky into 26 sectors each observed for
27 days. TESS is designed to observe ∼200,000 target stars at a 2 min cadence (short
cadence data) and to collect Full-Frame Images of each sector at 10 and 30 min cadences
(long cadence data).

Both missions employ similar pipelines for data reduction and TCEs detection: the
Kepler Science Operations Center (KSOC) [44] and the Science Processing Operations
Center (SPOC) [45] for Kepler and TESS, respectively. These pipelines perform bias and flat
field calibration, aperture photometry, and systematic corrections before identifying TCEs
via the Transiting Planet Search module [46]. While SPOC is responsible for processing
TESS short cadence data, long cadence data are processed by the MIT Quick Look Pipeline
(QLP) [47].

3.1.2. Catalogs of Threshold Crossing Events Used in This Work

When TPS detects periodic dimming, i.e., TCEs, in the pre-processed stellar light
curves, each TCE is examined by astronomers through automated tools [48] whose outputs
are visually analyzed so that a label can be assigned to it [6,7]. This process, intent on
determining the nature of each TCE, is called vetting.

In this study, we use three catalogs of labeled TCEs from which we produce the
input representations we fed to our model. These catalogs provide for each TCE a set of
physical (both planetary and stellar) and statistical parameters used for its classification
and characterization. The parameters of these catalogs we used are those related to transit
properties, i.e., transit period, duration, and the time of the first detected transit (defined
as epoch), along with the column defining the label of the TCE. We employ these transit
parameters during the pre-processing method, as described in Section 3.1.3.

• Kepler Q1–Q17 Data Release 24 (DK24). This catalog comprises 20,367 TCEs identified
by the KSOC pipeline in Kepler light curves. These TCEs were automatically classified
by Autovetter [29,49] into planet candidates (PCs), astrophysical false positives (AFPs),
non-transiting phenomena (NTP), and unknown (UNK). To minimize the uncertainty
of our dataset labels, we adopted the approach employed for the first time by SV18
by discarding all TCEs labeled as UNK. This filtering resulted in a final dataset of
3600 PCs, 9596 AFPs, and 2541 NTPs.

• Kepler Q1–Q17 Data Release 25 (DK25). This set is the final version of TCEs detected
by the Kepler mission [50], comprising 34,032 TCEs automatically dispositioned by the
Robovetter algorithm [37], that is an ensemble of decision trees trained on a dataset of
labeled transits.
The primary distinction between this catalog and DK24 lies in a higher number of
long-period TCEs (approximately 372 days), resulting in DK25 being a TCE dataset
characterized by a lower SNR. With longer orbital periods, the number of observed
transits decreases, limiting the increase in SNR during our data preparation pipeline.
Before generating model inputs from this catalog, we performed the following filtering
operation. We removed all TCEs with the rogue flag set to 1, which correspond to
cases with fewer than three detected transits, erroneously included in this catalog due
to a bug in the Kepler pipeline. For our PC class, we selected the 2726 confirmed and
1382 candidate planets from the Cumulative KOI catalog (The Cumulative KOI catalog
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contains the most precise information on all the Kepler TCEs labeled as confirmed and
candidate planet, as well as false positive. Further information about Kepler tables of
TCEs can be found at the following link: https://exoplanetarchive.ipac.caltech.edu/
docs/Kepler_KOI_docs.html, accessed on 9 August 2024). Our AFP class includes the
3946 TCEs labeled as false positive in the Cumulative KOI table, while the NTP class
contains the 21,098 TCEs from the Kepler Data Release (DR) 25 catalog that do not
appear in the Cumulative KOI table.

• TESS TEY23 (DTEY23). This catalog contains a subset of 24,952 TCEs detected by QLP
in TESS long cadence data for which Tey E. et al. [22] (hereafter TEY23) provided
dispositions across a three-year vetting process. The authors used five labels to classify
these TCEs: “periodic eclipsing signal”, “single transit”, “contact eclipsing binaries”,
“junk”, and “not-sure” (see Section 2.4 of their paper for further details on the labeling
process). To improve the reliability of our dataset, we filtered out (i) 5340 TCEs for
which the authors did not provide a consensus label and (ii) all the TCEs labeled as
“single transit” and “not-sure”, thus obtaining 2613 periodic eclipsing signals (we
will identify as E), which include both planet candidates and non-contact eclipsing
binaries, 738 contact eclipsing binaries (B) and 15,791 junk (J).

We divided each dataset in 80% training and 20% test splits. In dividing the dataset
into the training test, we created splits by preserving the same percentage for each class as
in the complete set. By doing so, we avoided getting unbalanced splits toward one of the
classes. Table 2 summarizes the composition of these datasets.

Table 2. Composition of the three datasets used in this study. For each class *, we report the total
number of TCEs and their distribution in training (80%) and test (20%) sets. * Classes. PC: Planet
Candidate, AFP: Astrophysical False Positive, NTP: Non-Transiting Phenomenon, E: Periodic Eclips-
ing Signal, B: Contact Eclipsing Binary, and J: Junk. a The number of samples for the PC classes was
doubled as described in Section 3.1.3.

