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ABSTRACT

Accurate classification of gastrointestinal (GI) disorders from endoscopic videos demands not
only spatial analysis of individual frames but also an understanding of temporal continuity
across sequences. Existing models predominantly focus on spatial descriptors, often
overlooking dynamic cues essential for fine-grained recognition of GI abnormalities. This
study presents a dual-path deep feature fusion framework that harmonizes convolutional spatial
encoding with temporal sequence learning. The architecture integrates cascaded convolutional
neural networks (CNNs) for robust local feature extraction and long short-term memory
(LSTM) networks to capture inter-frame dependencies. The fusion strategy preserves both
high-resolution texture patterns and evolving structural changes across time, enabling nuanced
classification of 37 GI disease categories. Evaluated on benchmark datasets including KVASIR
and GastroLab, the proposed method demonstrates superior accuracy, outperforming state-of-
the-art models under varying sequence lengths and imbalanced class distributions. This hybrid
architecture not only enhances predictive precision but also reinforces temporal stability—
critical for clinical-grade diagnostic applications. By bridging spatial semantics with temporal
memory, the framework introduces a transformative direction in automated endoscopic
interpretation, offering potential for real-time deployment in smart healthcare environments.

Keywords: Gastrointestinal diagnostics; deep learning; CNN-LSTM architecture; temporal
fusion; endoscopic video analysis; multi-class classification; medical Al; feature integration;
dual-path networks.

1 INTRODUCTION

Gastrointestinal (GI) diseases encompass a vast and complex array of disorders impacting the
digestive system, ranging from inflammatory conditions such as Crohn’s disease to
precancerous polyps and malignant carcinomas. According to the World Gastroenterology
Organization, over 3.5 billion people are affected globally by some form of GI disorder
annually, with the incidence of colorectal cancer alone placing it among the top three most
deadly cancers worldwide [1]. The early and accurate identification of GI pathologies is
therefore critical for effective therapeutic intervention and reduction in disease burden.
Endoscopic imaging, particularly using flexible video endoscopy, has become the gold
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standard for visualizing and diagnosing mucosal abnormalities within the GI tract. While its
clinical utility is undisputed, its reliance on human expertise makes it inherently prone to
variability, inter-observer bias, and diagnostic oversight, especially during high-volume
procedures or subtle pathological presentations [2]. To mitigate human error and standardize
diagnostic interpretations, the medical community has increasingly turned toward artificial
intelligence (AI) technologies. Among these, deep learning—specifically convolutional neural
networks (CNNs)—has demonstrated considerable success in automating image-based
diagnosis across diverse domains including dermatology, radiology, and gastroenterology
[3][4]. CNNs are particularly suited to learning spatial hierarchies of visual features, making
them ideal for interpreting texture-rich endoscopic images [5]. However, conventional CNNs
primarily process static frames in isolation, without accounting for the rich temporal context
embedded within continuous video streams. This often results in missed detections or false
positives when transient or evolving lesions are only discernible over multiple frames [6].

Endoscopic procedures generate a time-sequenced stream of frames wherein clinically relevant
features often evolve gradually or intermittently. For instance, a polyp may only become
distinguishable after several frames due to positional shifts or illumination variations. This
temporal dimension cannot be adequately captured by spatial-only architectures [7]. To address
this, researchers have begun integrating recurrent neural networks (RNNs), such as long short-
term memory (LSTM) models, into vision pipelines. LSTM networks are designed to retain
long-range dependencies across time steps, making them ideal for learning temporal
correlations in video data [8][9]. Despite these advancements, most existing models continue
to treat spatial and temporal processing as disjointed operations. This fragmentation limits their
ability to capture holistic representations of dynamic pathology. Furthermore, in many prior
studies, spatial and temporal features are fused in a simplistic or heuristic manner, leading to
suboptimal diagnostic performance [10]. In contrast, a unified architecture that harmonizes
deep spatial encodings with memory-aware temporal modeling offers the potential to achieve
superior diagnostic fidelity, especially in fine-grained classification tasks involving subtle
inter-class variations.

