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Abstract 
Wireless Capsule Endoscopy (WCE) has become an important tool in gastro-
intestinal diagnostics, yet the manual review of extensive video data remains 
labor-intensive and subjective. While deep learning has shown promise for 
automating this task, existing approaches are largely limited to binary bleeding 
classification and lack robustness, interpretability, and multiclass lesion anal-
ysis. This paper introduces a fully automated, CNN-based framework for ro-
bust multiclass lesion classification in WCE imagery, addressing bleeding, ul-
cers, and arteriovenous malformations (AVMs). Leveraging the KAUHC da-
taset, a novel repository of 3301 annotated small-bowel endoscopic images 
from Saudi Arabia comprising Normal (2156), AVM (673), and Ulcer (472) 
frames, our method employs a fine-tuned VGG16 architecture with advanced 
data augmentation and preprocessing to handle class imbalance, illumination 
variance, and anatomical complexity. The system achieves strong diagnostic 
performance, with a precision of 0.97, recall of 0.97, and an F1-score of 0.97, 
outperforming baseline models such as InceptionV3. Furthermore, we inte-
grate Explainable AI (XAI) techniques (including SHAP and LIME) to provide 
interpretable decision support and enhance model transparency for clinical 
interpretation. By bridging the gap between experimental AI and real-world 
usability, this work offers a reliable, scalable, and interpretable tool with the 
potential to support computer-assisted gastrointestinal diagnostics and accel-
erate AI-driven automation in clinical workflows. 
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1. Introduction 

Wireless Capsule Endoscopy (WCE) has revolutionized gastrointestinal diagnos-
tics by enabling noninvasive, full-length visualization of the digestive tract through 
a swallowable camera [1]-[3]. This technology is indispensable for detecting crit-
ical conditions such as Crohn’s disease, ulcers, polyps, and gastrointestinal bleed-
ing [4] [5]. However, a major bottleneck arises post-procedure: each WCE exam-
ination generates tens of thousands of images, necessitating exhaustive manual 
review by clinicians, a process that is labor-intensive, time-consuming, and prone 
to diagnostic variability, especially for subtle or intermittent bleeding regions that 
are easily overlooked [6]-[8].  

The clinical urgency for efficient and accurate bleeding detection is underscored 
by its substantial global and regional health burden. Gastrointestinal diseases, 
where bleeding is a frequent and serious complication, affect millions worldwide, 
leading to high rates of morbidity, mortality, and healthcare expenditure. Accord-
ing to the World Health Organization (WHO), digestive diseases constitute a sig-
nificant portion of the global disease burden, with acute bleeding contributing 
notably to emergency hospitalizations and mortality [9]. This challenge is partic-
ularly acute in regions such as the Kingdom of Saudi Arabia (KSA), where gastro-
intestinal disorders rank among the leading causes of hospital admissions. Recent 
reports from the Saudi Ministry of Health indicate a rising prevalence of condi-
tions like peptic ulcer disease and inflammatory bowel disease—common sources 
of gastrointestinal bleeding—thereby escalating the demand for reliable and effi-
cient diagnostic tools [10]. The difficulty in localizing obscure bleeding sources 
further amplifies the need for technological solutions that can enhance early de-
tection, expedite clinical intervention, and mitigate associated clinical and socio-
economic impacts both globally and within the Kingdom.  

Beyond WCE-specific research, a wide body of work has investigated AI-based 
techniques for medical imaging across multiple modalities, including intracranial 
hemorrhage (ICH), diabetic retinopathy (DR), and stroke detection. These studies 
provide useful methodological insights and highlight the diversity of DL strategies 
employed in clinical diagnostics. Recent advances demonstrate several pivotal 
trends, including the architectural shift from standard CNNs toward hybrid and 
transformer-based models that better capture spatial dependencies [11] [12]; the 
adoption of data-centric innovations such as augmentation and synthetic data 
generation to address class imbalance and scarcity; the integration of interpreta-
bility tools like Grad-CAM and SHAP to enhance clinical transparency [13]; and 
the development of lightweight, real-time frameworks suitable for edge deploy-
ment [14]-[16]. In neuroimaging, genetic algorithms combined with BiLSTM net-
works have been applied for early stroke detection [17], while CNN-ResNet fusion 
has been used for hemorrhage and infarct classification [18]. Similarly, in oph-
thalmology, hybrid DL models with optimization techniques like APSO have been 
developed for DR severity classification [19], and EfficientNet-based frameworks 
have been proposed for early DR detection [20]. Despite these advances in adja-
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cent fields, their systematic application to WCE (particularly for multi-class lesion 
detection and explainable diagnostics) remains limited. This disconnect highlights 
an opportunity to adapt proven methodologies from broader medical AI research 
to address the unique challenges of gastrointestinal image analysis.  

To advance automated WCE analysis, the availability of high-quality, annotated 
datasets is essential. Recently, the authors in [21] introduced the King Abdulaziz 
University Hospital Capsule (KAUHC) dataset, a novel annotated repository of 
small-bowel endoscopic images from Saudi Arabia, comprising labeled frames 
across three categories: Normal, Arteriovenous Malformations (AVM), and Ulcer.  

This paper extends beyond these baselines by employing deep learning archi-
tectures, systematic data augmentation, and integrated explainable AI. Therefore, 
this work is motivated by specific research gaps in current WCE analysis. Most 
existing solutions are confined to binary bleeding classification and lack validation 
across diverse lesion types commonly encountered in practice, such as ulcers and 
arteriovenous malformations (AVMs). Few models are designed to handle the in-
herent variability in WCE imaging conditions, including class imbalance, lighting 
inconsistencies, and anatomical complexity. Moreover, the “black-box” nature of 
deep learning models hinders clinical trust and adoption, with the systematic in-
tegration of Explainable AI (XAI) into WCE analysis remaining rare. While AI 
methods have matured in other medical imaging domains, their tailored applica-
tion to WCE (especially for multi-class, explainable lesion detection) is still un-
derdeveloped.  

To address these gaps, we introduce a robust, interpretable, and clinically adapt-
able CNN-based framework for automated multi-class lesion detection in WCE, 
with a primary focus on bleeding, ulcers, and AVMs. Our contributions are three-
fold:  

1) Development of an Interpretable Deep Learning Framework: A fine-tuned 
CNN-based architecture is designed and evaluated for multi-class WCE image 
analysis, achieving strong diagnostic performance (e.g., VGG16 F1-score: 0.97), 
supplemented with XAI modules for explainable predictions.  

2) Data-Centric Optimization for Improved Robustness A comprehensive pre-
processing and augmentation pipeline is implemented to address class imbalance, 
imaging artifacts, and clinical variability, thereby enhancing model generalizabil-
ity across diverse datasets.  

3) End-to-End System-Oriented Evaluation: A practical, deployable system de-
sign is emphasized (focusing on stability, scalability, and seamless integration into 
clinical screening workflows) to bridge the gap between experimental validation 
and real-world application.  

The remainder of this paper is organized as follows. Section 2 reviews related 
work and identifies persistent research gaps. Section 3 details the proposed meth-
odology, including dataset description, preprocessing pipeline, architectural de-
sign, and training protocol. Section 4 presents experimental results and analysis, 
encompassing model performance evaluation, comparative architecture assess-
ment, and explainability analysis. Finally, Section 5 concludes the paper.  
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2. Related Work  

Recent advances in artificial intelligence for medical imaging have demonstrated 
significant potential across a wide spectrum of clinical applications. While these 
developments have primarily focused on modalities such as computed tomogra-
phy (CT) for intracranial hemorrhage (ICH), retinal fundus imaging for diabetic 
retinopathy (DR), and magnetic resonance imaging (MRI) for stroke, they offer 
valuable methodological insights that remain largely untapped in Wireless Cap-
sule Endoscopy (WCE) analysis. This section critically examines these cross-do-
main innovations, evaluates their limitations, and identifies transferable strategies 
that inform the development of a more robust, interpretable, and clinically appli-
cable WCE diagnostic system.  