Dataset [Ref.] Class Total Training Test

Kepler Q1–Q17 DR24 [49]

PC a 7200 5760 1440
AFP 9596 7676 1920
NTP 2541 2033 508
Total 19,337 15,469 3868

Kepler Q1–Q17 DR25 [50]

PC a 8216 6573 1643
AFP 3946 3162 784
NTP 21,098 16,950 4148
Total 33,260 26,685 6575

TESS TEY23 [22]

E 2613 1647 966
B 738 598 140
J 15,791 13,327 2464
Total 19,142 15,572 3570

3.1.3. Data Preparation

The TCEs detected by the KSOC, SPOC, and QLP pipelines still remain signals domi-
nated by the brightness of their host star, in our case, representing noise. To prevent our
model from learning the noise, we generate a standard one-dimensional representation for
each TCE: a binned and phase-folded light curve devoid of any variability except that of
the transit of interest. The methodology we adopted to generate such representations has
been widely used in this context of exoplanets detection with Machine Learning (ML) since
it was proposed by SV18, and it is described below.
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This data preparation pipeline consists of two main blocks: data cleaning—where in-
consistent data such as not-a-number and outliers are removed—and data smoothing—where
any variability in light curve brightness except that caused by TCE is flattened.

First, we download from the Mikulski Archive for Space Telescopes (MAST) (https:
//archive.stsci.edu/, accessed on 19 June 2020 for DK24, 20 May 2023 for DTEY23 and
9 August 2024 for DK25) the light curves of the stars around which the TCEs of the catalogs
DK24, DK25, and DTEY23 orbit. For each TCE, we apply the following operations:

• Stitching the light curves. A TCE can be associated with multiple segments (Kepler
quarters or TESS sectors) of the light curve of its host star. This depends mainly on the
observing strategy of the telescope. We generate a single light curve by sequentially
appending segments, which we then normalize by the median value calculated over
the entire signal;

• Data cleaning. From the resulting light curve, we discard all not-a-numbers and
outliers beyond ±3σ of the stellar flux;

• Detrending. In order to remove any non-TCE-related variability, we divide the
cleaned flux data by an interpolating polynomial of degree 3 computed using the
Savitzky–Golay method with filter window set to 11. During detrending, we preserve
flux measurements related to TCE transit by applying a mask calculated based on
TCE transit period and duration;

• Phase-folding and binning. This detrended signal is folded on the relative TCE period
and binned with a time bin size of 30 min (When developing this data pre-processing
pipeline, we tested time bin sizes of 2, 10, and 30 min, which correspond to the data
sampling rates of the Kepler and TESS telescopes. The best results in terms of the
shape of the resulting transit were obtained using the 30 min value).
Following the same methodology used by SV18 and Yu L. et al. [13], we linearly
interpolate any empty bin so as to generate an input signal of length 201;

• Normalizing the binned signal. The binned signal is then normalized to 0-median and
maximum transit depth to −1. We define the binned and normalized transit as global
view, consisting of the one-dimensional input we fed to our model;

• Data augmentation on the PC class. Since our main goal is to train a model able to
minimize the number of misclassified planets, we double the number of samples
belonging to this class in the DK24 and DK25 datasets. More precisely, we apply a
horizontal reflection to the global views of the PC TCEs. We decided to not adopt
the same procedure to the eclipsing signals (E class) of DTEY23 since Tey E. et al. [22]
declared that this set of planets also contains a fraction of non-contact eclipsing
binaries, and we want to minimize the risk of increasing the number of eclipsing
binaries contaminating the E class because of our purpose of identifying exoplanets.

The schema of this data preparation pipeline is depicted in Figure 1.
This pipeline is highly time-consuming because of (i) the large number of light curves

to be processed (∼64,000); (ii) the multiple scans to be performed on each of them; (iii) the
high number of data points for each light curves, up to 70,000. To speed up this process, we
parallelized this pipeline by distributing the workload over multiple nodes as described in
Fiscale S. et al. [51] as the operations on different light curves are independent.

3.2. Components of Our Model

Our model combines neural networks and other methods for feature extraction, dimen-
sionality reduction, and the classification of global views. Below, we provide a theoretical
background of each component of our model.
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3.2.1. Convolutional Neural Network and VGG19

A Convolutional Neural Network [10,52] is a deep learning model consisting of two
main blocks: (i) feature extraction—where the input is subjected to a series of operations
such as application of convolutional filters, non-linear activation functions such as Rectified
Linear Unit (ReLU), and spatial dimensionality reduction, i.e., pooling. The aim is to extract
increasingly complex features from the data and identifying possible patterns, undetectable
by manual examination, useful in solving the task at hand; (ii) classification—where the
features extracted from the previous block are processed through a classifier, which is
typically a MLP.

In this work, we exploited the feature extraction block of VGG19 to extract from our
input data, the global views, and their most relevant features. The details of this process
are described in Step 1 of Section 4.

3.2.2. Dimensionality Reduction and t-SNE

Dimensionality reduction methods aim to project high-dimensional data in a lower-
dimensional space while preserving as much of the significant structure of the data as
possible. Among the several dimensionality reduction algorithms (e.g., Isomap [53], Locally
Linear Embedding [54], and Laplacian Eigenmaps [55]), we used t-SNE. It is a non-linear
method that improves the Stochastic Neighbor Embedding algorithm [56] in terms of
cost function optimization and solving the crowding problem (A comprehensive technical
description of the t-SNE algorithm, including a quantitative analysis of how it preserves
the local and global structure of high-dimensional data, can be found in the original
paper by Van der Maaten L. and Hinton G. [33]. In particular, Sections 3.2 and 3.3
and Figures 1 and 2 of the aforementioned paper illustrate how the algorithm addresses
the crowding problem and enhances cluster separation in the embedded space). t-SNE
generates a two- or three-dimensional representation of input data as follows.