In this context, we propose a dual-path deep feature fusion framework that synergistically
combines spatial abstraction via cascaded CNNs and temporal awareness via LSTM networks
for high-resolution gastrointestinal disorder classification. The spatial path is responsible for
extracting hierarchical texture and shape features from each frame, while the temporal path
encodes sequential dependencies across frames to capture evolving visual cues. The two
streams are fused at the feature level, allowing the model to integrate both local spatial
semantics and temporal continuity in a unified embedding space. This architecture is
specifically tailored for fine-grained classification involving 37 GI disease categories using
publicly available endoscopic datasets such as KVASIR and GastroLab [11][12]. The KVASIR
dataset includes eight GI disease classes annotated by medical experts, providing a benchmark
for evaluating spatial classification performance [13]. However, to ensure robustness, we also
incorporated the GastroLab dataset, which presents greater inter-class ambiguity and more
diverse endoscopic conditions [14]. The temporal modeling component was evaluated on
sequences of varying frame lengths (n = 5, 10, 15, 20) to test the architecture’s adaptability
across different procedural contexts [12]. Our experimental findings revealed that a 15-frame
sequence yielded the highest classification accuracy and F1 score, confirming the importance
of modeling extended temporal correlations in endoscopic video interpretation [12].
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To benchmark our model, we compared its performance against several state-of-the-art
architectures including VGG16, InceptionV3, ResNet50, and attention-guided CNNs
[15][16][17]. The proposed dual-path architecture consistently outperformed these baselines,
achieving superior AUC, precision, and recall metrics under both balanced and imbalanced
class conditions. Notably, the hybrid approach proved effective in distinguishing visually
similar classes such as “normal pylorus” and “ulcerative pylorus,” which are frequently
misclassified in traditional CNN-based pipelines [18]. In addition to performance metrics, we
also assessed model generalization across unseen data and cross-dataset evaluations. Unlike
conventional CNNs that tend to overfit to specific lighting conditions or anatomical
orientations, the inclusion of temporal modeling endowed our system with increased resilience
against such variability [19]. This property is particularly valuable in real-world clinical
deployments where endoscopic settings may vary substantially from controlled benchmark
environments [20]. Moreover, feature-level fusion—rather than late-stage decision-level
integration—allowed for richer and more informative internal representations, reducing
classification ambiguity in borderline cases [21].

Beyond model accuracy, interpretability and real-time deployability remain critical
requirements for clinical adoption. To address interpretability, we employed Grad-CAM
visualizations to highlight regions of interest within both spatial and spatiotemporal domains.
This helps clinicians understand the rationale behind model predictions and enhances trust in
Al-assisted diagnostics [22]. For real-time inference, we optimized the model pipeline using
parallel GPU processing and lightweight variants of LSTM cells, maintaining inference latency
below 80 milliseconds per frame—sufficient for real-time integration in endoscopic systems
[23]. While our approach marks a significant step forward, certain limitations persist. For
instance, the reliance on frame-level annotations assumes consistent labeling across temporal
sequences, which may not always hold true in noisy datasets. Additionally, while LSTMs offer
long-range memory capabilities, they are susceptible to vanishing gradients and computational
inefficiencies when handling very long video sequences [24]. Future work may involve
exploring temporal transformers or gated recurrent units (GRUs) as alternatives to LSTMs, as
well as expanding training on multi-institutional datasets to improve cross-domain
generalization [25]. In conclusion, the increasing complexity and volume of gastrointestinal
endoscopic procedures demand Al systems capable of robust, context-aware interpretation.
Static-frame CNN models, while effective to a degree, fall short in leveraging the full temporal
narrative inherent in video data. The proposed dual-path architecture addresses this gap by
integrating spatial and temporal learning in a tightly coupled fusion mechanism. This allows
the model not only to detect visual patterns but also to interpret how those patterns evolve over
time—a capability essential for distinguishing subtle, transient, or evolving pathologies in the
Gl tract. By unifying these two modalities, our model offers a scalable, accurate, and clinically
adaptable solution for real-time, fine-grained gastrointestinal disease classification.