In the domain of neuroimaging, substantial progress has been made in auto-
mating the detection of ICH and stroke through sophisticated hybrid architec-
tures. For instance, the authors in [17] combined genetic algorithms with Bidirec-
tional Long Short-Term Memory (BiLSTM) networks for early stroke detection, 
achieving high accuracy but lacking interpretability features essential for clinical 
adoption. Similarly, the work in [18] employed CNN-ResNet fusion for hemor-
rhage and infarct classification, demonstrating strong binary classification perfor-
mance but neglecting multiclass diagnostic challenges. Further innovations in-
clude ML models using ResNet50 for hemorrhage classification [22], which 
achieved modest accuracy but lacked integration with explainable AI, and DL ap-
proaches using basic CNNs for ICH detection [23], which demonstrated high sen-
sitivity but offered limited architectural novelty and multiclass extension. These 
studies reveal a common pattern in neuroimaging research: while technical per-
formance metrics are often impressive, there remains insufficient attention to 
model transparency, generalizability across heterogeneous data, and integration 
into real clinical workflows.  

Further innovations in ICH detection include the use of windowed CT slices 
with architectures such as InceptionV3, EfficientNet, and ResNext101 [24], 
though with moderate accuracy and limited explainability. Hybrid models have 
also gained traction, such as the combination of improved AlexNet with Incep-
tion-v4 via transfer learning [25], and the integration of CNNs with metaheuristic 
optimization algorithms like Rider Optimization (ROA) for hyperparameter tun-
ing [26]. These approaches show gains in accuracy but often at the cost of in-
creased complexity and limited clinical interpretability. More advanced solutions 
include few-shot learning with U-Net architectures [27] and two-stage approaches 
with YOLO and 3D-CNN for cerebral microbleed detection [28], yet these still 
struggle with integration into real-time clinical workflows.  

The field has witnessed a notable architectural evolution beyond standard 
CNNs. Transformer-based models, as introduced for ICH detection in [11], lev-
erage self-attention mechanisms to capture complex spatial dependencies in CT 
images, reporting improved accuracy over conventional CNNs. Parallel develop-
ments include lightweight hybrid frameworks such as SINO-CT-FusionNet [14], 
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designed for efficient real-time detection, and 3D CNN approaches [29] that in-
corporate volumetric context for more reliable cross-dataset performance. Empir-
ical analyses using 3D CT images for ICH detection have further underscored the 
importance of volumetric data and slice-sequence modeling [29], though these 
approaches are not directly applicable to 2D WCE frames. Multi-label classifica-
tion of hemorrhage subtypes has also been explored using CNN ResNet architec-
tures [15], while temporal modeling has been incorporated via CNN and BiLSTM 
fusion for non-contrast CT volumes [30]. Research also extends to automated brain 
hemorrhage detection through end-to-end DL approaches [31], which demon-
strate automation capabilities but lack interpretability and clinical integration de-
tails. Despite their demonstrated effectiveness in CT and MRI domains, these ad-
vanced architectures have not been systematically adapted to WCE’s unique chal-
lenges, including variable illumination, motion artifacts, and subtle mucosal pat-
terns.  

In ophthalmology, automated DR screening has driven innovations in both ef-
ficiency and comprehensiveness. Research ranges from hybrid methods combin-
ing CNN-based feature extraction with classifiers like SVM [32] to more stream-
lined, efficient architectures. An EfficientNet-based framework was developed in 
[20] that achieves high sensitivity and specificity with reduced computational de-
mands, making it suitable for resource-constrained screening environments. More 
comprehensive diagnostic approaches, such as the APSO-GResNet hybrid model 
proposed in [19], combine features from multiple pretrained networks optimized 
through Adaptive Particle Swarm Optimization to detect a wider spectrum of DR 
lesions. Other works include feature extraction and classification using CNNs with 
traditional classifiers like NB, SVM, and KNN for microaneurysm detection [33], 
and the application of deep medical learning models for ovarian cancer detection 
[34]. Additional contributions include surveys reviewing DR detection using fun-
dus images [35], which provide comparative insights but offer no technical inno-
vations, and CNN-based approaches for early detection and staging of diabetic 
retinopathy [36], though these often neglect explainability and deployment con-
straints. These methodologies highlight the importance of balancing accuracy 
with computational efficiency and expanding detection scope beyond binary clas-
sification—objectives equally critical yet underexplored in WCE research.  

Explainable AI (XAI) has emerged as a crucial component in building clinical 
trust, particularly in high-stakes diagnostic applications. Grad-CAM visualiza-
tions were integrated into a multi-label DR classification model in [13] to provide 
transparent decision support. Further advancements include two-stage DL ap-
proaches with Grad-CAM for DR [13] and the use of residual attention networks 
for stroke detection [37]. Web-based DL frameworks have also been proposed for 
precise brain hemorrhage detection from CT scans [38], demonstrating practical 
deployment potential but limited validation in clinical workflows. However, de-
spite these advances, XAI remains conspicuously absent from WCE literature. To 
our knowledge, no prior study has systematically incorporated explainability tech-
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niques such as SHAP or LIME into a multiclass WCE lesion detection framework, 
representing a significant barrier to clinical translation.  

Within WCE-specific research, existing approaches demonstrate notable limi-
tations. In [39], AlexNet was fine-tuned for binary bleeding detection but did not 
address ulcers or arteriovenous malformations (AVMs), nor were explainability 
mechanisms incorporated. Similarly, a CNN-Vision Transformer fusion (Conv-
ViT) was proposed in [12] for gastrointestinal abnormality detection but with lim-
ited validation on multiclass datasets. Other notable contributions include focal 
modulation-driven CNNs for GI anomaly detection [40], though with relatively 
low performance metrics, and studies on DL with transfer learning using VGG16 
and windowing techniques for ICH detection [41]. Beyond GI applications, re-
search extends to gynecological imaging with innovative machine learning ap-
proaches for fibroid detection in uterine ultrasound [42], demonstrating the adapt-
ability of AI across organ systems but remaining disconnected from WCE chal-
lenges. These works remain confined to a narrow diagnostic scope, lack robust-
ness to WCE’s inherent variabilities, and fail to leverage methodological innova-
tions from adjacent medical imaging domains.  

Beyond these specific applications, broader methodological surveys and reviews 
provide valuable context for AI in medical imaging. Comprehensive surveys on 
AI-driven biomedical image processing for hemorrhage detection [43] and AI ap-
plications in stroke imaging [44] offer useful comparative insights into methodo-
logical trends and clinical deployment considerations, though they propose no 
novel technical models. Research also extends to dual detection approaches for 
brain tumors and ICH [16], automated brain hemorrhage detection in smart IoT 
environments [45], and DL with optimization techniques for ICH detection [46]. 
While these studies provide valuable insights into architectural hybridization, ef-
ficiency optimization, and deployment strategies, their direct application to WCE 
remains limited, and they often lack the depth required for clinical translation in 
gastrointestinal diagnostics.  

Most recently, the authors in [21] introduced the King Abdulaziz University 
Hospital Capsule (KAUHC) dataset (annotated WCE datasets from the Middle 
East region). The dataset comprises 3301 labeled frames across three categories 
(Normal: 2156; AVM: 673; Ulcer: 472) curated from 86 WCE studies conducted 
at King Abdulaziz University Hospital between December 2019 and December 
2023. Images were acquired using the OMOM capsule system at 2 frames per sec-
ond, with each frame at 512 × 512-pixel resolution. The authors validated anno-
tation quality through multiple methods: 1) three medical experts with consensus-
based labeling (agreement by ≥2 experts), 2) Cohen’s Kappa inter-rater agreement 
(κ = 0.81 - 0.83, indicating near-perfect agreement), and 3) baseline machine 
learning classifiers (DT, RF, KNN, LR, NB, SVM). While binary classification 
achieved accuracies up to 100%, multiclass performance showed greater varia-
bility (57% - 98% accuracy across classifiers) [21]. Crucially, the study does not 
explore deep learning architectures, lacks advanced data augmentation strategies 
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to handle class imbalance, and offers no integration of explainable AI (XAI) tech-
niques (all critical components for developing clinically deployable diagnostic sys-
tems). Furthermore, validation primarily focuses on binary classification scenar-
ios, with multiclass analysis receiving limited attention despite the dataset’s three-
class structure.  