Let X = {x⃗i}m
i=1 ∈ RN the set of input data belonging to the N-dimensional space

and Y = {y⃗i}m
i=1 ∈ Rd the counterpart set of projections into the output lower-dimensional

space, where d ∈ {2, 3} : d ≤ N. In the input space, the pairwise similarities are modeled
as conditional probabilities pj|i, with

pj|i =
exp(−||⃗xi − x⃗j||2/2σ2

i )

∑k ̸=i exp(−||⃗xi − x⃗k||2/2σ2
i ))

(1)

where σi is the variance of the gaussian distribution centered in the i-th sample. These
conditional probabilities are symmetric since pij = (pj|i + pi|j)/2m.

In the output space, similarities are modeled by using the t-Student distribution with
one degree of freedom:

qij =
(1 + ||⃗yi − y⃗j)||2)−1

∑k ̸=l(1 + ||⃗yk − y⃗l)||2)−1 (2)

The aim is to determine the points y⃗i so that the Kullback–Leibler (KL) divergence [57]
between the two conditional probabilities distributions is minimized:

KL(P||Q) = ∑
i ̸=j

pij log
pij

qij
(3)
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The minimization of the quantity KL(P||Q) is computed with the gradient descent al-
gorithm with momentum and adaptive learning rate (see Equation (5) in Van der Maaten L.
and Hinton G. [33]). The momentum term increases during the gradient descent iterations,
while the learning rate is updated according the method provided by Jacobs R.A. [58].
A full derivation of the t-SNE gradient can be found in Appendix A of the original paper.
As the authors described in their Section 3.4, the optimization process is improved by the
use of the “early exaggeration” trick, which forces the method to model large distances
among the low dimensional representation of the samples based on their membership
cluster. In other words, the distance between two samples of different clusters is maximized,
as we found in our experiments and show in Figure 2.

We relied on t-SNE to reduce the dimensionality of feature vectors obtained from
VGG19. Step 2 of Section 4 reports the details of this operation. We demonstrate in Section 5
that this dimensionality reduction places the data in a space where the classifier is able to
define better separation surfaces that are highly discriminative than those learned from
state-of-the-art CNNs, which work in higher dimensionality embeddings. The limitations
of this technique are discussed in Section 6.5.

Figure 2. For each dataset, we show the representations of the global views (D, left column), D2−train

(middle column), and D2−test (right column) in the two-dimensional space defined by t-SNE. (First
row) Kepler Q1–Q17 Data Release 24; (second row) Kepler Q1–Q17 Data Release 25; (third row) TESS
TEY23. The application of VGG19 for extracting features from the global views ensures a highly
effective separation among the three clusters of TCEs on each dataset. Purple points indicate samples
belonging to the AFP class (or class B), green points represent samples from the PC class (or class E),
and yellow points correspond to the NTP class (or class J).
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3.2.3. Gradient-Boosted Trees and XGBoost

Gradient-boosted trees (GBTs) consist of a set of sequentially trained decision trees
highly robust in the classification of tabular data [59–62]. Each new tree is constructed with
the aim of correcting errors made by previous trees. In a classification context, the final
prediction on a given sample is obtained by the majority vote from the predictions of all
the trees. In this study, we used eXtreme Gradient Boosting (XGBoost) [63], which differs
from GBTs as the trees are constructed in parallel, rather than sequentially. In addition,
XGBoost extends traditional gradient boosting by including regularization elements in the
objective function, thus improving generalization and preventing overfitting issues, which
is very important in exoplanet detection as the majority of datasets are highly imbalanced
toward the not-PC classes.

3.2.4. Diffusion Models and Conditional Flow Matching

Diffusion models are the new frontier of generative models, long characterized by the
domain of Generative Adversarial Networks [64]. Diffusion models iteratively transform in-
put samples with the injection of noise and then learn to reverse this process, reconstructing
the original samples distribution, by solving a Stochastic Differential Equation.

Conditional Flow Matching [36] is a diffusion model used in both generative and
classification tasks [65]. CFM transforms an input sample through a learned vector field
varying in time t ∈ [0, 1], mapping its original distribution to a Gaussian distribution
over nt steps. This mapping is achieved by applying a series of invertible transformations
(e.g., affine and planar transformations) on the sample, constrained by the labels of input
data in supervised learning scenarios. At step nt, the sample follows the reverse process by
solving an Ordinary Differential Equation (ODE) so that the original data distribution can
be reconstructed.

XGBoost plays a dual role in this framework. During the forward process, a new
XGBoost model is trained at each step to estimate the vector field, providing a more
efficient alternative than using a classical neural network [36,66]. Additionally, a final
XGBoost is applied on the reconstructed sample at the end of the reverse process to
perform classification.

We implemented CFM and XGBoost within our model by exploiting the approach
provided by Jolicoeur-Martineau A. et al. [36].

4. Method
This section details the pipeline that we designed for the classification of global views,

starting with feature extraction through a CNN, followed by dimensionality reduction via t-
SNE, and concluding with classification using Conditional Flow Matching and XGBoost. We
leverage the strengths of each component in our pipeline to achieve robust generalization
performance in lower-dimensional spaces.

Let
D = {(x⃗1, y1), (x⃗2, y2), . . . , (x⃗n, yn)}

be the input dataset composed by n samples. Each sample {x⃗i}n
i=1 ∈ RN consists of a

global view of size N = 201, with

{yi}n
i=1 ∈ Y = {AFP, PC, NTP, E, B, J}

indicating its label. The datasets DK24,DK25, and DTEY23 are separately processed through
the following steps.