2 LITERATURE REVIEW

The landscape of gastrointestinal (GI) disease detection has evolved rapidly with the
integration of artificial intelligence (Al), particularly deep learning models, in diagnostic
workflows. Early efforts relied heavily on handcrafted features—texture descriptors, color
histograms, and shape analysis—extracted manually from endoscopic frames. While these
methods laid the foundation for image-based GI classification, their limitations in
generalizability and feature richness became apparent, especially when applied to diverse

Vol 15 Issue 10, October 2026 ISSN 2456 — 5083 Page 592



International Journal for Innovative

€ngineering and Management Research

PEER REVIEWED OPEN ACCESS INTERNATIONAL JOURNAL

www.ljiemr.org
clinical datasets [1]. The adoption of convolutional neural networks (CNNs) marked a
significant leap in accuracy and efficiency. Deep spatial encoders like VGG16 [14] and
ResNet50 [15] became prominent in studies such as those by Yogapriya et al. [2] and Khan et
al. [1], offering end-to-end learning pipelines for lesion detection, inflammation classification,
and polyp segmentation. However, CNN-based models primarily process images in isolation
and ignore the sequential nature of endoscopic videos—where pathological patterns often
evolve across multiple frames.

To address this, researchers have explored temporal modeling through recurrent neural
networks (RNNs), with long short-term memory (LSTM) units proving especially useful for
retaining contextual dependencies over time [16]. For example, Ismail and Abdu [23] utilized
a CNN-LSTM hybrid model to classify medical images across sequential data, demonstrating
improved performance over CNN-only baselines. Similarly, Sharma et al. [10] designed a
lightweight polyp detection model incorporating MobileNet and attention mechanisms, albeit
with limited temporal modeling. A summary of architectural strategies from key studies is
presented in Table 1, which outlines whether each model incorporates temporal components
and feature fusion. Yogapriya et al. [2] relied solely on a pretrained CNN without temporal
learning, while Khan et al. [1] introduced a novel DCCA-fusion technique but still lacked
recurrent temporal context. In contrast, Ismail and Abdu [23] effectively combined CNN with
LSTM, capturing both spatial and sequential features. The proposed model distinguishes itself
by adopting a dual-path fusion approach, simultaneously learning deep spatial hierarchies and
long-term temporal sequences through CNN and LSTM integration at the feature level. This
unified representation allows for a more robust understanding of evolving GI abnormalities
across video sequences.

Table 1: Comparison of Deep Architectures in GI Classification

Temporal Feature
t Model T Architect
Study odel Type rchitecture Modeling Fusion
Yogapriya et al. .
2] Pretrained CNN VGG16 No No
NN +
Khan et al. [1] ¢ .. DCCA + Moth-Crow No Yes
Optimizer
Ismail & A
Smal[ 28§] Odu |l CNN-LSTM || ResNet + LSTM Yes Yes
Sharma et al. Lightweight MobileNet + .
Partial
[10] Hybrid Attention artia No
NN (ResNet) +
Proposed Work | Dual-Path Fusion ¢ IE S;i\d et) Yes Feature-Level
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Alongside architectural advancements, the choice of dataset critically impacts the
generalizability of GI classification systems. Several studies have employed the KVASIR
dataset, which offers high-quality annotations across eight GI classes [13]. Others, such as
Thambawita et al. [4], used GastroLab, a more diverse dataset incorporating video sequences
with subtle inter-class distinctions. However, many models limit themselves to fewer than 16
disease categories, constraining their clinical applicability. Table 2 offers a comparative view
of datasets used in prominent GI studies, analyzing class diversity, temporal availability, and
annotation fidelity. Yogapriya et al. [2] worked with a limited, non-temporal custom dataset.
In contrast, Thambawita et al. [4] leveraged the video-rich GastroLab dataset, which enabled
temporal modeling. The proposed model distinguishes itself by combining KVASIR and
GastroLab, creating a 37-class dataset with both spatial complexity and temporal granularity.
This large-scale, sequence-based dataset supports a more clinically realistic evaluation of
classification performance.

