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ABSTRACT: Gastrointestinal (GI) tract cancers are a serious health concern worldwide due to their high mortality
rates. Wireless Capsule Endoscopy (WCE) provides a valuable non-invasive approach for detecting gastrointestinal
abnormalities that may be associated with cancer. Despite WCE examinations generating many images, manual
assessment is time-consuming. Therefore, automated methods capable of accurate and efficient lesion classification are
highly desirable. Deep Learning (DL) techniques have demonstrated considerable potential for medical image analysis.
However, many existing deep learning methods struggle to capture both broader contextual relationships and suitable
patterns at the same time. While many are limited to binary classification. To address this limitation, this study proposed
Bidirectional Motion Temporal (BiMT) for multi-class classification of gastrointestinal images by exploiting spatial and
temporal information from image sequences. BiMT architecture effectively integrates spatial and temporal information
to reduce the limitation of existing approaches in medical image analysis. In the first stage, pretrained CNN models,
including InceptionNetV3 and DenseNet201, are employed to extract discriminative feature representations from the
WCE dataset. This feature extraction process captures rich spatial characteristics from WCE images, providing a robust
foundation for subsequent analysis. In the second stage, a BILSTM model is used to capture the temporal dependencies
between consecutive frames and is combined with Multi-Head Self-Attention (MHSA) to effectively model short-term
contextual relationships. Furthermore, a custom Transformer encoder incorporating relative positional embeddings
to model sequential information and increase gastrointestinal disease detection. During training, Categorical Focal
Loss (CFL) is employed to emphasize difficult-to-classify samples and clinically relevant features. We combine the
publicly available Kvasir-Capsule-vl and Kvasir-v2 datasets to construct a unified dataset comprising four clinically
relevant classes: ulcerative colitis, polyps, dyed-lifted polyps, and normal. The more sophisticated ConvNeXt-BiMT
model achieved an average accuracy of 98.41%.

KEYWORDS: Convolutional neural networks; bidirectional motion temporal model; wireless capsule endoscopy;
gastrointestinal disorders
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1 Introduction

Gastrointestinal disorders (GDs) have a substantial impact on many people. The World Health Orga-
nization estimates that gastrointestinal disorders harm and ultimately kill over 1.9 million people each
year [1]. WCE is a modern noninvasive diagnostic technique primarily used to visualize and evaluate
the small intestine, which is difficult to examine using conventional endoscopy because of its anatomical
location between the stomach and colon [2,3]. The patient swallows a small capsule that typically measures
approximately 26 mm x 11 mm with a miniature camera in WCE. The capsule naturally passes through
the gastrointestinal tract. It captures and transmits images of the small intestine to detect and assess
abnormalities. The method generates many images. The manual review is time-consuming and theoretically
prone to human error. Consequently, accurately identifying abnormalities in every frame can be challenging
for physicians, strengthening the need for a computer-aided diagnosis (CAD) system specifically designed for
gastrointestinal image analysis. Such a system can assist clinicians by automatically detecting and classifying
normal frames with high accuracy [4,5]. However, variations in lesion appearance, image texture, scale, and
visual characteristics can make automated analysis challenging. Therefore, robust automated technologies are
needed to support accurate lesion categorization. In recent years, machine learning (ML) and deep learning
(DL) techniques have demonstrated considerable potential for medical image analysis. These techniques have
been applied to diagnostic tasks involving modalities such as X-ray, ultrasound, and magnetic resonance
imaging (MRI) [6,7]. Machine learning (ML) techniques can analyze features extracted from images to
differentiate between normal and abnormal conditions in the gastrointestinal tract. However, conventional
ML methods often require extensive manual effort and expert knowledge to design handcrafted image
features [8]. This feature engineering stage is not only labor-intensive but also inefficient, as it depends
strongly on human expertise and careful selection of parameters [9].

A deep learning approach is well-suited to extracting the best spatial and temporal features from images
with varying textures and sizes, which are more difficult to extract manually. Deep learning models such
as Convolutional neural networks (CNNs) have made great strides in medical image processing in recent
years because of their powerful capacity to automatically learn and extract pertinent characteristics from
data [10,11]. These techniques are quite successful in spotting intricate patterns and aiding in the process
of making diagnostic decisions [12]. CNN-based methods have trouble identifying items at various sizes
within pictures, which might hinder their ability to accurately localize and diagnose diseases [13] despite their
effectiveness. This integrated method aims to improve multi-classification of gastrointestinal images while
also enhancing accurate localization of regions of interest (RoI) [14]. CNNs can identify features in images
through convolutional layers that apply filters and kernels, and through activation layers that recognize
patterns at different scales. CNNs are generally used to analyze WCE images. CNNs can efficiently capture
spatial features, supporting tasks such as image recognition and generation. They face several challenges
due to their dependence on broad datasets. Researchers use transfer learning (TL) for generalization, the
capability of a technique to maintain reliable performance when applied to new and unseen datasets [15].
CNN models focus on learning the local features of individual samples and inputs. Another type of deep
learning algorithm that can handle temporal features in data is the Recurrent Neural Network (RNN), which
can use past information to make decisions at the current step, but this past information may become
weaker or less clear the farther back it is. Therefore, a Long Short-Term Memory (LSTM) network [16] was
introduced to address this issue. Additionally, the attention mechanisms can enhance memory for relevant
information over long sequences [17]. They are effective on some computer vision tasks, such as object
detection and image processing [18] and object classification [19]. Various attention mechanisms have been
explored, such as Self-Attention (SA) [20], Bidirectional Long Short-Term Memory (BiLSTM), and Multi-
Head Self-Attention (MHSA) [21]. The WCE dataset comprises images of Ulcerative colitis, Polyps, and
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dyed-lifted polyps. This study proposes an approach that accurately detects and classifies gastrointestinal
conditions with highly optimal features from WCE data by leveraging prominent patterns. The Bi-LSTM
network processes sequential data to output more accurate recognition by extracting clinically significant
features from a series of frames and adaptively adjusting attention weights, together with the convolutional
operations of CNNs that extract spatial features from endoscopic images. The MHSA technique was also
presented to detect associations among short-term frames.