1. Feature extraction. We extract the features from the global views with the feature
extraction block of VGG19. This model is independently trained on each dataset until
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overfitting on the global views. Since VGG19 is exclusively used as feature extractor,
its training can be extended until overfitting the dataset in order to guarantee the most
representative features are extracted. For each of the n global views, the VGG19’s
feature extraction branch produces a one-dimensional feature map of size 2560, once
flattened. We trained VGG19 for 300 epochs on each dataset, with a learning rate of
1 × 10−3, batch size of 128, and pooling size and stride fixed to 3 and 2, respectively,
by using Adam [67] as the optimization algorithm. As highlighted from the number
of TCEs for each class in Table 2, all our datasets are imbalanced toward one of the
three classes. Typically, such an imbalance is toward the class of non-astrophysical
transits (classes NTP and J). To address class imbalance, we used class weighting
when training VGG19. The weights for each class were computed using the Inverse
Class Frequency technique [68].
The n 2560-length feature vectors, we denote as Dn×2560

1 , are saved at the end of the
last training epoch.

2. Dimensionality reduction. The resulting feature vectors are projected into a two-
dimensional embedding defined by t-SNE. By processing D1, t-SNE produces (In
our experiments, we also evaluated the classification performance of our model by
processing three-dimensional data produced by t-SNE, rather than exclusively two-
dimensional data. However, the best performance was obtained by processing data in
two dimensions) a representation Dn×2

2 .
As shown in Step 2 of Figure 3, the input D1 of t-SNE is divided in two subsets (We
discuss the application of this strategy in Section 6.5):

• D1−train (80% of data), used to generate D2−train, which will be used as training
set for the Conditional Flow Matching;

• The entire dataset D1, from which D2 is obtained. We extract from this represen-
tation the set D2−test, containing the data that will be used when assessing the
Conditional Flow Matching performance.

Our experiments revealed that running t-SNE for 3000 iterations, with a perplexity of
50, best maximized the separation of TCEs classes in the two-dimensional space.
The two-dimensional projections obtained by t-SNE for training and test data are
shown in middle and right panels of Figure 2, respectively.
We emphasize that a quantitative assessment of how well t-SNE preserves the clus-
tering structure of the data—particularly in terms of local and global neighborhood
relationships—is thoroughly discussed in the original work by Van der Maaten L. and
Hinton G. [33]. In our study, we focus on the practical impact this dimensionality
reduction has in the context of TCE classification, showing the related evidence in
Figures 2 and 4 and Table 3.

3. Classification with CFM and XGBoost. Following the methodology described in
Jolicoeur-Martineau A. et al. [36] and Li A. et al. [65], we performed TCE classification
by processing D2 with CFM and XGBoost (Step 3). Each sample of D2 is mapped
into the vector field of the CFM from t = 0 to t = 1 in nt = 50 steps. At each
step, an XGBoost is trained to estimate the vector field. The sample at time t = 1
is processed with an ODE, returning the output sample that is fed to an additional
XGBoost, responsible for the TCE classification [65].
Due to the low dimensionality of the input and the good separability between classes
of TCEs provided by t-SNE, a very accurate classification performance is obtained
as early as nt = 50 noise levels. Each of the nt XGBoosts has 100 decision trees of
maximum depth of 2 and has been trained for 30 epochs with 63 steps per epoch.
An extended discussion on finding the sub-optimal hyperparameters configuration is
provided in Section 6.

275



Electronics 2025, 14, 1738

Figure 3. Architecture of our model. STEP 1: The input dataset D, containing n global views labeled
as AFP (or B, purple rectangles), PC (or E, green rectangles), NTP (or J, yellow rectangles), is processed
by VGG19. For each global view, VGG19 produces a feature vector of size 2560. We define the entire
set D1. STEP 2: We generate two splits of data from D1: D1−train, containing the 80% of feature
vectors to be used for training in STEP 3, and D1, which corresponds to the entire dataset obtained in
STEP 1. We use t-SNE to project the two splits separately into a two-dimensional space, obtaining
D2−train and D2. STEP 3: We train the CFM with XGBoost on D2−train and evaluate its performance
on D2−test, the subset of D2 containing only the test data. XGBoost performs multi-class classification
of TCEs into AFP (or B), PC (or E), and NTP (or J).

Figure 4. Visual comparison between the features extracted by DART-Vetter (top row) and VGG19
(bottom row) in the two-dimensional embedding defined by t-SNE. The features extracted from the
global views ofDK24, DK25, andDTEY23 are depicted in the left, middle, and right panels, respectively.
Purple points indicate samples belonging to the AFP class (or class B), green points represent samples
from the PC class (or class E), and yellow points correspond to the NTP class (or class J).
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Table 3. Performance of different vetting models. Our precision, recall, and F1-scores for Kepler
data are computed by averaging the scores of Table 4 obtained on each class. Other model scores are
taken from the reference manuscripts. The best results on Kepler and TESS datasets are highlighted
in boldface.

Model [Ref.] Survey Precision Recall F1-Score

SOM [39] Kepler 0.864 0.865 0.864
SOM [39] K2 0.945 0.972 0.958
RFC + SOM [30] NGTS 0.901 0.914 0.907
Exominer [21] Kepler 0.968 0.974 0.971
Exominer-Basic [21] TESS 0.88 0.73 0.79
Astronet-Triage-v2 [22] TESS 0.84 0.99 0.909
Transformer [42] TESS 0.809 0.8 0.805
This work Kepler 0.974 0.987 0.980
This work TESS 1.0 1.0 1.0

Table 4. Classification performance of the model across three datasets: Kepler Q1–Q17 Data Release
(DR) 24, Data Release 25, and TESS TEY23. The metrics, computed on test samples, show the ability
of our model in distinguishing between TCEs of different natures, including Astrophysical False
Positives (AFP), Planet Candidates (PC), and Non-Transiting Phenomena (NTP) in the Kepler datasets.
For the TESS dataset, the classification involves TCEs whose nature could be non-contact eclipsing
binaries (B), eclipsing signals (E), and Junk (J). For Kepler DR24, individual class misclassification
rates are provided, showing particularly strong performance in identifying planet candidates (0.42%
misclassification rate). On Kepler DR25, our model exhibits a global misclassification rate of 2.1%
across all classes, while on TESS TEY23, it achieves robust predictions performance, with a 0%
misclassification rate.