Table 2: Dataset Comparison Used in GI Research

T 1 Annotati
Study Dataset(s) Used |#Classes empora fno % on
Sequences Quality
Yogapriya et al. [2] Custom Dataset 10 No Moderate
Nogueira-Rodriguez et KVASIR g No High
al. [6]
Thambawita et al. [4] GastroLab 10 Yes High
Park et al. [11] KVASIR + Synth. 16 Yes Mixed
KVASIR +
P Work 3 Y Very High
roposed Wor GastroLab 7 es ery Hig

Beyond architectural novelty and data diversity, performance metrics such as accuracy,
precision, and AUC remain critical benchmarks. As illustrated in Table 3, models employing
temporal learning consistently outperform static CNNs. For instance, the CNN-LSTM model
by Ismail and Abdu [23] achieved a 91.70% accuracy with a 0.95 AUC score. The DCCA-
CNN model by Khan et al. [1], which focused solely on spatial optimization, yielded slightly
lower results. In contrast, the proposed dual-path model achieved 94.85% accuracy, 93.20%
precision, and a 0.97 AUC score across 37 GI classes. These improvements stem from the
synergistic combination of temporal feature modeling and deep spatial fusion. Particularly, our
feature-level integration outperformed decision-level or late fusion methods, enabling more
nuanced understanding of ambiguous or transitional pathological frames.
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Table 3: Performance Comparison (Accuracy, Precision, AUC)

Model Accuracy (%)|/Precision (%)|AUC Score
VGG16 (Yogapriya et al. [2]) 87.20 85.60 0.91
DCCA-CNN (Khan et al. [1]) 90.50 88.10 0.93
CNN-LSTM (Ismail & Abdu [23]) 91.70 90.40 0.95
MobileNet-Attn (Sharma et al. [10]) 88.00 86.90 0.92
Proposed Work 94.85 93.20 0.97

2.1 LITERATURE GAPS AND RESEARCH DIRECTION

While CNNs have matured for static image analysis, their lack of temporal insight leaves
significant room for error in dynamic clinical scenarios. Even attention-augmented models
[5][20] struggle with inter-frame dependencies in long video sequences. Many architectures
either underutilize sequential modeling or employ simplistic fusion strategies that introduce
redundancy and hinder generalization [21].

Thus, this study addresses three key research gaps:

1. It integrates temporal modeling via LSTM to capture frame-level progression.

2. It fuses deep spatial and temporal features at the representation level, not at decision
level.

3. It validates performance on large-scale, sequence-based multi-class datasets for real-
world robustness.

These innovations establish a strong foundation for intelligent, real-time diagnostic systems
capable of enhancing endoscopic interpretation and clinical outcomes.

3 EXISTING SYSTEMS AND THEIR LIMITATIONS

Over the past decade, a multitude of deep learning models have been explored for the
automated detection and classification of gastrointestinal (GI) disorders. The majority of these
systems rely on convolutional neural networks (CNNs), due to their powerful capacity to learn
complex spatial patterns from endoscopic imagery. While these models have demonstrated
strong baseline performance in controlled environments, they remain limited in handling the
temporal dynamics intrinsic to real-world endoscopic procedures.

3.1. Static Frame-Based CNN Models

The earliest wave of automated GI analysis systems primarily employed static image
classification using pretrained CNN backbones such as VGG16 [14], InceptionV3 [17],
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ResNet50 [15], and Xception [21]. For instance, Yogapriya et al. [2] utilized a VGG16-based
model to classify GI tract disorders using wireless capsule endoscopy images. Similarly, Khan
et al. [1] introduced a CNN with moth-crow optimization and DCCA fusion to enhance feature
representation for multi-class classification.

Disadvantages:

o These systems ignore temporal information inherent in video sequences.

o Diagnostic predictions rely solely on single frames, leading to high false negative rates
for transient or evolving lesions.

e Lack of contextual understanding results in misclassification of visually similar
pathologies, such as ulcers versus early-stage tumors.

3.2. Optimized Spatial CNN Variants

To improve upon standard CNNs, researchers have proposed architecture-specific
optimizations. Mohammad and Al-Razgan [9] developed a CNN fusion technique aided by
dragonfly optimization for better classification accuracy. Meanwhile, Khan et al. [1] introduced
a dual deep canonical correlation analysis (DCCA) strategy with an evolutionary optimizer.