We introduce the Bidirectional Motion Temporal (BiMT) model for gastrointestinal disease detection
and classification using WCE images extracted from videos. The proposed BiMT architecture effectively
integrates spatial and temporal information to reduce the limitations of existing approaches in medical
image analysis. In the first stage, pretrained CNN models including InceptionNetV3 and DenseNet201 are
employed to extract discriminative feature representations from the WCE dataset. This feature extraction
process captures rich spatial characteristics from WCE images, providing a robust foundation for subsequent
analysis. In the second stage, a BILSTM model is used to capture the temporal dependencies between
consecutive frames and is combined with Multi-Head Self-Attention (MHSA) to effectively model short-
term contextual relationships. Furthermore, a custom Transformer encoder incorporating relative positional
embeddings to model sequential information to increase gastrointestinal disease detection. During training,
Categorical Focal Loss (CFL) is employed to emphasize difficult-to-classify samples and clinically relevant
features. Thereby improving classification performance. We use multiple publicly available WCE datasets,
which are merged to form a comprehensive dataset comprising four clinically relevant classes: ulcerative
colitis, polyps, dyed-lifted polyps, and normal. Finally, we perform an extensive evaluation of the proposed
model using different performance metrics. The more sophisticated ConvNeXt-BiMT model achieved an
average accuracy of 98.41%. The experimental results demonstrate that the proposed framework achieves
strong performance in accuracy in identifying and classifying gastrointestinal disease.

The paper is organized into five sections: in Section 2, the literature review; the proposed methodology
in Section 3; the evaluation and experimental results in Section 4; and, finally, the conclusion, limitations,
and future directions in Section 5.

2 Literature Review

There are many state-of-the-art methods proposed by various investigators covered in this section. The
researchers state that three main feature-extraction techniques are commonly employed for the classification
of WCE gastrointestinal images. In this research, Khan et al. [22] suggested a hybrid deep learning model
that uses depth-wise concatenation to combine CNN-GRU and SC-DSAN for efficient classification of
gastrointestinal diseases. Bayesian Optimization and EMPA are used to correct hyperparameters, which are
used to improve model performance. Although it requires significant computational resources, validation on
smaller datasets indicates further optimization such as quantization and trimming. Bajhaiya and Unni [23]
proposed WCE images to identify gastrointestinal disorders like lymphangiectasis, bleeding, and ulcers
by using a 13-layer CNN network with GINet. The model achieved good accuracy with sensitivity, but its
performance can be improved. It needs to be tested on a larger dataset. Its ability to reduce bias and improve
interpretability is one of the main benefits. However, it relies on a single dataset that cannot generalize
to different datasets. Zhang et al. [24] suggested the AFR model as a dependable method for categorizing
colonoscopy images of ulcerative colitis (UC), attaining high accuracy in all Mayo score categories. The
model locates subtle lesion details and reduces noise and irrelevant features using attention mechanisms
and feature improvement. The self-supervised learning and modular structure help the model generalize
better, as evidenced by testing on independent datasets, although patient-specific characteristics, lighting
conditions, and image quality variations pose challenges. To enhance its ability to detect small pathogenic
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changes, more advanced feature extraction and better optimization systems will be required. In addition,
due to the computing cost, the model may not be practical for real-time clinical applications. Medical
image administering has seen significant progress with deep learning. This technology is already in use
to automatically interpret images from colonoscopy. Recent studies show that these models are efficient
at diagnosing and classifying gastrointestinal disorders such as Xie et al. [25] employed the EfficientNet-
B5 architecture to detect and grade ulcerative lesions associated with small-bowel Crohn’s disease, an
inflammatory bowel disease affecting the small intestine. Their approach achieved an accuracy of greater
than 96% in recognizing ulcers. These findings highlight the potential of deep learning-based methods to
support more accurate and objective diagnosis. Murugesan et al. [26] used the YOLOv3 MSF deep learning
framework for the analysis of colonoscopy pictures for the detection and classification of the stages of colon
cancer. Their method combines deep learning-based analysis with measurements of polyp size features
such as breadth and length. This provides a technology-based solution that can enhance the treatment
planning and early detection of colon cancer. Karthikha et al. [27] proposed a deep learning model based
on Dilated-U-Net-Seg to segment polyps in GI images, which produced good performance for accurate
polyp identification according to different assessment metrics. The key advantage of the proposed UViT-
Seg framework is its capability to simultaneously capture global context and fine local details with the
combination of a vision transformer-based encoder and an enhanced decoder [28]. The dual attention
devices and residual connections help retain more features, improving the accuracy of segmentation, and
the model shows good generalization on multiple datasets with relatively low computational demands,
making it suitable for applied clinical applications. The design is, however, somewhat complicated, which
may make it harder to implement and understand. It is also sensitive to the classification of polyp and normal
tissue because they share similar feature patterns. Limitations of the model include accuracy reduction in
deeper polyp regions and ill-defined boundaries. It may also not perform as well on datasets with different
characteristics. However, larger polyps are often not visible. While the model is largely effective, more work
needs to be done to refine the model for consistency and reliability across different types of gastrointestinal
imaging scenarios. In Zhang et al. [29] proposed a multimodal method called MSGC was proposed to
tackle the task of grading the severity of gastric cancer using endoscopic images and diagnostic textual
records by jointly learning from them via BERT to extract semantic information from text and an improved
ResNeXt model to extract visual characteristics, and a contrastive learning method is utilized to map the
text and image representations into a shared feature space to enhance intra-class similarity and cross-
modal alignment. A multi-head attention module can be added to the model to dynamically weight feature
components so that the model can focus on the most relevant diagnostic cues. The method has several
advantages: it combines complementary information from visual and textual modalities, which results in
more accurate diagnoses, but the model trained on a private dataset has limited generalizability to larger-
scale clinical settings and a wider range of patient populations, and its efficacy is highly dependent on the
quality and completeness of both image and text inputs. Prakash and Krishnamurthy [30] introduced a
deep learning-based framework to analyze the WCE dataset to aid in the non-invasive diagnosis of small-
intestinal disorders. It develops a hybrid model, TU-MNetv2, to enhance depth estimation from endoscopic
frames by combining TransUNet and MobileNetV2. It employs a unique IF-AZOA optimization method
that considers entropy, edge density, key points, and image moments. It uses preprocessing to reduce noise
and emphasize important visual features, which improve image quality, and ensemble learning to improve
lesion-detection performance in difficult scenarios. While these advantages are beneficial, the proposed
framework has a high computational cost due to its deep learning and optimization components, and its
performance is sensitive to preprocessing and the availability of well-annotated datasets. However, it may
not generalize well to other capsule devices or clinical environments, and it still has difficulty with subtle or
low-contrast lesions. In this study, Balasubaramanian et al. [31] developed the HARU-Net framework, which
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combines histogram equalization with an attention-based, residual-gated U-Net architecture, to improve
classification of gastrointestinal (GI) disorders. The proposed method offers the advantage of preprocessing
to enhance image quality, making feature extraction from video capsule endoscopy images easier. The
residual gating used in Attention U-Net enhances feature representation and strengthens the learning
process. The classification accuracy of 98.21% is higher than that of other traditional deep learning models,
such as ResNet and the standard Attention U-Net. This indicates that it is well-suited to identify small patterns
in medical images; however, the dataset is small and is derived from a single database, which could limit
its effectiveness in other clinical settings, and the model is reliant on multiple preprocessing steps, which
can be computationally complex and challenging for real-time applications. Furthermore, it is challenging to
optimize the encoder-decoder architecture with various activation functions or loss strategies, and it needs
to be validated on large-scale and multi-center datasets to verify its generalizability. The limitations of the
most advanced techniques currently in use are listed in Table 1. By tackling several significant issues, this
study seeks to increase the model’s capacity to generalize while maintaining its robustness. Combining several
datasets has lessened class imbalance, one significant problem. As a result, the data space is covered more
widely, and the diversity of the data is increased. The model’s objectivity, robustness, and dependability are
improved because of the more evenly distributed classes. To support this technique, two publicly available
WCE datasets were sequentially combined to create a larger collection of training and testing images.
Although the initial datasets included eight gastrointestinal classifications, this study concentrates on four
therapeutically significant categories: ulcerative colitis, polyps, dyed-lifted polyps, and normal.