Dataset Class Precision Recall F1-Score Misclass. Rate (%)

Kepler Q1–Q17 DR24
AFP 0.9943 0.9932 0.9937 1.25
PC 0.9972 0.9986 0.9979 0.42
NTP 0.9803 0.9803 0.9803 3.93

Kepler Q1–Q17 DR25
AFP 0.910 0.985 0.946

2.1PC 0.971 0.996 0.983
NTP 0.997 0.972 0.984

TESS TEY23
B 1.000 1.000 1.000

0.0E 1.000 1.000 1.000
J 1.000 1.000 1.000

5. Results
The results obtained from the model on the three datasets under this study are pre-

sented in this section. On each dataset, we evaluated the classification performance in terms
of precision, recall, F1-score, and misclassification rate for each class [69]. Table 4 reports
these results. In general, the discriminatory capabilities of the model on each dataset are
competitive with those obtained from state-of-the-art models [21,22].

5.1. Application on Kepler Q1–Q17 Data Release 24

The model achieves high predictive accuracy across all three classes ofDK24, with note-
worthy results in the identification of planets. The results are reported in the first block of
Table 4 and discussed below.

On the PC class, we obtain a precision of 0.9972, a recall of 0.9986, and an F1-score of
0.9979, with a misclassification rate of 0.042, indicating a very robust distinction between
planetary signals and false positives or non-transiting phenomena. On the AFP class,
the precision is 0.9943, recall 0.9932, and F1-score is 0.9937, resulting in a misclassification
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rate of 0.0125. The NTP class, while more challenging due to its variability in the nature of
transits (including any transit not consistent with astrophysical ones), maintains optimal
classification metrics, with a precision, recall, and F1-score of 0.9803 and a misclassification
rate of 0.0393.

Analyzing the confusion matrix in left panel of Figure 5, we observe 25 TCE misclas-
sified. The majority of these misclassifications occur between the AFP and NTP classes,
counting 19 samples. These samples correspond to the purple and yellow points in the top
right panel of Figure 2, which are located in regions of the two-dimensional space close to
the center of a cluster to which they do not belong. For the PC class, our model misclassifies
only two planets, labeling them as AFP. Meanwhile, there are only three false positives:
two AFPs and one NTP, which are the purple and yellow points in the green cluster of the
top right panel in Figure 2.

Figure 5. Confusion matrices computed on the test sets of DK24 (left panel), DK25 (middle panel),
and DTEY23 (right panel). The high classification performance of Conditional Flow Matching with
XGBoost is evident from the diagonal elements of each matrix, with a percentage of correctly classified
samples for each class ranging from 97% to 100%. On both Kepler and TESS data, our model retrieves
at least 99.6% of planets during classification.

These results demonstrate the effectiveness of our model in distinguishing the TCEs
of the three classes, particularly in the identification of planet candidates.

5.2. Application on Kepler Q1–Q17 Data Release 25

Compared to the DR24 dataset, the higher number of long-period TCEs with a lower
SNR in DK25 slightly affects the classification accuracy of our model. Nevertheless, discrete
classification performance is achieved on this dataset as well. The second block of Table 4
displays the results we present below.

For the AFP class, the model achieves a precision of 0.910, a recall of 0.985, and an
F1-score of 0.946. For the PC class, very high scores are obtained: precision is 0.971, recall is
0.996, and F1-score is 0.983. For the NTP class, the model exhibits the highest precision of
0.997, along with a recall of 0.972 and an F1-score of 0.984.

The middle panel confusion matrix in Figure 5 shows that the number of misclassified
planets is very low. The model successfully identifies 1636 planets out of 1643 total samples,
with only seven misclassifications. Three are associated with the AFP class and four to the
NTP class. Regarding these four TCEs, we focus the reader’s attention on the middle right
panel of Figure 2. Among the five planets (green points) projected by t-SNE near regions
dominated by NTPs, only four are classified as NTP. Our model is able to retrieve one of
them during classification, despite the fact that its position in the two-dimensional space
seemed to compromise its classification. The number of false positives is relatively high
(48, including 43 NTPs and 5 AFPs). These samples are visible in middle right panel of
Figure 2. The presence of a small cluster of yellow points and five purple points falling
into the green cluster of the PCs can be observed. For these points, the model is unable to
provide the correct label.
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Overall, the misclassification rate of 0.021 further confirms the robust discrimination
capabilities of the model on all three classes of TCEs, despite their imperfect separation in
the two-dimensional space.

The results obtained on the two Kepler datasets show that the greatest uncertainty
in the model lies in the discrimination between AFP and NTP class samples. However,
the percentage of misclassifications between these two classes is extremely low (∼2%) and
involves samples located at the edges of the clusters (as shown in the rightmost panels
of Figure 2), suggesting that further analysis on these cases would not make significant
contributions to the overall evaluation of the model. We recall that the main goal is
to minimize the fraction of misclassified PCs as they represent the signals of greatest
scientific interest. In this regard, our model performs very well: the maximum percentage
of misclassified planets is 0.4% in DK25, a value that is very small. As mentioned in
Section 3.1.2, DK25 is known to contain a higher fraction of long-period planets than DK24,
resulting in fewer available transits and, consequently, a lower SNR of TCEs. This aspect
may justify a slight increase in the misclassifications from DK24 (0.1%) to DK25 (0.4%).
In Section 6.6, we discuss instead the problem of label noise, whereby a TCE of a given
class (e.g., AFP) may change its disposition over time or be labeled differently by different
teams of astronomers.