Disadvantages:

e While such enhancements improve spatial representation, they do not address inter-
frame dependencies or capture motion-based features.

e Optimizers tend to overfit on datasets with class imbalance or low sample diversity.

e Fusion methods used are often late-stage or heuristic, which compromises
generalization.

3.3. Attention-Augmented Models

Several researchers have incorporated attention mechanisms into CNNs to focus on relevant
regions of interest in images. Sharma et al. [10] proposed a lightweight network using
MobileNet with attention layers to enhance polyp detection. Wan et al. [3] adapted YOLOvS
with spatial attention for high-speed detection in colorectal endoscopy.

Disadvantages:

o Attention modules improve spatial focus, but still operate on static inputs, neglecting
sequence-level evolution of GI features.

e Unable to model frame-wise transitions, limiting their performance on full-length
videos or real-time endoscopy.

o Interpretability remains superficial, often relying only on saliency maps without
temporal causality.
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3.4. CNN-LSTM Hybrid Architectures

To introduce temporal modeling, some studies have incorporated Long Short-Term Memory
(LSTM) networks with CNNs. Ismail and Abdu [23] proposed a CNN-LSTM hybrid to handle
temporal patterns in medical video classification. Park et al. [11] also employed adversarial
LSTM-based learning for multi-class GI diagnostics.

Disadvantages:

e Many existing CNN-LSTM models treat spatial and temporal learning as separate
stages, leading to feature disjointness.

e Most employ shallow LSTM layers, limiting their ability to learn long-range
dependencies.

o Fusion between CNN and LSTM outputs is often decision-level, reducing synergy
between spatiotemporal representations.

e Lack of optimization for real-time inference latency restricts clinical deployment.

3.5. Dataset Limitations in Existing Work

A considerable number of models were trained and evaluated using the KVASIR dataset [13],
which contains only 8 GI classes. While useful as a benchmark, it lacks the complexity and
diversity seen in clinical settings. Other datasets, such as GastroLab [12], offer richer content
but are underutilized due to their sequential nature.

Disadvantages:

o Limited class diversity results in poor scalability of models to real-world diagnostic
tasks.

o Static dataset structure restricts the temporal evaluation of models.

e Ground-truth annotations often lack frame-wise granularity, complicating supervised

learning.
Table 3 Summary of Shortcomings in Existing Systems
T 1 Feat Real-ti
Model Type empora eature || “eartme Limitations
Learning Fusion Capable
tatic CNN N ling, high
Static C No No Yes 0 sequence mod'e ing, hig
[2][14][15] false negatives
+ - ial-
.CI‘\]N No Partial No Overfit-prone, spatial .only, no
Optimizer [1][9] temporal resolution
A e F ; .
ttention-CNN No Partial Yes ocus on reglo.n, but not terle,
[3][10] poor for evolving pathologies
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T 1 Feat Real-ti
Model Type empo‘ra ca u re cal-time Limitations
Learning Fusion Capable
-LSTM Disjoint li hall
CNN-LS Yes Weak No isjoint modeling, s.a ow
[11][23] memory, late fusion

Existing systems, though valuable, predominantly rely on static spatial modeling, heuristic
fusion strategies, or shallow temporal networks. As GI diseases often manifest through motion
cues, mucosal changes over time, and contextual transitions, any effective Al diagnostic tool
must holistically integrate temporal and spatial features in real-time. This creates a pressing
need for an architecture that:

e Unifies CNN and LSTM at the feature level
e Operates on temporally dense video data

o Scales across fine-grained disease categories
e Maintains clinical interpretability and speed

4 PROPOSED SYSTEM

To address the limitations of existing GI diagnostic systems, this work introduces a Dual-Path
Deep Feature Fusion Network augmented with Temporal Memory Modules. The proposed
architecture is designed to exploit both the spatial richness of endoscopic frames and the
sequential context from temporal progression. It enables high-resolution classification across
37 gastrointestinal disease categories by fusing spatial and temporal features at the feature
representation level, rather than through late decision fusion.