Table 1: The methodology, strength, and limitations of prior studies.

Authors, Year,

Reference Methodology Strength Limitations
Gated Recurrent Unit (GRU) This model achieved higher =~ The detection of disease
Malik et al., + ResNet152V2, two accuracy with a hybrid in the proposed model
2024 [32] different types of gastric approach, reducing lacks promising
ulcer using WCE images. overfitting. outcomes.
The attention approach
Lietal enhances module precision The model has 96.6% More data is required to
2025 [q%’] and improves precision using the train the model to
32
lesion-sensitive Kvasir-Capsule-vl dataset. improve the accuracy.
compactness.
Achieves strong and
Sinch et al To propose a lightweight consistent performance (up Limited evidence of
5 N transformer-based to 97% accuracy and 97% clinical validation and
2026 [34] . Lo .
framework Fl-score) with only 6.42M generalization testing.
trainable parameters
The method lacks
extensive validation on
Multi-task learning (MTL
Lietal, to lcllalss;S blzlgi;ng ( ol S) The model achieved 96.80% large, diverse, real-world
2025 [35] Y & POYPS accuracy. clinical WCE datasets,

and ulcers - o
limiting confidence in its

robustness

(Continued)



6 Comput Model Eng Sci. 2026;148(3):40

Table 1 (continued)

Authors, Year,

Reference Methodology Strength Limitations
Yakar et al., Hybrid deep learning The model achieved 92.04% The frames are partially
. degraded due to poor
2025 [36] approach precision. ) .
illumination.
The Kvasir v2 and Hyper It suffers from high
Attallah et al., Hybrid deep learning Kvasir datasets had accuracy  latency, and the tuning
2025 [37] architecture. rates of 97% and 98%, process is lacking for
respectively. large datasets.
Thls, proposed model This model achieved an The tuning process is
Chou et al,, integrates the .
. . Fl-score of 82% and a lacking for larger
2025 [38] Spectrum-Aided Vision L
precision of 82%. datasets.

Enhancer mechanism.

The datasets used in previous studies are relatively small and often derived from a single database,
which may limit the generalization of the developed models across diverse clinical environments and patient
populations. In addition, some previous state-of-the-art approaches rely on proprietary datasets and are
sensitive to the completeness and quality of the available data, potentially reducing their reliability when
relevant information is missing. To these issues, we propose the Bidirectional Motion Temporal (BiMT)
model for gastrointestinal disease detection and classification using WCE images extracted from videos.
The proposed BiMT architecture effectively integrates spatial and temporal information to reduce the
limitations of existing approaches in medical image analysis. In the first stage, pretrained CNN models
including InceptionNetV3 and DenseNet201 are employed to extract discriminative feature representations
from the WCE dataset. This feature extraction process captures rich spatial characteristics from WCE images,
providing a robust foundation for subsequent analysis. In the second stage, a BILSTM model is used to
capture the temporal dependencies between consecutive frames and is combined with Multi-Head Self-
Attention (MHSA) to effectively model short-term contextual relationships. Furthermore, we introduce a
custom Transformer encoder incorporating relative positional embeddings to model sequential information
to increase gastrointestinal disease detection. During training, Categorical Focal Loss (CFL) is employed
to emphasize difficult-to-classify samples and clinically relevant features. Thereby improving classification
performance. We use multiple publicly available WCE datasets, which are merged to form a comprehensive
dataset comprising four clinically relevant classes: ulcerative colitis, polyps, dyed-lifted polyps, and normal.