The limitations observed across these studies reveal several persistent gaps in 
automated WCE analysis. First, there is a disconnect between methodological 
advances in broader medical AI and their application to WCE challenges. Sec-
ond, existing WCE approaches typically focus on binary detection rather than 
clinically relevant multiclass classification. Third, robustness to imaging varia-
bilities is often addressed through isolated techniques rather than integrated 
pipelines.  

 
Table 1. Critical summary of Related AI studies in medical imaging. 

Ref. Approach AI Methods Used Modality/Target Key Results Limitation 

[17] 

Genetic algorithm + BiLSTM 
for early stroke detection 

GA, BiLSTM 
Stroke/ 
Neuroimaging 

Acc: 96.45%,  
F1: 96%. 

Limited explainability; not 
validated on volumetric or 
temporal medical data. 

[18] Automated detection using DL CNN-ResNet 
Brain hemorrhage 
and infarction 

Acc: 95%,  
F1: 96% 

Binary focus; lacks multiclass 
lesion differentiation. 

[22] 

ML model for hemorrhage 
classification 

ResNet50, ML ICH/CT 
Acc: 91.46%,  
F1: 94%. 

Modest accuracy; no integration 
with explainable AI. 

[23] DL for ICH detection CNN ICH/CT 
Sensitivity: 98%, 
Specificity: 95% 

Lacks architectural novelty; no 
multiclass extension. 

[24] 

CNN-based binary 
classification using windowed 
CT slices 

InceptionV3, 
EfficientNet, etc. 

ICH/CT Acc: 84.03% 
Moderate accuracy; no 
integration of explainability 
methods. 

[25] 

Combined AlexNet and 
Inception-v4 

AlexNet,  
Inception-v4 

ICH/CT 
Acc: 94.54%,  
F1: 0.938 

No discussion of generalizability 
to other modalities. 

[26] DL with Rider Optimization 
ICHDC-RODL,  
XCS-LBP, BiLSTM 

ICH/CT 
Acc: 98.34%,  
F1: 98.56% 

Complex optimization; limited 
clinical interpretability. 

[27] 

Few-shot learning with U-Net 
architecture 

Adversarial learning, 
Multi-scale CNN 

ICH/CT Not specified 
Experimental; lacking large-scale 
validation. 

[28] 

Two-stage DL with YOLO + 
3D-CNN 

YOLOv2, 3D-CNN 
Cerebral 
microbleeds/MRI 

Sensitivity: 
94.32% 

Low precision (61.94%); not real 
time. 

[11] 

Transformer-based ICH 
detection 

Transformer DL ICH/CT 
Improved 
accuracy 

Computationally intensive; not 
optimized for video data. 

[14] 

Lightweight ICH detection 
framework 

SINO-CT-FusionNet ICH/CT 
High accuracy, 
low cost 

Hardware-agnostic; lacks 
validation on other modalities. 

[29] 3D CNN for ICH detection 3D CNN ICH/CT 
Reliable cross-
dataset detection 

Volumetric only; not applicable 
to 2D WCE frames directly. 

[15] 

Multi-label classification for 
hemorrhage types 

CNN ResNet ICH/CT 
Acc: 93.3%, 
Recall: 76% 

Lower recall for certain subtypes; 
no temporal modeling. 

[30] 

CNN and biLSTM for  
non-contrast CT volumes 

CNN, biLSTM ICH/CT 
Acc: 98.15%,  
F1: 98%. 

Focused only on CT; not adapted 
to endoscopic data. 

[31] 

Automated brain hemorrhage 
detection using DL 

DL models ICH/CT 
Automation 
demonstrated 

Lacks interpretability and clinical 
integration details. 
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Continued 

[32] 

CNN and SVM for eye disease 
detection 

CNN, SVM 
Ophthalmology/ 
DR 

CNN Acc: 
98.03% 

Handcrafted hybrid approach; no 
attention to class imbalance. 

[20] 

EfficientNet-based DR 
detection 

EfficientNet DR/Fundus 
High sensitivity 
/specificity 

Not adapted to the challenges of 
endoscopic imaging. 

[19] 

Hybrid DL with APSO for 
severity classification 

GoogleNet, ResNet, 
APSO 

DR/Fundus Acc: 94% 
Computation is heavy; it lacks 
real-time applicability. 

[33] 

Feature extraction + 
Classification 

CNN, NB, SVM, 
KNN 

Microaneurysm/ 
Fundus 

Acc: 93%,  
Recall: 95.57% 

Traditional classifiers: no deep 
learning advantage is fully 
exploited. 

[34] 

Classification Using Deep 
Medical Learning Model 

Deep Medical Model 
Ovarian 
cancer/MRI 

Acc: 90.62% 
Model not reproducible; details 
are insufficient. 

[35] Review of DR detection Various DL models DR/Fundus 
Comparative 
insights 

No technical contribution; only a 
survey. 

[36] 

Feature extraction + 
Classification 

CNN DR/Fundus 
Acc: 94%,  
F1: 94.70% 

No attention to explainability or 
deployment constraints was 
given. 

[13] 

Two-stage DL with  
Grad-CAM 

ResNet, Grad-CAM DR/Fundus 
Sensitivity: 
93.9%, 
Specificity: 94.4% 

Limited to retinal images; not 
tested on WCE. 

[37] 

Stroke detection using residual 
attention networks 

Residual Attention 
Network 

Stroke/CT 
Improved 
localization 

Not applied to GI or WCE data. 

[38] 

Feature extraction + 
Classification 

CNN, LSTM,  
ResNet, GAN 

Not specified Acc: 93.55% 
The unclear application context 
lacks clinical focus. 

[39] 

AlexNet-based WCE bleeding 
detection 

AlexNet WCE/GI bleeding 
Effective in the 
GI tract 

Binary only; no ulcers/AVMs; no 
explainability. 

[12] 

CNN and ViT fusion for GI 
abnormality detection 

Conv-ViT 
WCE/GI 
anomalies 

High detection 
rate 

Limited to binary/multiclass, not 
clearly validated. 

[40] Focal Modulation-Driven CNN CNN 
GI anomalies/ 
Endoscopy 

Acc: 0.73,  
F1: 0.73 

Low performance metrics; 
limited dataset. 

[41] DL with Transfer Learning VGG16, Windowing ICH/CT 
Acc: 0.956,  
AUC: 0.76 

Moderate AUC; no attention to 
data imbalance. 

[42] 

Feature extraction + 
Classification 

CNN, KNN 
Uterine fibroid/ 
Ultrasound 

Acc: 92.14%,  
F1: 0.92 

Hybrid shallow; lacks end-to-end 
learning. 

[43] 

Survey on AI for hemorrhage 
detection 

CNN, LSTM, GA, 
PSO, ACO 

Survey/Multiple Not specified Broad overview 

[44] AI in stroke imaging Various AI methods Stroke/MRI, CT 
Insights on AI 
applications 

Broad overview 

[16] 

Study of DL in brain tumor  
and ICH detection 

CNN 
Neuroimaging/ 
CT and MRI 

Promising dual 
detection 

Broad focus; lacks depth in either 
modality. 

[45] 

CNN-based brain hemorrhage 
detection in smart 
environments 

CNN ICH/CT, IoT 
Real-time 
detection 

Not validated in clinical 
workflows; edge-only focus. 

[46] 

DL + optimization for ICH 
detection 

CNN + Optimization ICH/CT 
Enhanced 
accuracy 

Hyperparameter-heavy; not 
generalizable. 

[21] 

Introduction of the KAUHC 
dataset with ML validation 

DT, RF, KNN, LR, 
NB, SVM 

WCE/Small-bowel 
abnormalities 

Cohen’s Kappa: 
0.81 - 0.83, Acc: 
up to 100% 
(binary) 

Limited to traditional ML; no 
deep learning exploration; lacks 
XAI; multiclass validation is 
minimal; no augmentation 
strategies. 
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Finally, the lack of explainability severely hampers clinical trust and adoption 
potential. Table 1 provides a comprehensive summary of these related works, 
highlighting their contributions and critical limitations. This work directly ad-
dresses the identified gaps by synthesizing cross-domain methodological insights 
into a unified WCE diagnostic framework. Unlike prior approaches that adopt 
innovations in isolation, we implement a fine-tuned VGG16 architecture, en-
hanced with artifact-aware preprocessing, imbalance-sensitive augmentation, and 
integrated XAI modules [47]-[49]. By leveraging the multiclass KAUHC dataset 
introduced in [21], we extend detection beyond binary classification to include 
ulcers and AVMs, aligning with real clinical diagnostic needs. Our approach not 
only advances WCE automation but also demonstrates how systematic integra-
tion of robustness, interpretability, and clinical relevance can bridge the gap be-
tween experimental AI and practical healthcare applications.  