5.3. Application on TESS TEY23

As highlighted in third block of Table 4, our model shows impressive performance in
classifying non-contact eclipsing binaries, eclipsing signals, and junk. The model correctly
classifies all samples with no misclassified TCEs. As a result, precision, recall, and F1-score
all reach their maximum value of 1, with a misclassification rate of 0%. The confusion
matrix on this dataset is shown in right panel of Figure 5. The correct classification of all
samples is mainly due to their perfect separation in two-dimensional space, as visible in
the bottom right panel of Figure 2.

The results on the TESS dataset demonstrate that the prediction of our model is
consistent with the labels assigned by experts, which we considered as ground truth.
For the two Kepler datasets, our predictions align with the automated labels produced
by Autovetter and Robovetter. These findings suggest that the proposed method exhibits
strong robustness when applied to real data.

6. Discussion
6.1. The Contribution of VGG19 and t-SNE in TCEs Classification

The use of VGG19 for extracting features from the global views proved to be crucial in
ensuring a highly discriminative representation of TCEs.

Initially, we evaluated the use of the CNN provided by Fiscale S. et al. [15] as a
feature extractor that we will call DART-Vetter. This model, developed to classify Kepler
and TESS TCEs, processes the global view through five convolutional blocks. Each block
consists of a one-dimensional convolutional layer followed by ReLU activation, spatial
dropout, max pooling, and batch normalization. The number of filters in the convolutional
layers increases exponentially from 16 to 256. The extracted features are then flattened and
classified through a single fully connected layer. Feature extraction from the global views
of the three datasets was performed following the same procedure described in Section 4
(Steps 1 and 2). DART-Vetter was trained until overfitting on each dataset, and the extracted
features were stored at the final training epoch.

However, the classification performance on feature vectors produced by DART-Vetter
was poor. For this reason, we evaluated the use of VGG19. This network has already been
widely used in the context of exoplanet identification, demonstrating its effectiveness since
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the introduction of Astronet, whose network architecture is clearly based on that of VGG19,
as shown in Figure 7 of their paper [16].

Figure 4 presents a visual comparison of the features obtained from DART-Vetter
(top panel) and VGG19 (bottom panel) for the DK24 (left panel), DK25 (middle panel),
and DTEY23 (right panel) datasets. The results indicate that VGG19 provides a significantly
more effective class separation, with minimal overlap between different classes, unlike the
features extracted by DART-Vetter, where class overlap is more noticeable.

The left column of Figure 2 shows, for each dataset, the two-dimensional represen-
tations of global views before features are extracted from them using VGG19. Middle
and right columns depict the two-dimensional representation—defined by t-SNE—of the
features extracted from this network on the training and test data, respectively. The clear
class separation achieved after feature extraction and dimensionality reduction confirms
that VGG19 captures robust discriminative features, while t-SNE further enhances their
separability, as highlighted by the results of Table 3. This near perfect separability facil-
itated the training of Conditional Flow Matching and XGBoost, enabling them to learn
well-defined decision surfaces resulting in a very low misclassification rate.

Thus, the high classification accuracy of our model is mainly due to the key role of
combining feature extraction and dimensionality reduction for the identification of most
relevant patterns within the global views.

6.2. Reducing the High Computational Complexity and Memory Demand When Training the
Conditional Flow Matching with XGBoost

In this section, we discuss a key factor we had to handle during the design of the
model and which directed us toward the use of dimensionality reduction methods.

Training our CFM with XGBoost on the feature vectors extracted from VGG19 would
have required an extremely high computational cost, making the whole process shown
in Figure 3 impractical. We trained CFM and XGBoost with the methodology provided
by Jolicoeur-Martineau A. et al. [36], which requires training nt models, where the levels
of noise nt should take values in [50, 100]. In addition, each model needs to be trained
on a duplication of the input dataset. For example, on Kepler Q1–Q17 Data Release 25, it
would have been necessary to replicate the dataset at least 50 times, bringing the overall
size to more than 1.6 million samples, each with 2560 features. This would have required
significantly more memory resources than were available on our machine and training times
on the order of several days, also hampering the hyperparameters fine-tuning. An even
more critical issue concerned the scalability of the model: even if we had obtained good
results, such an onerous process would have made it difficult for other users to exploit
the model on their own laptops. The application of t-SNE proved its effectiveness also in
addressing this issue by compressing the input vectors from 2560 to only 2 features.

This compression allowed us to preserve the discriminative patterns learned from
VGG19 on the global views while ensuring efficient training of CFM with XGBoost and
easily reproducible model configuration on common hardware.

To further assess the ability of t-SNE in mapping the feature vectors into a two-
dimensional space, we made a comparison with Principal Component Analysis (PCA).
As illustrated in Figure 6, t-SNE outperforms PCA in preserving class separability within the
lower dimensional embedding. Left and central panels of Figure 6 (top row) demonstrate
that when features from the DK24 and DK25 datasets are projected using PCA, they are
partially overlapped and spread across significantly larger regions, resulting in poor cluster
definition. For each dataset, the standard deviations (σ1, σ2) of the first two principal
components are DK24: (2903.8, 1551.8); DK25: (407.0, 224.2); DTEY23: (18.0, 5.8).
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Figure 6. Comparison between t-SNE (bottom row) and Principal Component Analysis (PCA
(top row)) in dimensionality reduction. Two-dimensional features for DK24, DK25, and DTEY23 are
shown in the left, middle, and right panels, respectively. Purple points indicate samples belonging to
the AFP class (or class B), green points represent samples from the PC class (or class E), and yellow
points correspond to the NTP class (or class J).