3 Methodology

The suggested model, the Bidirectional Motion Temporal (BiMT) model, combines transformer-based
classification, MHSA-BiLSTM, and CNNs and RNNs as illustrated in Fig. 1. WCE images are collected from
videos and used as input to the proposed model. We use different publicly available datasets and combine
them. These images are divided into train, test, and validation folders. WCE images are passed to a CNN with
an RNN model to learn the best spatial and temporal features. The MHSA layer processes the BILSTM output
and enables the model to focus on the critical features needed for anomaly detection. To capture temporal
relationships within the anomaly frames, an additional BiLSTM layer is employed to process the features. The
data goes to the transformer encoder block, and positional embeddings are applied. The transformer encoder
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blocK’s output is passed through a series of max-pooling layers, and SoftMax layers are used for final GDs
classification, such as ulcerative colitis, polyps, and dye-lifted polyps. GDs tract WCE images constitute the
input dataset. Our proposed model integrates CNN, RNN, BiLSTM-MHSA, and transformer layers to extract
the best temporal and spatial features that enable precise detection and classification of GI tract abnormalities
from the WCE dataset. The proposed model architecture is presented in Fig. 2.
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Figure 1: The flowchart of the proposed model.
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Figure 2: The proposed base model BiMT architecture.

3.1 Bidirectional Long Short-Term Memory (Bi-LSTM) Model

We employed a BILSTM model [39,40], a type of Recurrent Neural Network (RNN), to capture temporal
dependencies in sequential data. LSTM networks consist of input, forget, and output gates together with
a cell state that functions as the network memory unit [41]. The input gate controls the extent to which
newly generated information is incorporated into the cell state, whereas the forget gate determines which
information from the previous cell state should be retained or discarded [42]. The output gate regulates the
information passed from the cell state to the hidden state. LSTM can effectively preserve relevant information
over long sequences and mitigate the vanishing gradient problem commonly encountered in conventional
RNNs. Fig. 3 illustrates the base structure of the LSTM model. A BiLSTM network extends the LSTM
architecture by processing the input sequence in both forward and backward directions using two separate
LSTM layers. Each direction maintains its own hidden and cell states, allowing the network to capture
information from both preceding and succeeding time steps. The outputs of the forward and backwards
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LSTM layers are subsequently combined. Typically, through concatenation to generate both past and future
contextual information. In Fig. 4 x (¢t —1),xt and x(f+1) represent the input data at time (t-1),(¢)
and (t +1) respectively while h (¢t —1), ht and h (t + 1) denote the corresponding hidden states. Similarly,
o(t-1),otand o (t + 1) representing the corresponding outputs. The weights wl, w2, ......... w6 represent
the layer-specific parameters associated with the LSTM computations. During the forward and backward
passes, these parameters are used to update the respective hidden and cell states. The final Bi-LSTM output
is obtained by combining the representation generated from both temporal directions. Thereby enabling the
model to exploit information from the complete sequence.

Eqgs. (1)-(3) describe it.

ht = fl(Wlxt + W2h[_1) (1)
h) = f2(w3x; + wahi,,) (2)
0 = f3(w5h; + wéh,) (3)

where f1, f>, and f3 are activation functions between different layers. To determine the input state f;, v;, i

in Egs. (4)-(6).

fi=0(wys[haxi] + by) (4)

vy = tanh(we. [h-1x:] + be) (5)

it = O'(WJ [htfl.xt] + b]) (6)
Calculate the cell state C; in Eq. (7).

Ci= f1.Coy +irvy (7)

Compute the output gate o, and the hidden state h, at the current state as present in Eqs. (8) and (9).

Ot=U(WU.[ht71Xt]+ba)

ht:ottanh(C[)

(8)
)

h

Cet 5 N
A { + T
Y N
T tanh
’/"' "‘\\ ‘/"/ N\
f; i¢ _"\X/‘ o \X Y,
vt
h¢
g/l 0 tann| O >
Her | I | 1 I
| y
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Figure 3: The LSTM model architecture.
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Here W, and b, represent the weights and biases of the training matrix. The sigma ¢ denotes a non-
linear activation function that outputs values within the range [0, 1]. The hidden layer unit is denoted by
h: and f; present the forgotten gate unit. The cell state unit is shown by v;. The input gate is denoted by
i;. The output gate is represented by o, and C; is represented as the cell state to synchronize and output
information from the previous unit. BILSTM techniques support sequence knowledge in both directions
and integrate this substantial information into the current output layer. By leveraging relationships from
both past and present data. BILSTM improves its prediction capability. The complete BiLSTM hidden layer
consists of cascading vectors that merge the outputs from the forward and reverse processes. The proposed
spatiotemporal feature extraction module generates input for the attention module. This module displays
stacking multiple Residual Attention BiLSTM blocks connected in sequence, with the output from each being
passed to the initial BILSTM of the following block. Let cgi) where ith the temporal features vector is made

by the BiLSTM with t time. The attention layer produces a background vector v, for cgi) at time t.