3. The Proposed Framework  

The proposed framework for automated multiclass lesion detection in WCE im-
agery is constructed through five interconnected methodological components, 
each addressing a specific challenge in the diagnostic pipeline. First, a preprocessing 
module eliminates non-diagnostic visual artifacts, specifically circular black bor-
ders and textual annotations, through a dedicated inpainting pipeline, ensuring 
that subsequent learning focuses exclusively on clinically relevant mucosal tissue. 
Second, a data partitioning and balancing strategy establishes stratified training, 
validation, and test splits while mitigating class imbalance via controlled over-
sampling, thereby preventing model bias toward over-represented pathological 
categories.  

Third, the core architectural contribution comprises a fine-tuned VGG16 back-
bone augmented with a custom classification head, where global average pooling 
replaces traditional flattening to reduce parameter complexity, and dense layers 
with ReLU activation learn hierarchical feature representations for three-class 
differentiation. Fourth, a standardized training protocol governs optimization 
through the Adam algorithm and categorical cross-entropy loss, ensuring repro-
ducible weight updates and convergence behavior. Fifth, a comprehensive evalu-
ation framework employs important complementary metrics (accuracy, sensitiv-
ity, specificity, precision, and F1-score) to quantify diagnostic performance from 
multiple perspectives, with particular emphasis on sensitivity to minimize missed 
pathological findings. Collectively, these components form an end-to-end, inter-
pretable system designed for clinical deployment, as detailed in the following sub-
sections.  

3.1. Materials and Methods  

The KAUHC dataset [21] serves as the foundation for this work, addressing a crit-
ical regional gap in publicly available endoscopic imaging resources. Introduced 
in [21], this dataset comprises 3301 labeled frames derived from 86 Wireless Cap-
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sule Endoscopy (WCE) studies conducted at King Abdulaziz University Hospital, 
Jeddah, Saudi Arabia, between December 2019 and December 2023 using the 
OMOM capsule system. All images are in uncompressed BMP format with 512 × 
512-pixel resolution and 32-bit depth.  

The dataset is organized into three diagnostic categories: Normal with 2156 
frames from 47 studies, Arteriovenous Malformations (AVM) with 673 frames 
from 18 studies, and Ulcer with 472 frames from 4 studies. All patient data were 
de-identified prior to access, and the original study obtained ethical approval from 
the Research Ethics Committee of King Abdulaziz University Hospital (IRB #395-
22).  

The original authors validated annotation quality through three complemen-
tary methods [21]. First, three gastroenterologists performed consensus-based la-
beling with agreement required from at least two experts. Second, inter-rater reli-
ability was assessed using Cohen’s Kappa coefficient, which achieved a value of 
0.81 - 0.83, indicating near-perfect agreement. Third, baseline machine learning 
classifiers including Decision Trees, Random Forest, K-Nearest Neighbors, Lo-
gistic Regression, Naive Bayes, and Support Vector Machines were evaluated, achiev-
ing accuracy of up to 100% in binary classification scenarios.  

While binary performance was excellent, multiclass classification showed 
greater variability, with accuracy ranging from 57% to 98% across classifiers [21]. 
This high-quality, region-specific dataset provides an ideal substrate for develop-
ing and validating deep learning models tailored to local clinical populations, with 
the baseline variability underscoring the need for more robust multiclass ap-
proaches such as the framework proposed in this work.  

3.2. Dataset Preprocessing  

Raw Wireless Capsule Endoscopy (WCE) frames acquired from the capsule en-
doscopy system are frequently marred by non-diagnostic visual artifacts, most no-
tably peripheral black circular borders resulting from the capsule’s optical design 
and superimposed textual annotations embedded during video recording. These 
artifacts, while innocuous to human interpretation, pose a significant and often 
underestimated threat to deep learning-based diagnostic systems. In the absence 
of targeted intervention, convolutional kernels inadvertently allocate substantial 
representational capacity to learning these spurious patterns rather than extract-
ing clinically meaningful features from mucosal tissue (a phenomenon that com-
promises model generalizability and erodes trust in automated diagnostic out-
puts).  

To address this fundamental data integrity challenge, a dedicated preprocessing 
pipeline was developed to systematically detect, isolate, and eliminate such arti-
facts while preserving the diagnostic fidelity of the underlying tissue morphology. 
The procedure, implemented through the OpenCV library, executes the following 
sequential operations:  
• Image Acquisition: Raw WCE frames from the dataset are ingested using the 
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cv2.imread function, maintaining the original bit depth and color space to pre-
serve subtle mucosal texture variations critical for pathological discrimination.  

• Circular Region of Interest (ROI) Definition: A circular binary mask is gener-
ated concentrically with the image coordinate system, adopting a radius equiv-
alent to half the length of the image’s shortest axis. This geometric formulation 
exploits the inherent circular symmetry of capsule endoscopy optics, precisely 
isolating the diagnostically relevant field of view while systematically exclud-
ing peripheral dark corners that contain no anatomical information.  

• ROI Application: The defined circular mask is applied through a bitwise AND 
operation (cv2.bitwise_and), effectuating pixel-wise multiplication that retains 
only those intensities situated within the valid mucosal region. This operation 
eliminates extraneous dark borders with surgical precision while maintaining 
strict spatial fidelity of the retained tissue regions.  

• Artifact Detection within ROI: The extracted ROI undergoes grayscale con-
version followed by adaptive intensity thresholding, parameterized to identify 
pixels corresponding to residual dark artifacts (including circular fiducial mark-
ers, identification numbers, and timestamp annotations) without erroneously 
capturing physiologically valid dark regions, such as luminal openings or vas-
cular structures.  

• Artifact Mask Refinement: The binary artifact mask generated through thresh-
olding is logically conjoined with the original circular ROI mask through in-
tersection operations. This refinement step ensures that only artifacts situated 
within the valid anatomical region are selected for removal, preventing unnec-
essary alterations of peripheral areas already excluded from consideration.  

• Inpainting for Artifact Elimination: Identified artifact regions undergo seam-
less reconstruction via the cv2.inpaint function, implementing the Telea fast 
marching method. This algorithm propagates texture and intensity information 
from artifact boundaries inward, estimating missing pixel values through so-
lutions to partial differential equations that respect local image gradients and 
structural continuity. The approach preserves mucosal texture coherence and 
avoids the introduction of visually abrupt discontinuities that could them-
selves become sources of algorithmic bias.  

Following artifact removal and ROI extraction, all images were resized to 224 × 
224 pixels to match the VGG16 input requirements. Pixel intensities were nor-
malized to the [0, 1] range by dividing by 255. Color channels were preserved in 
RGB format without conversion to grayscale, as color information is diagnosti-
cally relevant for distinguishing vascular lesions (AVM) from mucosal ulcers. The 
inpainting and artifact removal pipeline (described above) was applied to all im-
ages before resizing, while augmentation operations (rotation, translation, zoom, 
and noise injection) were applied exclusively to the training set during over-
sampling to prevent data leakage.  

The output of this preprocessing stage comprises artifact-free, ROI-centered 
WCE frames, wherein the complete mucosal field is preserved, non-diagnostic el-
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ements are eliminated, and local texture statistics remain undisturbed. This cu-
rated visual substrate provides an uncompromised foundation for subsequent fea-
ture extraction and classification, ensuring that model capacity is directed exclu-
sively toward clinically meaningful pathological signatures.  

3.3. Dataset Partitioning and Balancing  

To ensure accurate model development and unbiased performance evaluation, the 
curated dataset was strategically partitioned into three functionally distinct sub-
sets using stratified sampling. The training set (70% of the total data) was desig-
nated for parametric optimization, the validation set (15%) for hyperparameter 
selection and overfitting monitoring, and the test set (15%) was held out exclu-
sively for final generalization assessment.  