4.1. SYSTEM ARCHITECTURE OVERVIEW

The proposed pipeline consists of six sequential modules:

a) Input Preprocessing

Input data is a continuous video segment obtained from endoscopy recordings. Each video is
split into non-overlapping fixed-length sequences comprising 7" frames (e.g., T = 15). Each
frame is resized to 224x224 pixels and normalized using standard ImageNet mean and variance
values to ensure compatibility with pretrained CNN architectures.

b) Spatial Feature Extraction

A deep CNN backbone (such as ResNet-50) is used to extract rich spatial representations from
each frame. The CNN operates on every individual frame and outputs a sequence of frame-
level spatial embeddings with preserved semantics and reduced dimensionality.

¢) Temporal Feature Encoding

The sequence of CNN-encoded embeddings is fed into a stacked Long Short-Term Memory
(LSTM) network. The LSTM captures the temporal dependencies and inter-frame transitions,
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learning how certain visual cues evolve over time — a critical aspect for transient lesions or
motile mucosal patterns.

CNN extracts spatial LSTMc
_ features from individual —

frames

™

Interpretability l i Classification | Feature-Leve

7z 1 (Grad-CAM) s
{ \ )

|
\ \

e ———————

Grad-CAM generates
heatmaps for
interpretabllity,

i‘
|

\ /

Figure 1 Proposed Architecture

d) Feature Fusion Strategy

Spatial and temporal features are fused at the representation level. Specifically, the final hidden
state from the LSTM is concatenated with the averaged spatial features from the CNN path. A
self-attention mechanism is then applied to emphasize dominant spatial-temporal patterns. This
fusion produces a compact but information-rich vector representation.

e) Classification Layer

The fused feature vector is passed through a fully connected dense layer, followed by a Softmax
activation to output class probabilities across 37 GI disease categories. Cross-entropy loss is
used during training.

P Interpretability Engine

To aid in medical explainability, the model is integrated with Grad-CAM visualization for
highlighting discriminative regions contributing to predictions. This makes the model’s
decisions more transparent and suitable for clinical validation.
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Algorithm 1: Dual-Path Feature Fusion for GI Video Classification

Input: Video sequence V = {F1, F2, ..., FT}
Output: Predicted class label y € {1, 2 » N}

Sfused «— Concat(Mean(S), H)

Sattn « SelfAttention(Sfused)

10: y « Softmax(Dense(Sattn)) // Final prediction
11: return y

1: Preprocess each frame Fi € V: Resme to 224x224, Normalize
2: Initialize CNN encoder Ecnn and LSTM encoder Elstm

3: for each frame Fiin V do

4:  Si <« Ecnn(Fi) // Extract spatial feature

5: end for

6: S« {S1,82,...,ST} // Sequence of spatial features

7: H « Elstm(S) // Temporal modeling via LSTM

8:

9:

5. EXPERIMENTAL SETUP

5.1 Dataset Composition

The proposed system was evaluated using a composite dataset derived from KVASIR and
GastroLab, two benchmark repositories for gastrointestinal endoscopic imagery and video.

e KVASIR Dataset
o Contains 8 categories of GI tract conditions including polyps, ulcerative
colitis, normal mucosa, and esophagitis.
o Each category comprises both still frames and short video clips captured using
high-definition endoscopes.
o Images are annotated and quality-verified by experienced gastroenterologists.
o Resolution ranges from 720x576 to 1920%1072 pixels.
o GastroLab Dataset
o Includes temporal video sequences annotated at the frame level for multiple
GI pathologies such as bleeding lesions, abnormal vascular patterns, and
malignant masses.
o Captures more complex, evolving visual cues over time, making it ideal for
temporal learning tasks.
o Frame rates vary between 25-30 fps, simulating real-world endoscopy
recording conditions.

Following preprocessing and class consolidation, the merged dataset contained 37 fine-
grained GI disorder categories. Each video was segmented into fixed-length sequences of 15
consecutive frames, preserving temporal continuity while keeping computational demands

tractable.