The multiple stacked Residual Attention BiLSTM blocks are connected in sequence, with the output
from each block being passed to the initial BILSTM of the following block. An activation function is applied

to the hidden state h; of the first BILSTM layer to compute the relevance score rgi) in Eq. (10).

r) = tanh(WH, + b) (10)
Here rgi) is the relevance feature i with respect to time t. W and b represent the weight and bias. The

activation function is hyperbolic tangent tanh(). The attention module computes the attention weight A(ti)
with respect to time ¢ present in Eq. (11).

(1,) ~ exp (WEI)TEI))
A Zszl exp (wfi)rgi)) o

Here wfi) shows the model weight learned feature i at time t and collects high-level sequence informa-
tion in our method by using stacked RNN with multi-LSTM layers. The data in an LSTM is often processed
through one layer before being sent to the output. On the other hand, it examines data at multiple levels while
solving temporal sequences. In this configuration, the hidden state from the preceding layer is sent into each

LSTM layer, forming a hierarchy of layers that jointly process the input as shown in Eq. (12).
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y=f(x)+x (12)
Here y is the output and x is the input of the BiLSTM block.

3.2 Multi-Head Self-Attention (MHSA) Method

A form of attention mechanism called MHSA is incorporated into the proposed model to enhance
feature representation and enable the model to assign greater importance to regions that are more likely to
contain disorders. In our approach, the input to the attention module is the output of the first BILSTM layer
denoted by Z [43]. The feature representation Z is reshaped into dimensions as shown in Eq. (13).

Zreshape = Reshape(Z) € R(n”’WSX"ruls)X”channezs 13)
P p

The query, key, and value representations are obtained through three learnable projections as present
in Egs. (14)-(16).

Q=ZWq,K=ZWg,V =ZWy (14)
Z c R(nfowsncols)xnchannals (15)
WQ c Rnchannﬁlsxdk’ WK € Rnchannelsxdk’ WV c Rnchannelsxdv (16)

The scaled dot product attention is then calculated as shown in Eq. (17).

Attention (Q,K, V) = softmax ( QKT) 14 (17)
o Vi

In the MHSA mechanism, the same input representation (z) is projected into (k) independent attention
heads. Each head learns separate query, key, and value projections and captures different relationships within
the feature representation. The ith attention head is defined as Eqs. (18) and (19).

head; = Attention (ZW2, ZWX,Zzw}"),i=1,....h (18)
WQ c Rnchannelstk WK € Rnchunnelsxdk W'V € Rnchunnelsxdv (19)
i > 1 > 1

The outputs of all multi-heads are concatenated and linearly projected using the output weight matrix
WO as present in Eq. (20).

MultiHead(Z) = Concat (head;, ..., head,) W° (20)

where WO ¢ R(#v)xdmoa jg the product of the output weight of MultiHead(Q, K, V). The MHSA receives the
output from the first BILSTM layer, which allows the model to focus on many objects simultaneously. The
facility of models to focus on multiple items at once is resolved by the many attention heads in the MHSA
layers. The BiLSTM layer processes each frame feature map, understanding the features of the data of these
attention heads. This mechanism is improved by the second BiLSTM layer. MHSA layer is between the two
BiLSTM layers in the proposed model. This arrangement is expected to organize situations in which many
objects are concurrently involved in different irregular occurrences and enable the model to investigate the
association between the most significant elements with later and earlier frames. This arrangement gives better
performance and accuracy.
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3.3 Transformer Encoder

The modified transformer encoder is designed to improve the processing and representation of image
data by effectively capturing complex spatial relationships among different regions and features within an
image. The conventional transformer architecture is enhanced through the integration of dense projecting
layers, multi-head self-attention, and normalization layers in a carefully structured arrangement. This con-
figuration enables the network to learn more meaningful and discriminative spatial feature representations,
as illustrated in Fig. 5, thereby improving the overall performance of image classification. The first dense
block consists of four fully connected layers with three dropout layers positioned between them. The dropout
layers enhance the model’s capacity for generalization and lessen the possibility of overfitting. The retrieved
visual characteristics are further refined and transformed by the subsequent thick layers. The network can
easily identify complicated patterns, connections, and discriminative attributes in the input images for
the feature learning process, which produces a strong feature description for precise image classification
and identification.

Output
A

ﬁ | 2\

Dense Layer
I

[ Drop Out Layer ]
|

[ Dense Layer

I

-

Add & Normal Layer

Dense Layer
Drop Otlxt Layer
|
Dense Layer
Drop Oll.lt Layer
|
Dense Layer
Drop Oll.lt Layer
DenseI Layer
|

& )
| )
[ |
( )
| )
| )
| )
| )
[ Drop Out Layer ]
C )
[ )
[ J
[ J

I
Dense Layer

A

1
Drop Out Layer

3

Multi Head Attention

A

Layer Norm

. A )

Relative Positional Embedding

Output of BiLSTM Layer

Figure 5: Transformer encoder architecture.
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3.4 Categorical Focal Loss (CFL)

This approach deals better with imbalanced class distributions and allows for the detection of less
common classes; however, because the mainstream class has more weight in the loss calculation, it can
sometimes exacerbate class imbalance by training the model to predict that class [44], thus focusing less on
the underrepresented class. Two main mechanisms are used to address this bias in the Class-Balanced Focal
Loss (CFL): the focusing parameter (y). This parameter lowers the loss contribution from samples that are
already correctly classified, allowing the model to focus more on instances that are more difficult to classify.
Weighting factor («): As shown in Eq. (21), this factor ensures that the samples of the underrepresented class
have a greater impact on the learning process of the model by giving them a higher weight than the majority
class.

CFL = Zi: a(i(probability);) x log((probability);) (21)

These changes adjust the loss for correctly classified instances while placing greater importance on
misclassified instances. This ensures the model’s attention shifts from categories with an abundance of
instances to those that are under-represented. The output from BiLSTM and MHSA layers are passed into
the transformer encoder block, which takes in positional embedding for handling temporal information;
absolute position encoding is used traditionally but, in this study, relative position embedding has been
employed, which is advantageous with the WCE data since it captures the evolving context of the WCE data
by considering their temporal distance to other frames and paying attention to their relative relationships.