The dataset was partitioned at the frame level using stratified sampling, with 
the stratification applied to preserve the original class distribution (Normal: 65.3%, 
AVM: 20.4%, Ulcer: 14.3%) across all subsets. We acknowledge that the original 
KAUHC dataset documentation [21] does not provide patient-level or study-level 
identifiers beyond the study counts (86 studies: 47 Normal, 18 AVM, 4 Ulcer). 
Therefore, our split was performed at the frame level following the methodology 
established in the original dataset paper [21], where baseline machine learning 
classifiers used frame-level splits without explicit study-level separation. This ap-
proach is consistent with prior WCE image classification studies that treat each 
frame as an independent sample. Future work with access to study-level metadata 
will enable patient-wise cross-validation to further validate generalizability.  

The stratified 70%-15%-15% split resulted in the following distributions before 
balancing:  
• Training set (70%): 1509 Normal, 471 AVM, 330 Ulcer (2310 total)  
• Validation set (15%): 323 Normal, 100 AVM, 70 Ulcer (493 total)  
• Test set (15%): 324 Normal, 102 AVM, 72 Ulcer (498 total)  

After oversampling with augmentation on the training set only, the training set 
was balanced as follows:  
• Training set (balanced): 1509 Normal, 1509 AVM (471 original + 1038 aug-

mented), 1509 Ulcer (330 original + 1179 augmented) (4527 total)  
Augmentation was applied only to the training set during oversampling; the 

validation and test sets remained unmodified to provide an unbiased evaluation 
of model performance.  

Beyond partitioning, the dataset presented a pronounced class imbalance (a 
pervasive challenge in medical imaging wherein pathological findings are inher-
ently rare relative to healthy tissue). Without intervention, models trained on im-
balanced distributions exhibit pathological bias: they achieve deceptively high ac-
curacy by defaulting toward majority class predictions while failing to detect clin-
ically critical minority conditions. To counteract this, the training dataset was sub-
jected to controlled oversampling, wherein images from minority classes (AVM 
and Ulcer) were strategically replicated until each class attained numerical parity 
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with the majority Normal class. This ensures gradient updates during backpropa-
gation reflect equitable contributions from all pathological categories, compelling 
the model to allocate comparable representational capacity to both common and 
rare diagnostic findings.  

While this replication-based oversampling addresses class frequency disparity 
at the batch level, it does not introduce synthetic variability (a limitation subse-
quently addressed through augmentation-based oversampling described below). 
Nevertheless, this initial balancing step establishes a foundational equilibrium that 
prevents premature model convergence toward trivial majority-class solutions.  

3.4. Model Architecture and Design Rationale  

The proposed architecture builds upon the VGG16 convolutional base (pre-trained 
on ImageNet) for feature extraction (shown in Figure 1). The proposed classifi-
cation framework employs a hybrid transfer learning architecture that synergisti-
cally combines a frozen feature extraction backbone with a task-specific classifi-
cation head.  

 

 

Figure 1. VGG16 model architecture. 
 

 

Figure 2. The proposed framework architecture.  
 

This design philosophy prioritizes both representational power and computa-
tional efficiency while safeguarding against overfitting given the moderate size of 
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the curated medical image dataset. The proposed framework architecture is 
shown in Figure 2.  

The choice of VGG16 as the backbone architecture in this study is motivated 
by several methodological and empirical considerations. First, VGG16’s uniform 
topology (comprising sequential blocks of 3 × 3 convolutional filters) is well-
suited for capturing the fine-grained textural patterns characteristic of gastroin-
testinal mucosa, where pathological signatures such as bleeding, ulcers, and arte-
riovenous malformations (AVMs) manifest as localized texture variations rather 
than global structural deformations. Second, its relatively moderate parameter 
count (compared to more complex architectures like InceptionV3) offers a favor-
able trade-off between representational capacity and overfitting risk, particularly 
given the moderate size of the annotated KAUHC dataset. Third, this architecture 
supports effective transfer learning: by freezing the pretrained convolutional base 
and attaching a compact classification head with global average pooling (GAP) 
and progressive dimensionality reduction, we achieve strong regularization, spa-
tial invariance, and a significant reduction in trainable parameters (approximately 
25 million fewer than a fully connected alternative). Fourth, empirical results (Sec-
tion 4.3) confirm that VGG16 with 6 unfrozen layers outperforms InceptionV3 
across all evaluated metrics, demonstrating superior discriminative ability for the 
target multiclass task. Finally, VGG16’s architectural simplicity and deterministic 
feature extraction behavior facilitate the integration of explainable AI (XAI) tech-
niques such as LIME, enabling clinically interpretable visualizations that align 
with domain expectations.  

1) Feature Extraction Backbone: VGG16  
The convolutional base of the VGG16 architecture, originally pre-trained on 

the large-scale ImageNet dataset (1.2 million natural images across 1000 catego-
ries), serves as the feature extractor. VGG16’s uniform topology (comprising thir-
teen convolutional layers organized into five sequential blocks, each followed by 
max-pooling for spatial downsampling) provides several advantages for medical 
image analysis. Its deep yet structurally consistent hierarchy of 3 × 3 convolutional 
filters learns progressively abstract visual representations, from low-level edge de-
tectors in early layers to high-level semantic features in deeper layers. The convo-
lutional base of the VGG16 architecture serves as the feature extractor. In our im-
plementation, the last 6 convolutional layers (approximately the last two blocks) 
were unfrozen for fine-tuning, allowing task-specific adaptation while preserving 
the generalizable visual features learned from ImageNet in the earlier layers. The 
remaining layers were kept frozen to prevent catastrophic forgetting and to main-
tain training stability given the moderate dataset size. By leveraging this hybrid 
approach, the model inherits robust, general-purpose feature detectors honed on 
diverse natural imagery while adapting to the specific characteristics of gastroin-
testinal tissue characterization.  

2) Custom Classification Head  
To adapt the generic VGG16 feature representations to the specific task of 
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small-bowel lesion tripartite classification (Normal, AVM, Ulcer), the original fully 
connected classifier head was discarded and replaced with a deliberately compact, 
sequentially regularized architecture:  
• Global Average Pooling 2D (GAP): Unlike traditional flattening operations 

that concatenate all spatial locations into an excessively high-dimensional vec-
tor (25,088 dimensions for VGG16), Global Average Pooling computes the 
spatial average of each feature map, producing a single scalar per channel. This 
reduction to 512 feature vectors dramatically decreases the parameter count, 
imposes structural regularization by enforcing spatial summation, and renders 
the model invariant to spatial translations (a desirable property for lesion de-
tection, where pathological signatures may appear anywhere within the muco-
sal field).  

• Fully Connected Layer (50 units, ReLU): A dense layer with 50 neurons re-
ceives the pooled feature representations and learns non-linear combinations 
of the extracted visual patterns. The Rectified Linear Unit (ReLU) activation 
introduces the necessary non-linearity while mitigating vanishing gradient 
phenomena, accelerating convergence during training.  

• Fully Connected Layer (20 units, ReLU): A second, narrower dense layer with 
20 neurons performs hierarchical feature refinement, distilling the most dis-
criminative attributes from the preceding representations while imposing ad-
ditional capacity constraints to discourage overfitting.  

• Output Layer (3 units, Softmax): The terminal layer comprises three neurons 
corresponding to the three target diagnostic categories. The softmax activation 
function transforms raw logits into a normalized probability distribution over 
the classes, enabling probabilistic interpretation of model predictions and di-
rect optimization via categorical cross-entropy.  

3) Architectural Rationale and Contribution  
This architectural configuration embodies several deliberate design decisions 

that collectively constitute the study’s methodological contributions. First, the re-
tention of frozen VGG16 convolutional features circumvents the need for training 
deep networks from scratch (an infeasible proposition given the dataset size) while 
capitalizing on transferable visual representations. This transfer learning ap-
proach ensures that the model inherits robust, general-purpose feature detectors 
honed on diverse natural imagery, which remain effective for gastrointestinal tis-
sue characterization without requiring extensive domain-specific retraining.  