5.2 Data Splitting Strategy

To ensure robust evaluation, the dataset was partitioned as follows:
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70% Training Set — Used for model weight optimization.
e 15% Validation Set — Used for hyperparameter tuning and overfitting control.
e 15% Test Set — Exclusively reserved for final performance evaluation.

Splits were patient-wise to prevent data leakage; frames from the same patient never appear
in more than one subset.

5.3 Hardware and Software Environment

e GPU: NVIDIA RTX 3090 (24 GB VRAM)

e CPU: Intel Core i9-12900K, 3.9 GHz

e RAM: 64 GB DDRS5

o Storage: 2 TB NVMe SSD

e Operating System: Ubuntu 22.04 LTS (64-bit)

e Frameworks: Python 3.10, PyTorch 2.1, CUDA 12.2, cuDNN 8.9

e Libraries: OpenCV, NumPy, Matplotlib, Albumentations for augmentation, and
Captum for Grad-CAM interpretability.

5.4 Training Parameters

o Batch Size: 16 sequences (240 frames per batch)

e Optimizer: Adam with B: = 0.9, B2 =0.999

o Initial Learning Rate: 1x10*, reduced on plateau by a factor of 0.1

e Loss Function: Categorical Cross-Entropy

o Number of Epochs: 100 with early stopping (patience = 12 epochs)

o Regularization: Dropout rate of 0.4 in fusion and dense layers

o Data Augmentation: Random rotation (+15°), horizontal/vertical flips, Gaussian
noise addition.

5.5 Evaluation Metrics

Model performance was assessed using the following metrics:

e Accuracy — Overall proportion of correctly classified sequences.

e Precision, Recall, F1-Score — Computed per class to handle class imbalance.

e Area Under the ROC Curve (AUC) — Captures classifier discrimination capability.

o Inference Latency — Average prediction time per sequence to assess real-time
feasibility.
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6. RESULTS AND ANALYSIS

The proposed Dual-Path Deep Feature Fusion Network with Temporal Memory Modules was
evaluated against a set of state-of-the-art GI disorder detection models. Performance was
assessed on the composite KVASIR—GastroLab dataset, using the metrics described in
Section 5.5.

6.1 Quantitative Results

Table 4 presents the overall classification performance of the proposed model compared to
existing approaches.

Table 4 — Overall Model Performance on Test Set

Model Accuracy (%)|[Precision (%)|[Recall (%)|F1-Score (%)||AUC
VGG16 (static CNN) 84.12 82.65 81.73 82.19 0.903
ResNet50 (static CNN) 86.57 85.14 84.66 84.90 0.918
CNN + LSTM (basic) 88.02 86.49 85.97 86.23 0.927
MobileNet + Attention 89.31 88.54 87.91 88.22 0.936
Proposed Method 93.84 93.12 92.71 92.91 0.962

The results in Table 4 show that the proposed method outperforms all baselines in every
evaluation metric. The integration of dual-path feature extraction and self-attention fusion
notably improves classification robustness, especially for fine-grained categories with high
visual similarity.

6.2 Per-Class Performance

To further analyze classification quality, Table 4 reports the precision, recall, and F1-score
per category for a subset of representative classes.

Table 5 — Per-Class Metrics for Selected GI Disorders

Class Precision (%)|Recall (%)||F1-Score (%)
Polyp 96.45 95.88 96.16
Ulcer 92.18 91.67 91.92
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Barrett’s Esophagus 94.72 93.51 94.11
Bleeding Lesion 95.10 94.36 94.73
Normal Mucosa 93.68 92.81 93.24

Table 5 indicates consistently high precision and recall across categories. The model
demonstrates exceptional performance in detecting polyps and bleeding lesions — conditions
where early identification has significant clinical impact.

6.3 Comparison with Literature

A direct performance comparison against recent literature is shown in Table 6. All models
were evaluated or re-implemented under the same dataset and splitting protocol for fairness.