This enables the model to capture both short- and long-term dependencies in gastrointestinal tract
examinations, which is particularly beneficial when processing WCE data with varying sequence durations.
The output from the Transformer encoder block is passed to a global max pooling layer, which captures
the most prominent features from the feature maps while reducing their dimensionality and computational
complexity. This is followed by a dropout layer to mitigate overfitting and improve model generalization, and
a fully connected layer with SoftMax activation for final classification. The fully connected layer transforms
the extracted high-level features into class probabilities, enabling accurate and efficient detection and
classification of gastrointestinal abnormalities from WCE data.

4 Dataset and Preprocessing

The performance and generalization capacity of the classification framework were assessed using two
publicly accessible gastrointestinal endoscopic image datasets, such as Kvasir-Capsule-v1 [45] and Kvasir-
v2 [46]. Kvasir-Capsule-vl is a WCE dataset, while Kvasir-v2 is a traditional gastrointestinal endoscopy
dataset that includes images from colonoscopies. We employed an image dataset for this investigation that
included four classes: Ulcerative Colitis, Polyps, Dyed-Lifted Polyps, and Normal, as seen in Fig. 6.

The consolidated dataset contains a total of 6510 images, including 1590 Dyed-Lifted Polyps images,
1630 Normal images, 1640 Polyps images, and 1650 Ulcerative Colitis images present in Table 2. The number
of images across the four classes is nearly equal, resulting in a well-balanced dataset with minimal class
imbalance. A balanced class distribution helps reduce the risk of classifier bias toward majority classes and
enables the model to learn discriminative features from each gastrointestinal condition more effectively.

4.1 Data Augmentation

Data augmentation techniques were employed to improve the model’s generalization capability by
artificially expanding the dataset. The applied augmentation techniques included 90° rotation in both
clockwise and counterclockwise directions, 180° rotation (upside-down), horizontal and vertical flipping
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with a 50% probability, and small random rotations within the range of —12° to +12°, as shown in Fig. 7.
Furthermore, horizontal shearing was applied within the range of —5° to +5%. Exposure and brightness
levels were varied within the range of —11% to +11% to simulate realistic variations in illumination and image
intensity. Gaussian blurring was applied by randomly selecting the standard deviation from —11% to +11%,
while an appropriate odd-valued kernel size was used for the Gaussian filter.

polyps

ulcerative colitis

Figure 6: Sample WCE images present various ulcers.

Table 2: Total number of WCE images.

Class Images
Dyed-lifted polyps 1590
Normal 1630
Polyps ulcer 1640
Ulcerative Colitis ulcer 1650
Original Flipped Rotated Translated

Figure 7: Sample image after applying the augmentation techniques.
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4.2 Configuration of Proposed Model

In the proposed BiMT framework, each input where each frame represents extracted spatial features
from the CNN backbone. The dataset was organized into four clinically relevant classes: ulcerative colitis,
polyps, dyed-lifted polyps, and normal cases. The dataset was utilized to assess the performance of the
proposed model using a holdout validation strategy, where the images were divided into training, validation,
and testing subsets with a ratio of 70%, 20%, and 10%, respectively. The resolution of each frame is set to
256 x 256 x 3 pixels to ensure efficient operation with the pre-trained CNN. To provide the model a variety
of sample configurations and help it acquire more robust feature representation, the dataset was randomly
shuffled after each epoch during training. The Stochastic Gradient Descent (SGD) optimizer is used to train
the model for 50 epochs with a batch size of 32 and a learning rate of 0.0001. By lowering reliance on neurons, a
dropout rate of 0.5 was included to reduce overfitting. Categorical cross-entropy was used as the loss function
for multi-class classification, as described in Algorithm 1. Table 3 summarizes the computational complexity
of the proposed model. The experiments were conducted using a workstation equipped with an Intel Core
i5 11th Generation processor, 8 GB of system RAM, and an NVIDIA GeForce RTX 3080 Ti GPU with 12 GB
of GDDR6X VRAM.

Table 3: Description of the trainable parameter measurement.

Description Measurement
Trainable Parameters Approximately 5.2 million
Model Training Duration Roughly between 4 and 6 h
Typical Time per Prediction Around 11.4 ms per sample
GPU Memory Utilization Close to 790 megabytes

There are different deep learning models that were evaluated based on their performance measures. We
experimented with different CNN architectures to find which models have better accuracy, recall, precision,
F1-Score, specificity, and MCC present in Table 4.

Table 4: The classification outcome for various models.

Model Accuracy (%) Recall (%) Precision (%) Fl1-Score (%) Specificity (%) MCC (%)

Inception V3 79.87 79.93 79.91 79.80 79.83 79.90
DenseNet-201 78.23 78.30 78.19 78.28 78.20 78.12
ResNet152 73.12 74.01 73.80 73.02 73.01 73.01
VGG-19 71.98 72.88 71.99 71.98 72.10 72.10
VGG-16 72.52 73.75 72.91 72.90 73.90 72.55
EfficentNetB6 75.53 76.52 75.50 75.30 75.78 76.10
ResNetV2 76.25 73.42 77.61 75.46 76.12 73.80

Table 4 presents the performance comparison of different pretrained CNN architectures on the WCE
dataset in terms of classification accuracy. Among the evaluated architectures, Inception V3 achieved the
highest classification accuracy of 79.87%, followed by DenseNet-201 with an accuracy of 78.23%.
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Algorithm 1: Bidirectional motion temporal (BiMT) model for gastrointestinal disease classification