Second, the substitution of Global Average Pooling for flattening represents a 
parameter-efficient alternative that confers multiple advantages. By eliminating 
approximately 25 million parameters that would otherwise be introduced by a 
fully connected layer atop the flattened feature maps, GAP dramatically reduces 
model complexity, mitigates overfitting, and enhances spatial robustness. This de-
sign choice ensures that the model learns to recognize pathological patterns based 
on their presence rather than their precise spatial coordinates, a critical adaptation 
for WCE analysis where lesions may appear anywhere within the mucosal field.  
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Third, the progressive dimensionality reduction through sequentially contract-
ing dense layers (512 → 50 → 20 → 3) enforces information bottleneck principles. 
This hierarchical compression compels the network to retain only the most sali-
ent, class-discriminative features while discarding noise, imaging artifacts, and id-
iosyncratic training signals. The gradual, rather than abrupt, reduction in dimen-
sionality allows for smooth feature refinement, preserving representational capac-
ity where needed while imposing increasing selectivity at each successive layer.  

Collectively, these architectural decisions prioritize generalization over memo-
rization, spatial invariance over position-dependence, and feature selectivity over 
representational redundancy—principles that are particularly salient given the in-
herent variability of WCE imagery and the clinical imperative for reliable perfor-
mance on unseen patient data.  

4) Oversampling with Augmentation  
Training was performed on a class-balanced dataset, wherein minority class 

samples (AVM and Ulcer) were augmented through controlled geometric and in-
tensity transformations, specifically random rotation (±10˚), translation (±5%), 
zoom (5%), and Gaussian noise injection (σ = 0.05), prior to replication. This con-
dition introduces synthetic variability while achieving class parity, thereby evalu-
ating the synergistic effect of architectural sophistication and data-centric optimi-
zation.  

3.5. Training Protocol and Optimization Strategy  

The training routine was carefully designed to ensure reproducible optimization, 
effective convergence, and robust generalization of the proposed architecture. The 
following protocol governed all experimental runs:  
• Data Partitioning: As described above, the dataset was partitioned using strat-

ified 70%-15%-15% splits for training, validation, and test sets, respectively. 
All training protocols described below refer exclusively to the training parti-
tion defined above.  

• Hyperparameter Configuration: A carefully selected set of hyperparameters 
governed the optimization trajectory. The learning rate, which controls the 
magnitude of weight adjustments during backpropagation, was initialized at 
0.0001 (a conservative value chosen to prevent oscillatory behavior or prema-
ture convergence to suboptimal local minima). The model was trained for a 
fixed epoch count of 50, with early stopping callback mechanisms triggered 
when validation performance plateaued for 10 consecutive epochs, thereby 
preventing unnecessary computation and mitigating overfitting. A batch size 
of 32 samples per gradient update was selected to balance gradient stability 
(favoring larger batches) with memory constraints and the stochastic regular-
ization benefits (favoring smaller batches).  

• Optimization Algorithm: The Adam (Adaptive Moment Estimation) optimizer 
was employed for weight updates throughout training. Adam was selected for 
its proven efficacy in computer vision tasks, attributable to its adaptive learn-
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ing rate mechanism that maintains per-parameter learning rates adjusted ac-
cording to estimates of the first and second moments of the gradients. This 
adaptive approach combines the advantages of two complementary optimiza-
tion methods: the momentum-based acceleration of SGD with momentum 
and the per-parameter scaling of RMSProp.  

• Loss Function: Given the multiclass nature of the classification task (three mu-
tually exclusive diagnostic categories), categorical cross-entropy served as the 
objective function for optimization. Formally, for a given training sample with 
true class label y (encoded as a one-hot vector) and model prediction ŷ  
(probability distribution over classes produced by the softmax output layer), 
the loss is computed as:  

 ( )3
1

ˆlog ,i ii y y
=

= −∑   (1) 

This formulation penalizes deviations between predicted and true probability 
distributions, with the logarithmic term imposing increasingly severe penalties as 
the predicted probability for the correct class approaches zero. Categorical cross-
entropy is particularly well-suited for this task as it directly optimizes the proba-
bilistic interpretation of model outputs, encourages confident and correct predic-
tions, and naturally accommodates the comparative evaluation of class probabili-
ties essential for clinical decision support.  
• Regularization and Convergence Safeguards: Beyond the architectural regu-

larization inherent in the Global Average Pooling layer and progressive di-
mensionality reduction, additional training safeguards were implemented. 
Early stopping monitored validation loss with a patience of 10 epochs, restor-
ing the best-performing weights upon termination. Learning rate reduction 
on plateau decreased the learning rate by a factor of 0.5 when validation loss 
stagnated for 5 epochs, allowing finer-grained weight adjustments during 
convergence. These mechanisms collectively ensured that training terminated 
at the optimal point of generalization rather than overextending into memo-
rization regimes.  

The unified training protocol, applied identically across all experiments using 
augmentation-based oversampling, ensures that observed performance differen-
tials are attributable solely to the data conditioning strategy rather than to incon-
sistencies in the optimization procedure.  

3.6. Evaluation Metrics  

To ensure an accurate and multifaceted assessment of the proposed model’s diag-
nostic performance, a comprehensive suite of complementary evaluation metrics 
was employed. These metrics collectively capture different dimensions of classifi-
cation efficacy, from overall correctness to class-specific discriminative power, 
with particular attention to the clinical imperatives of minimizing missed diagno-
ses and false alarms.  
• Metric Selection Rationale: The selection of evaluation metrics was guided by 

both standard practices in medical image classification and the specific chal-
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lenges inherent to WCE analysis (namely, class imbalance and the asymmetric 
clinical costs of misclassification). While overall accuracy provides a general 
measure of model performance, it can mask deficiencies in detecting rare but 
clinically critical pathological findings. Therefore, additional metrics that sep-
arately quantify performance on individual classes and their trade-offs were 
incorporated.  

• Definitions and Formulations: For a multiclass classification task with three 
diagnostic categories (Normal, AVM, Ulcer), the metrics are defined per class 
and then aggregated.  

Let TP, TN, FP, and FN denote the following for a given class:  
• True Positive (TP): A pathological image correctly identified as belonging to 

the target class.  
• True Negative (TN): A non-pathological image correctly identified as not be-

longing to the target class.  
• False Positive (FP): A non-pathological image incorrectly classified as belong-

ing to the target class.  
• False Negative (FN): A pathological image incorrectly classified as not belong-

ing to the target class.  
The following metrics were computed for each class independently, with macro- 

averaging employed to obtain aggregate performance estimates:  
1) Accuracy measures the overall proportion of correct predictions across all 

classes, providing a global assessment of model correctness.  

 TP TNAccuracy
TP TN FP FN

+
=

+ + +
  (2) 

While intuitive and widely used, accuracy alone can be misleading in imbal-
anced settings (a consideration that motivated the inclusion of additional met-
rics).  

2) Sensitivity (Recall) quantifies the model’s ability to correctly identify positive 
instances of a given pathological class. In clinical terms, sensitivity reflects the 
model’s effectiveness in minimizing missed diagnoses.  

 TPSensitivity
TP FN

=
+

   (3) 

High sensitivity ensures that when a lesion is present, the model is likely to flag 
it for clinician review, thereby reducing the risk of overlooking pathology.  

3) Specificity assesses the model’s capability to correctly identify negative in-
stances (i.e., normal tissue). This metric indicates how well the model avoids false 
alarms (extra flags that could erode clinician trust and increase cognitive load).  

 TNSpecificity
TN FP

=
+

  (4) 

High specificity ensures that normal findings are correctly identified as such, 
preserving the efficiency of the clinical workflow by minimizing unnecessary scru-
tiny of healthy tissue.  
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4) Precision evaluates the reliability of the model’s positive predictions by meas-
uring the proportion of correctly identified pathological cases among all cases 
flagged as pathological.  

 TPPrecision
TP FP

=
+

  (5) 

Precision addresses the question: “When the model predicts a lesion, how likely 
is it to be correct?” This metric is particularly relevant for clinical trust, as false 
positives can lead to unnecessary interventions or confirmatory testing.  