This wider spreading occurs because data with PCA are linearly mapped to the direc-
tions with largest variance, causing high variance classes to distribute across larger regions.

On the other hand, t-SNE maps the same features into more compact embedding
while effectively preserving the separation between the three TCE classes. The better
ability of t-SNE to project TCEs features into well-defined regions corresponding to their
respective classes justifies our choice to adopt this method for dimensionality reduction in
our pipeline.

6.3. Finding the Hyperparameter Configuration Optimizing Classification Accuracy

During the experiments, we conducted a systematic analysis of classification perfor-
mance by varying the Conditional Flow Matching and XGBoost hyperparameters. As sug-
gested in Jolicoeur-Martineau A. et al. [36], we tested noise levels in the range [50, 100],
with discrete increments of 10 units. The optimal number of decision trees was evaluated by
considering sets in [100, 500], each time increasing by 100 units. Given the two-dimensional
inputs of our Step 3, an extensive exploration of the maximum depth of the trees was not
necessary, limiting the analysis to architectures with depths of no more than four levels.
The number of training epochs of decision trees was estimated in [10, 100], with increments
of 10. The batch size for each epoch was chosen by preferring powers of 2 in order to
optimize computational efficiency and maximize the use of available hardware resources.
The value of 63 steps for each epoch allowed us to process batch sizes of similar size to
256. The experiments conducted revealed that the performance does not improve as model
complexity increases. This result finds a natural interpretation in Occam’s razor heuristic,
according to which, given equal performance, simpler models are preferable to their more
complex counterparts.

6.4. Comparison with State-of-the-Art Vetting Models

In this section, we compare the predictive performance of our model with those
achieved by state-of-the-art vetting models. Table 5 reports the technical details regarding
the models we compare with, while Table 3 summarizes the performance of these compari-
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son models. Direct comparisons should be made with caution as these models are trained
and tested on datasets from different surveys, varying in training and test set size and
pre-processing methods. Additionally, each model applies a specific classification threshold,
which is typically optimized on recall to minimize the fraction of misclassified planets.

Table 5. Technical details regarding the deep learning models we compare for classification per-
formance in Table 3. For each model, we provide information about the architecture and training
hyperparameters. Input branches indicate the number of input channels through which the model
processes data. The column Figure Ref. refers to the figure in the original article where the network
architecture is shown. We derived the information displayed in this table from reference articles
(and from related source codes when available). We were not able to retrieve the related information
for the element denoted with the “-” symbol.

Hyperparameters Models

Exominer Astronet-Triage-v2 Salinas H. et al. [42]

Architecture CNN CNN Transformer
Figure Ref. Figure 9 Figure 8 Figure 2
Input branches 8 7 3
Activation ReLU ReLU Attention Mechanism *
Regularization Dropout Dropout Dropout
Fully-connected 4 × 128 4 × 512 Linear (X→ 2) *
Output Sigmoid Sigmoid Softmax *
Optimizer Adam Adam Adam
Training - 20,000 steps 60 epochs
Learning rate 6.73 × 10−5 1 × 10−3 1 × 10−3

Batch size - 64 100
Model selection 10-fold CV 10-fold CV 10-fold CV

Armstrong D. et al. [39] Armstrong D. et al. [30]
Kepler K2

Architecture SOM SOM RFC + SOM
Grid dimension 20 × 20 8 × 8 20 × 20
Radius 20 <20 20
Training epochs 500 500 300
Learning rate 0.1 0.1 0.1

* Softmax in the final layer, Attention Mechanism within the Transformer blocks. X represents the concatenated
output dimension of the encoders.

Exominer achieves a precision of 0.96 and recall of 0.97, while Astronet-Triage-v2
attains 0.84 and 0.99, respectively. Despite their ability to minimize the fraction of false
negatives, these models were designed to process human-relevant input features, some of
which are linearly dependent. For example, the local view is essentially a global view with
a different bin size. Including such redundant features increases model complexity without
significantly improving generalization capabilities [23,43,70]. In addition, high-dimensional
inputs increase the risk that the network will need substantial architectural changes to
be applied to data from different surveys. This limitation is evident in the degraded
performance of Exominer when applied to TESS data (Exominer-Basic), where its precision
and recall drop to 0.88 and 0.73, respectively. While reducing input redundancy is crucial for
optimizing model effectiveness, astronomers often prioritize interpretability to understand
the reasoning behind model predictions. Salinas H. et al. [42] introduced a Transformer-
based approach designed to enhance interpretability. However, its performance remains
below that of Exominer and Astronet-Triage-v2, achieving a precision of 0.809 and recall
of 0.8.
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The SOM-based model proposed by Armstrong D. et al. [39] proves its robustness on
K2 data, with an F1-score = 0.958, but the performance deterioratea on the Kepler dataset,
where the F1-score is 0.864.

Compared to all previous approaches, our model achieves the highest scores on both
Kepler and TESS datasets, with an F1-score of 0.980 and 1.0, respectively. Notably, this
performance is achieved without increasing input dimensionality, consequently making
our model easily transferable across surveys. Our implementation choices supported
by promising results suggest that projecting the learned features into lower dimensional
spaces and then classifying them by exploiting the capabilities of decision trees as universal
approximators may be sufficient to outperform more complex models.