BEGIN
1. Dataset Integration
DS < Load(Kvasir-Capsule-vl, Kvasir-v2)
Merge DS into four classes:
C; <« Ulcerative Colitis
C, <« Polyps
C; <« Dyed-Lifted Polyps
Cs < Normal
2. Image and Frame Preprocessing
FOR each sample s € DS DO
Extract required frames from WCE sequences
END FOR
FOR each imageI ¢ DS DO
Resize(I, 256 x 256 x 3)
Normalize(I)
END FOR
3. Dataset Partitioning
Training Set < 70% of DS
Validation Set <« 20% of DS
Test Set < 10% of DS
4. Feature Extraction
FOR each input sequence X € TrainingSet DO
F < CNN(X)
Extract spatial features using pretrained CNN backbone
END FOR
5. Temporal Feature Modeling
T < BiLSTM(F)
A <~ MHSA(T)
R < Transformer Encoder(A, Relative Positional Embedding)
6. Hyperparameter Configuration
Learning Rate <« 0.0001
Optimizer < SGD
Loss Function <« Categorical Focal Loss
Batch Size « 32
Epochs < 50
Dropout Rate < 0.5
Early Stopping <« Enabled
7. Model Training
FOR epoch =1TO 50 DO
Shuffle(Training Set)
Y« BiMT (Training Set)
Loss <~ Categorical Focal Loss(Y, Y)
Update model parameters using SGD

(Continued)



16 Comput Model Eng Sci. 2026;148(3):40

Algorithm 1 (continued)

Validation Loss < Validate(Model, Validation Set)
IF Early Stopping(Validation Loss) = TRUE THEN
BREAK
END IF
END FOR
8. Model Evaluation
Predictions < BiMT (Test Set)
Accuracy <= Calculate Accuracy(Y, Predictions)
Recall <« Calculate Recall(Y, Predictions)
Precision < Calculate Precision(Y, Predictions)
F1Score « CalculateF1Score(Y, Predictions)
Specificity < Calculate Specificity(Y, Predictions)
MCC <« Calculate MCC(Y, Predictions)
9. Classification Output
Results < {Accuracy, Precision, Recall, F1Score, AUC}
RETURN Results
END

4.3 Model Performance

The classification models for ulcerative colitis, polyps, and dyed-lifted polyps were evaluated using
several standard metrics, including accuracy, sensitivity, specificity, precision, Fl-score, and Matthews cor-
relation coefficient (MCC). To comprehensively evaluate the classification performance across all categories.
Additionally, confusion matrices were generated for each of the four models to provide detailed analysis
of classification outcomes. Accuracy represents the proportion of correctly classified images relative to the
total number of images evaluated [47]. This metric is derived from the confusion matrix, which consists of
four fundamental components: true positive (TP), true negative (TN), false positive (FP), and false negative
(FN). The most used evaluation metric, accuracy, provides an overall measure of the model’s classification
performance. The percentage of real positive samples that were correctly classified as positive (true positives)
is known as recall, also called sensitivity or the true positive rate.

TP+ TN

Accuracy (%) = x 100 (22)
TP+ FP+ TN+ FN
o TP
Precision = ———— (23)
TP + FP
TP
Sensitivity/Recall = ————— 24
ensitivity/Reca TP FN (24)
Precision x Recall
F1 - Score =2 x — (25)
Precision + Recall
TN
Spocificity - 26
pecificity TN < FP (26)
TP* TN) - (FP*FN
McCC (TP TN) — (FP+ FN) (27)

i \/(TP+FP) + (TP +FN) % (TN + FP) (TN + FN)
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4.4 Proposed Model

A Bidirectional Long Short-Term Memory (BiLSTM) system, Multi-Head Self-Attention (MHSA), and
a modified Transformer module are integrated in the suggested model framework, BiMT. Based on the
BiMT base model architecture, three models have been created and assessed. Each is designed for different
experimental objectives.

InceptionV3-BiMT: This model serves as the lightweight model that uses InceptionV3 as the feature
extractor, achieving a trade-off between accuracy and computational efficiency.

DenseNet201-BiMT: Uses DenseNet201 as the feature extractor to capture the essential information
from all previous layers, improving feature reuse and representation quality.

ConvNeXt-BiMT: ConvNeXt improves upon conventional convolutional neural networks by incorpo-
rating design principles inspired by Transformer models while maintaining computational efficiency.

4.5 Results

The results show that the ConNeXt-BiMT model performance is better than the other versions of
BiMT models such as InceptionV3-BiMT and DenseNet201-BiMT. The performance metrics of the BIMT
base model on the WCE dataset are shown in Table 5. The second model, InceptionV3-BiMT, has moderate
performance measures, as shown in Table 6. The third DenseNet201-BiMT model performance measure is
shown in Table 7. The ConvNext-BiMT model performance measure is shown in Table 8. The standard BIMT
model performs moderately yet consistently, averaging around 94.23% across all criteria. When InceptionV3
and BiMT are used together, that achieved the average accuracy of 96.33%, which means that they can
better extract useful visual features from WCE images. The DenseNet201-BiMT variant shows a further
improvement, with scores of about 97.48% on the same measures. This indicates that information flows
deeper between layers and that features can be recycled better. The Precision, Recall, F1-Score, Specificity,
MCC, and Accuracy of the ConvNeXt-BiMT model are about 98.41%, indicating that the ConvNeXt
backbone can better learn and represent fine-grained spatial patterns and texture changes in WCE images
for reliable classification of ulcerative colitis, polyps, dyed-lifted polyps, and normal.

Table 5: The BiMT model performance using the WCE dataset.

Class Precision Recall F1-Score Specificity MCC Accuracy
Ulcerative colitis 94.18 94.20 94.18 94.12 94.23 94.21
Polyps 94.05 94.08 94.04 94.09 94.05 94.04
Dyed-lifted polyps 94.21 94.28 94.24 94.24 94.27 94.28
Normal 94.38 94.37 94.38 94.37 94.38 94.37

Table 6: The InceptionV3-BiMT model performance using the WCE dataset.