5) F1-Score provides a single balanced metric that harmonizes precision and 
recall through their harmonic mean. This aggregate measure is especially useful 
when class distribution is uneven, as it penalizes extreme imbalances between pre-
cision and recall.  

 2 TPF1-score
2 TP FP FN

×
=

× + +
  (6) 

6) The F1-score ranges from 0 to 1, with values approaching 1 indicating both 
high precision and high recall (a desirable combination for clinical deployment, 
where both missed diagnoses and false alarms carry meaningful consequences).  

4. Experimental Results and Analysis  

This section presents a comprehensive evaluation of the proposed CNN-based 
framework for multiclass lesion detection in Wireless Capsule Endoscopy (WCE) 
imagery. We systematically assess model performance across multiple architectures, 
investigate the impact of data-centric optimization strategies, and provide interpret-
ability analysis through Explainable AI (XAI) techniques. All experiments were 
conducted on the King Abdulaziz University Hospital Capsule (KAUHC) dataset 
[21], a novel annotated repository of small-bowel endoscopic images from Saudi 
Arabia.  

4.1. Dataset Description and Experimental Setup  

The KAUHC dataset [21], comprising 3301 images (Normal: 2156, AVM: 673, 
Ulcer: 472), was used in this study. Full dataset details are provided in Section 3.1. 
For our experiments, the dataset was partitioned using a stratified 70%-15%-15% 
split for training, validation, and testing, respectively. Following the methodology 
of the original KAUHC study [21], our split was performed at the frame level us-
ing stratified sampling. This decision was necessitated by the dataset structure, 
which provides frame counts but not per-patient or per-study image sequences 
beyond the study counts reported in Section 3.1. Stratified sampling ensured that 
the original class distribution (Normal: 65.3%, AVM: 20.4%, Ulcer: 14.3%) was 
preserved across all subsets, preventing evaluation bias. The training set was fur-
ther balanced through oversampling with augmentation to address the pro-
nounced class imbalance, as detailed in Section 3.4. All models were evaluated 
using a comprehensive suite of metrics: accuracy, precision, recall (sensitivity), 
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specificity, and F1-score, with macro-averaging employed for aggregate perfor-
mance estimates.  

4.2. Comparative Architecture Analysis  

We evaluated three prominent CNN architectures (VGG16 with 6 unfrozen con-
volutional layers and InceptionV3) under identical training protocols to identify 
the optimal backbone for WCE lesion detection. Table 2 summarizes the compar-
ative performance.  

 
Table 2. Performance comparison of CNN architectures. 

Architecture Accuracy Recall Specificity Precision F1-Score 

InceptionV3 0.95 0.94 0.91 0.94 0.93 

VGG16 (6 layers) 0.97 0.97 0.97 0.97 0.97 

 
The VGG16-based architecture with 6 unfrozen convolutional layers achieved 

superior performance across all metrics, with an accuracy of 0.97, recall of 0.97, 
precision of 0.97, specificity of 0.97, and an F1-score of 0.97. This represents a 4-
percentage point improvement over InceptionV3 in terms of F1-score (0.97 vs. 
0.93). More importantly, VGG16 substantially outperformed InceptionV3 in spec-
ificity (0.97 vs. 0.91), a 6-percentage point advantage that is clinically significant: 
higher specificity indicates fewer false positive predictions, reducing unnecessary 
follow-up procedures and preserving clinician confidence in automated screen-
ing. Both architectures substantially outperform the traditional machine learning 
baselines reported in the original KAUHC dataset paper [21], where multiclass 
accuracy ranged from 57% to 98% across classifiers.  

 

 

Figure 3. Training/Validation accuracy and loss curves for InceptionV3. 
 

The training dynamics and classification performance of the InceptionV3 ar-
chitecture are further detailed in Figure 3 and Figure 4, which present the accu-
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racy/loss curves and confusion matrices.  
 

 

Figure 4. Confusion matrix for InceptionV3. 
 

Several factors explain VGG16’s superior performance in this context:  
1) Architectural compatibility: VGG16’s uniform 3 × 3 convolutional filter hi-

erarchy aligns well with the textural patterns characteristic of gastrointestinal mu-
cosa, where pathological signatures manifest as localized texture variations rather 
than global structural deformations.  

2) Optimal fine-tuning depth: Unfreezing six convolutional layers (approxi-
mately the last two blocks) provided sufficient task-specific adaptation without 
catastrophic forgetting of generalizable visual features learned from ImageNet.  

3) Parameter efficiency: The substitution of Global Average Pooling for flatten-
ing, combined with progressive dimensionality reduction (512 → 50 → 20 → 3), 
imposes effective regularization while preserving discriminative capacity.  

InceptionV3 (F1-score: 0.93) demonstrated competitive but inferior perfor-
mance. This lower precision (0.94) indicates a higher rate of false positives, which 
could increase clinical cognitive load through unnecessary alerts.  

4.3. Detailed Performance Analysis of the Proposed VGG16 Model  

Figure 5 presents the training and validation curves for the proposed VGG16-
based model (6 unfrozen layers) over 35 epochs, with early stopping triggered 
upon validation plateau. The learning curves demonstrate stable convergence with 
minimal divergence between training and validation trajectories, indicating effec-
tive regularization. The absence of significant overfitting confirms the efficacy of 
our architectural regularization (Global Average Pooling, progressive dimension-
ality reduction) and training safeguards (early stopping, learning rate reduction 
on plateau). Figure 6 displays the confusion matrix for the VGG16 model on the 
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held-out test set.  
 

 

Figure 5. Training/Validation accuracy and loss curves for the proposed VGG16-based model. 
 

 

Figure 6. Confusion matrix for the proposed VGG16-based model. 
 

The confusion matrix reveals strong class-wise performance:  
• Normal class: 99.4% correctly classified, with minimal confusion (0.6% mis-

classified as AVM, 0% as Ulcer).  
• AVM class: 91.2% correctly classified, with 5.9% confusion with Normal and 

2.9% with Ulcer.  
• Ulcer class: 94.4% correctly classified, with 2.8% confusion with Normal and 

2.8% with AVM.  
The relatively lower recall for AVM (91.2%) compared to Normal (99.4%) and 

Ulcer (94.4%) reflects the inherent visual similarity between vascular malformations 
and certain normal mucosal patterns, as well as the greater morphological varia-
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bility within the AVM class. In particular, misclassifications between AVM and 
Ulcer are minimal (2.9% from AVM to Ulcer, 2.8% from Ulcer to AVM), indicat-
ing that the model has learned discriminative features for these distinct patholog-
ical entities despite their visual complexity. Table 3 provides per-class perfor-
mance metrics for the proposed model.  

The high specificity across all classes (ranging from 0.954 to 0.993) indicates 
excellent performance in correctly identifying negative cases, minimizing false 
alarms that could disrupt clinical workflow. The model achieves a weighted aver-
age F1-score of 0.970, reflecting a strong balance between precision and recall 
across all classes. The higher recall for Normal (0.994) compared to pathological 
classes reflects the model’s conservative bias toward flagging abnormalities only 
when confident (a clinically desirable characteristic that prioritizes sensitivity for 
pathology while maintaining specificity).  

 
Table 3. Per-Class performance metrics for VGG16 (6 Unfrozen Layers). 

Class Accuracy Recall (Sensitivity) Specificity Precision F1score 

AVM 0.9739 0.9118 0.9899 0.9588 0.9374 

Normal 0.9799 0.9938 0.9540 0.9758 0.9847 

Ulcer 0.9859 0.9444 0.9930 0.9577 0.9510 

Macro Average 0.9799 0.9500 0.9790 0.9641 0.9568 

Weighted Average 0.9795 0.9699 0.9670 0.9697 0.9696 

4.4. Explainable AI (XAI) Analysis  

To enhance clinical interpretability and build trust in automated predictions, we 
integrated LIME (Local Interpretable Model-agnostic Explanations) into our frame-
work [49]. LIME generates human-interpretable explanations by highlighting im-
age regions (superpixels) that contribute positively (green) or negatively (red) to the 
model’s prediction. Our implementation used the lime_image. LimeImageEx-
plainer with 1000 perturbations, 10 top features, and both positive and negative 
region visualizations. Figures 7-13 show seven different samples with the three 
possible classes. Analysis of misclassified or low-confidence predictions reveals 
several insights:  
• AVM-Ulcer confusion: In some cases where the true labels were Ulcer, LIME 

highlighted regions with vascular prominence that visually resembled AVM 
features, explaining the model’s tendency toward AVM prediction. This sug-
gests that certain ulcerated regions may exhibit secondary vascular changes 
that mimic AVM characteristics.  