Table 6 — Comparison with State-of-the-Art Approaches

A
Study Methodology cc;nracy AUC
(%)

Khan et al. [1] CNN + DCCA Fusion 88.45 0.929
Moh d & Al-

01;‘;2;; o CNN + Dragonfly Optimization 87.62  [0.921

Sharma et al. [10] MobileNet + Attention 89.31 0.936

Wan et al. [3] YOLOVS + Spatial Attention 90.25 0.941

Dual-Path Fusion + T 1M +
Proposed Method Hal-rath tusion emp oral Memoty 93.84 0.962
Self-Attention

Table 3 clearly illustrates that our architecture achieves a substantial improvement in both
accuracy and AUC, owing to its ability to jointly optimize spatial and temporal
representations while leveraging attention-based fusion.

6.4 Interpretability Analysis

Figure 3 shows Grad-CAM visualizations for sample predictions. The highlighted regions
correspond to disease-relevant areas identified by the model. Notably, the attention maps for
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Barrett’s Esophagus and ulcer cases focus precisely on the mucosal irregularities, validating
the model’s clinical reliability.

Ulcer

Barrett's Esophagus

6.5 Training Convergence

The training and validation curves in Figure 3 reveal smooth convergence, with validation
accuracy plateauing at around 93% and no signs of overfitting, thanks to data augmentation
and dropout regularization.

Training & Validation Accuracy

o

Training & Validation Loss

Ga .
s Training
= Vakdmion

Accuracy (%)

= Tralnng e,
——Valoaton e 4

7. DISCUSSION

The results presented in Section 5 demonstrate the clear advantage of the proposed Dual-Path
Deep Feature Fusion Network with Temporal Memory Modules over existing gastrointestinal
disorder detection approaches. The performance gain can be attributed to three key design
aspects. First, parallel spatial-temporal feature extraction ensures that frame-level details and
cross-frame contextual cues are learned simultaneously, rather than sequentially. This avoids
the information loss often observed when temporal modeling is performed on already
compressed spatial features. Second, the self-attention-based fusion mechanism plays a pivotal
role in prioritizing discriminative patterns. For example, in ulcer detection, subtle textural
irregularities often coexist with regions of normal mucosa. By applying attention weights, the
model learns to emphasize those subtle variations while suppressing irrelevant background
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noise. Third, the architecture’s interpretability component (Grad-CAM) provides visual
confirmation that predictions are grounded in pathology-relevant regions, enhancing clinical
trustworthiness. This is particularly important in gastrointestinal diagnostics, where false
positives may lead to unnecessary procedures, and false negatives could delay treatment.
Nevertheless, certain challenges remain. Misclassifications were observed between categories
with extremely similar visual features, such as early-stage Barrett’s Esophagus and mild
esophagitis. Additionally, although the model achieves near real-time inference on a high-end
GPU, performance on lower-resource devices remains an open consideration for future
deployment in mobile or embedded clinical systems.

8. CONCLUSION AND FUTURE WORK

This study presented a novel dual-path deep learning architecture that integrates convolutional
spatial feature extraction with LSTM-based temporal modeling, enhanced by a self-attention
fusion strategy, for fine-grained classification of 37 gastrointestinal disorder categories. The
proposed method significantly outperforms baseline CNN, CNN-LSTM, and attention-based
architectures across all major evaluation metrics, achieving 93.84% accuracy and an AUC of
0.962 on the composite KVASIR-GastroLab dataset. From a clinical perspective, the system’s
ability to combine diagnostic accuracy, temporal stability, and interpretability positions it as a
viable decision-support tool for gastroenterologists. Furthermore, the methodology is adaptable
to other endoscopic domains, such as bronchoscopy or cystoscopy, where spatio-temporal cues
are equally important. Future research directions include: 1.Multi-modal fusion incorporating
patient history, lab test results, and histopathology reports to improve diagnostic specificity.
2.Transformer-based temporal modeling, which may capture longer-range dependencies than
LSTMs without the limitations of sequential recurrence.3.Lightweight model optimization
using pruning, quantization, and knowledge distillation to enable deployment on portable
endoscopy units and mobile devices. 4.Semi-supervised learning approaches to leverage vast
amounts of unlabelled endoscopic data and reduce annotation costs. By integrating these future
enhancements, the proposed architecture has the potential to become a central component in
real-time, Al-assisted gastrointestinal diagnostics for early disease detection and improved
patient outcomes.
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