6.5. Current Limitations of Our Model

The current limitation of our approach is the use of t-SNE for dimensionality reduction.
Unlike deep learning models, t-SNE lacks optimizable parameters and, therefore, cannot
learn dynamic mappings from high- to low-dimensional space through a training phase.
Consequently, to guarantee that the two-dimensional projection of training data is not
influenced by test data during dimensionality reduction (as described in Step 2 of Section 4),
we had to split D1 into distinct subsets.

Additionally, t-SNE is computationally expensive on large datasets as it requires
computing pairwise distances. Although this method presents these drawbacks, it proved
to be effective in preserving class separability in the lower-dimensional embeddings of
both our TCE datasets and benchmark datasets of images and handwritten digits [71].

To address these limitations, we plan to replace t-SNE with methods that can learn
dynamic mapping, such as Variational Autoencoder (VAE).

6.6. The Noise Affecting TCE Labels and Lack of Benchmark Dataset

In this section, we discuss what we consider to be a central challenge in the field of
exoplanet detection: the presence of label noise affecting the classification of TCEs. It is well
known by the exoplanet community that TCE labels are subject to uncertainty as they may
evolve over time with the availability of new observations and through manual vetting by
experts. Consequently, a certain degree of ambiguity is to be expected. For example, this
issue is mentioned in Exominer and found in Astronet-Triage-v2, where Table A1 in Tey E.
et al. [22] highlights certain disagreements among astronomers regarding TCE dispositions,
with some cases lacking a Consensus Label. Further discrepancies in the TCE label can be
found in Cacciapuoti L. et al. [6] and Magliano C. et al. [7], who independently examined
and relabeled subsets of TCEs from the ExoFOP catalog, sometimes diverging from the
labels provided by the TESS Follow-up Program Observing Group (TFOPWG; [72]). Labels
change over time, observable in the “View all TFOPWG Disposition” field of ExoFOP,
further confirming this underlying ambiguity.

Supervised models for exoplanet detection are evaluated on these datasets, labeled
by different research teams, and a universally accepted “ground-truth” dataset for model
assessment does not yet exist. This constitutes a significant limitation that makes direct
comparisons across studies inherently difficult. This remains an open issue in the field and
warrants further attention from the exoplanet community.

7. Conclusions
We presented a model to distinguish planetary signals from false positives in Kepler and

TESS transit light curves. Our approach combines deep learning, dimensionality reduction,
diffusion models, and decision trees. More precisely, we used VGG19 for feature extraction,
t-SNE for dimensionality reduction, and Conditional Flow Matching with XGBoost for
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classification. The proposed model was evaluated on three datasets achieving F1-scores of
98% on Kepler data and 100% on the TESS dataset TEY23, which represents a performance
improvement over the best-performing models on Kepler (1% better than Exominer) and
on TESS (10% better than Astronet-Triage-v2). The architecture we designed guarantees
low computational complexity in data collection, preparation, and processing. Our Python
code (version 3.10.15), implemented using the PyTorch library (version 1.9.5) [73], is freely
available at the following link: https://github.com/stefanofisc/dartvetter_cfm.

We relied on the effectiveness of VGG19 as a feature extractor, as illustrated in Figure 4,
and the results reported in Table 3 proved that t-SNE significantly enhances class separa-
bility. While VGG19 extracts highly discriminative patterns, these features lie in a high-
dimensional space, which can affect the ability of the classifier to define optimal decision
boundaries. By contrast, projecting these features into a two-dimensional space via t-SNE
facilitates the learning of well-defined separation surfaces. This enables CFM and XGBoost
to achieve high classification accuracy with substantially lower computational and memory
demands. We carefully considered the potential risk of overfitting while designing our
pipeline. Consequently, we employed several strategies to reduce this risk, particularly in
preventing the model from being biased toward the majority class, as detailed in Section 4.
Furthermore, without dimensionality reduction, training CFM on high-dimensional feature
vectors, with the method developed by Jolicoeur-Martineau A. et al. [36], would have been
infeasible due to the need for dataset duplication for each noise level.

Future work will explore alternative dimensionality reduction techniques, such as
Variational Autoencoder, to further optimize the feature representation.

Another important aspect to be addressed in future developments is the exploration of
more data augmentation methods, such as statistically based undersampling and oversam-
pling [74]. In the present work, our aim was to extend the PC class in order to construct the
largest and most reliable dataset representation for evaluating our model. To this end, we
employed a simple yet effective oversampling technique, consisting of horizontally flipping
the global views of the PC class. This approach preserves the statistical properties of the
original signals as it does not leverage on synthetic signal injections or noise distortions.
On the other hand, undersampling could be considered in scenarios where training and
evaluation are performed exclusively on real data. In this context, one could randomly
select a representative subset from the majority classes (i.e., NTP, J, and AFP). However,
while this approach may help balance the class distribution, it carries the risk of discarding
informative examples crucial for capturing the diversity of non-planetary signals. This may,
in turn, introduce bias and negatively affect the generalization capabilities of our model.
Among the various augmentation techniques, we believe statistically based oversampling
appears to be the most promising avenue for future exploration. Architectures such as VAEs
and diffusion models offer the possibility to sample new data from a learned latent space,
enabling the generation of realistic variations of planetary signals. These synthetic samples
tend to preserve the underlying statistical distribution of the original data, potentially
enhancing the robustness of our model without compromising data representation.

Additionally, we plan to extend the application of our model to upcoming transit sur-
veys, including ESA’s PLAnetary Transits and Oscillations of stars (PLATO) [75], to assess
its generalization capabilities on new data.
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