• Subtle pathology: For early or small lesions, the highlighted regions were smaller 
and less concentrated, reflecting the model’s lower confidence when patholog-
ical signatures are subtle or partially obscured.  

• Artifact influence: In a minority of cases, LIME highlighted residual artifacts 
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(despite preprocessing) or normal anatomical structures (e.g., luminal open-
ings, vascular folds) that contributed to false positives, indicating opportuni-
ties for further refinement of preprocessing.  

 

  
(a) Original (b) Normal (c) AVM (d) Ulcer 

Figure 7. Sample One for the original and three classes: normal, AVM, and ulcer. 
 

  
(a) Original (b) Normal (c) AVM (d) Ulcer 

Figure 8. Sample Two for the original and three classes: normal, AVM, and ulcers. 
 

  
(a) Original (b) Normal (c) AVM (d) Ulcer 

Figure 9. Sample Three for the original and three classes: normal, AVM, and ulcer. 
 

  
(a) Original (b) Normal (c) AVM (d) Ulcer 

Figure 10. Sample Four for the original and three classes: normal, AVM, and ulcer. 
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(a) Original (b) Normal (c) AVM (d) Ulcer 

Figure 11. Sample Five for the original and three classes: normal, AVM, and ulcer. 
 

  
(a) Original (b) Normal (c) AVM (d) Ulcer 

Figure 12. Sample Six for the original and three classes: normal, AVM, and ulcer. 
 

  
(a) Original (b) Normal (c) AVM (d) Ulcer 

Figure 13. Sample Seven for the original and three classes: normal, AVM, and ulcer. 
 

These XAI insights serve dual purposes: 1) they provide clinicians with trans-
parent decision support, enabling verification of model reasoning; and 2) they 
guide model improvement by identifying failure modes and highlighting features 
requiring enhanced representation. This addresses a critical gap noted in the orig-
inal KAUHC dataset paper [21], which did not incorporate explainability tech-
niques despite their importance for clinical adoption.  

4.5. Comparison with State-of-the-Art  

Table 4 compares our proposed framework with existing approaches for WCE 
analysis and related medical imaging studies, with particular emphasis on the 
KAUHC dataset baselines. Our framework achieves the highest reported F1-score 
(0.97) for multiclass lesion detection on the KAUHC dataset, substantially out-
performing the traditional machine learning baselines reported in [21].  

https://doi.org/10.4236/jcc.2026.147010


M. Alghamdi et al. 
 

 

DOI: 10.4236/jcc.2026.147010 214 Journal of Computer and Communications 
 

Table 4. Comparison with State-of-the-Art approaches. 

Study Approach Classes Dataset Key Metrics XAI Integration 

[39] AlexNet Binary (Bleeding vs. Normal) Private Acc: 96.2% No 

[12] Conv-ViT Fusion Binary/Multiclass Kvasir-Capsule F1: 0.92 No 

[40] Focal Modulation CNN GI Anomalies Private F1: 0.73 No 

[21] 

Traditional ML (DT, RF, 
KNN, LR, NB, SVM) 

3-class (KAUHC) 
KAUHC  

(3301 images) 

Acc: 57% - 98% 
(multiclass),  

F1: 0.53 - 0.98 
No 

Proposed 
Framework 

Fine-tuned VGG16 + XAI 
3-class  

(Normal, AVM, Ulcer) 
KAUHC  

(3301 images) 
F1: 0.97, Recall: 0.97, 

Precision: 0.97 
Yes (LIME) 

 
Specifically, while the original KAUHC study achieved multiclass accuracies 

ranging from 57.33% (NB) to 98.94% (DT) with corresponding F1-scores from 
0.53 to 0.99, their results showed high variability across classifiers and required 
SMOT balancing for optimal performance. In contrast, our deep learning ap-
proach delivers consistent, high-performance metrics (F1: 0.94 - 0.98 across clas-
ses) without the performance degradation observed in some traditional ML clas-
sifiers (e.g., NB at 57% accuracy).  

Compared to other deep learning approaches for WCE, our work uniquely 
combines three critical elements: 1) robust multiclass classification covering clin-
ically relevant lesion types (AVM and Ulcer beyond binary bleeding classifica-
tion), 2) systematic data-centric optimization addressing class imbalance and im-
aging artifacts, and 3) integrated XAI for clinical interpretability. All are validated 
on a region-specific dataset that addresses the scarcity of annotated endoscopic 
imaging resources in the Middle East [21].  

4.6. Limitations and Generalizability  

Regarding model generalizability, our framework incorporates multiple strategies 
to mitigate overfitting and promote robustness: 1) a strict 70-15-15 stratified split 
with a heldout test set, ensuring unbiased evaluation; 2) artifact-aware prepro-
cessing (circular ROI extraction and inpainting) to remove dataset-specific spuri-
ous features; 3) augmentation-based oversampling combined with architectural 
regularization (global average pooling and progressive dimensionality reduction) 
to learn discriminative yet generalizable features; and 4) transfer learning from 
ImageNet, preserving generic visual primitives while fine-tuning only the last six 
layers. The close alignment between training and validation curves (Figure 5) and 
the clinically meaningful LIME explanations (Figures 7-13) further indicate that 
the model captures genuine pathological patterns rather than memorizing dataset 
artifacts.  

A notable limitation of the current study is the frame-level data split, which may 
not fully account for potential dependencies between frames from the same WCE 
study. While this approach follows the methodology of the original KAUHC da-
taset paper [21] and is standard in frame-based WCE classification, future inves-
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tigations should employ patient-wise or study-wise cross-validation when such 
metadata becomes available. Although the current study uses a single-center da-
taset, the internal diversity (86 studies, four-year collection) and the high inter-
rater agreement in annotations provide a solid foundation. Future work will in-
clude multicenter external validation and temporal modeling to fully establish 
generalizability across different populations and capsule systems.  

5. Conclusions  

This paper presents a robust, interpretable deep learning framework for auto-
mated multiclass lesion detection in Wireless Capsule Endoscopy (WCE) using 
the KAUHC dataset (a novel repository of 3301 small-bowel images from Saudi 
Arabia comprising Normal, AVM, and Ulcer categories). Our fine-tuned VGG16 
architecture with 6 unfrozen layers, enhanced by artifact-aware preprocessing 
(circular ROI extraction and inpainting) and augmentation-based oversampling, 
achieved superior diagnostic performance: precision of 0.97, recall of 0.97, and 
F1-score of 0.97. This substantially outperformed InceptionV3 (F1: 0.94), as well 
as traditional machine learning baselines from the original KAUHC study.  

Integration of LIME-based explainability revealed that model decisions align 
with clinically relevant features (vascular clusters for AVM and mucosal disrup-
tion for ulcers), addressing the “black-box” concern hindering clinical adoption. 
While limitations include single-center data and frame-based analysis without 
temporal context, our framework uniquely combines multiclass classification, ro-
bust preprocessing, and integrated XAI.  

Besides its clinical contribution, this work introduces a computing-oriented 
framework for addressing challenges such as model design, data processing, and 
system-level integration. It offers an end-to-end computational pipeline with deep 
feature learning, data preprocessing, explanation modules, and optimization strat-
egies within a unified architecture. Furthermore, this work contributes to the de-
sign of an intelligent medical image analysis computing system, where key design 
constraints include robustness, scalability, and algorithmic efficiency. Such a sys-
tem offers future extensions for real-time deployments, edge-based medical AI 
applications, and embedded processing.  

Future work will pursue multi-center validation, temporal modeling, and pro-
spective clinical studies to evaluate the real-world impact on diagnostic efficiency. 
This work bridges experimental AI and clinical application, offering a reliable, 
interpretable tool for computer-assisted gastrointestinal diagnostics.  
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