Class Precision Recall F1-Score Specificity MCC Accuracy
Ulcerative colitis 96.42 96.41 96.40 96.43 96.42 96.44
Polyps 96.25 96.20 96.29 96.24 96.26 96.24
Dyed-lifted polyps 96.31 96.29 96.32 96.32 96.31 96.30

Normal 96.39 96.35 96.35 96.37 96.39 96.33
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Table 7: The performance measure of the DenseNet201-BiMT model using the WCE dataset.

Class Precision Recall F1-Score Specificity MCC Accuracy
Ulcerative colitis 97.79 97.80 97.78 97.83 97.88 97.82
Polyps 9721 9718 97.25 97.24 9718 97.18
Dyed-lifted polyps 97.48 97.41 97.41 97.44 97.45 97.41
Normal 97.55 97.48 97.48 97.51 9752 97.52

Table 8: The performance measure of the ConvNeXt-BiMT model using the WCE dataset.

Class Precision Recall F1-Score Specificity MCC Accuracy
Ulcerative colitis 98.01 98.30 98.30 98.31 98.30 98.31
Polyps 98.25 98.30 98.31 98.29 98.28 98.26
Dyed-lifted polyps 98.61 98.64 98.61 98.65 98.60 98.61
Normal 98.45 98.39 98.41 98.43 98.47 98.45

The accuracy learning curves of each of the four models are shown in Fig. 8. The ConvNeXt-BiMT
achieves the highest and most stable accuracy during training, showing good convergence and general-
ization. The lowest total loss is due to the consistent reduction in losses. The original BiMT converges to
lower accuracy, whereas the DenseNet201-BiMT and InceptionV3-BiMT models exhibit steadily increasing
performance. Fig. 9 presents the corresponding loss curves. ConvNeXt-BiMT exhibits a rapid and stable

decrease in loss, reaching the lowest final loss among the evaluated models, which indicates effective
optimization and robust feature learning. In Fig. 10, ConvNeXt-BiMT achieves the highest observed AUC
values, ranging from 0.98 to 0.99, across the four classes on the test set, demonstrating strong discriminative
capability between normal and abnormal images. These results indicate that the model maintains high
classification performance while providing a favorable balance between sensitivity and specificity. In Fig. 11
presents the confusion matrix of various proposed models.
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Figure 11: The confusion matrix of the four proposed models.

Table 9 compares the proposed model’s performance with existing methods. Fig. 12 represents the result
of the proposed model.

4.6 Ablation Study

The ablation study demonstrates that the proposed model achieved progressively improved classifica-
tion performance across ulcerative colitis, polyps, dyed-lifted polyps, and normal as the batch size increased
and the learning rate decreased. A batch size of 32 yielded the best overall performance, achieving 98.30%
accuracy, recall 98.30%, precision 98.31%, and F1-score 98.31%, specifically 98.31%, which outperforms batch
sizes 8 and 16. Likewise, a learning rate of 0.0001 consistently achieved superior results compared with
learning rates of 0.1 and 0.001. Among the evaluated optimization algorithms, Stochastic Gradient Descent
(SGD) consistently outperformed Adam and RMSProp, achieving the highest scores across all evaluation
metrics. Overall, the combination of batch size 32, a learning rate of 0.0001, and the SGD optimizer proved
to be the optimal configuration, delivering the most accurate, robust, and reliable classification performance
across four classes.

Table 9: Comparison of the classification results of this study and other studies.

Author, Year, Reference Methodology Accuracy (%)
Rahman et al., 2024 [48] EfficientNetB5 98.02
Bajhaiya et al., 2023 [49] DenseNetl121 94.01
El-Ghany et al., 2024 [50] EfficientNet-B0 98.03
Nam et al., 2024 [51] CNN + LSTM 95.80
Khan et al., 2025 [22] DenseNet201 with Self-Attention 95.10
Chen et al., 2024 [52] CNN + PyQt5 8717

Proposed Model ConvNeXtvl-BiMT 98.41
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Normal

Figure 12: The proposed ConvNeXt v2-BiMT model’s test results.

5 Conclusion, Limitation and Future Directions

In this study, we developed a deep learning-based fusion framework for the multi-class classification
of ulcerative colitis, polyps, dyed-lifted polyps, and normal in the WCE dataset. The proposed framework
combines advanced feature extraction and sequential learning techniques to effectively identify complex
patterns in WCE data. BiLSTM model is a combination of an enhanced transformer module and CNN with
MHSA to extract the best contextual features and visual information from successive endoscopic images.
The ConvNeXt-BiMT achieved the best performance with an accuracy of 98.41%, followed by DenseNet201-
BiMT (97.48%), InceptionV3-BiMT (96.33%), and the original BIMT model (94.23%). The suggested method
improved the performance by using the temporal and contextual information with intricate visual repre-
sentations. This approach improves the performance and accuracy of gastrointestinal lesion classification
in the WCE dataset by taking into account lesion features and overall image dependencies. These results
show that ConvNeXt is a viable method for automated WCE image analysis, as it increases classification
accuracy, improves generalization, and enhances model stability when integrated into the BIMT framework.
Despite the promising performance of the proposed model, it has a few limitations, such as the study
focusing primarily on the three gastrointestinal disorders. Therefore, the framework does not currently
address other clinically important tasks such as lesion localization or segmentation, which are essential
for comprehensive gastrointestinal examinations. In future work, we aim to further develop the proposed
framework for more clinically relevant applications, particularly lesion localization and segmentation, while
incorporating temporal modeling to better capture the relationships between consecutive frames in video
data. Moreover, improving human-Al interaction through clear and interpretable visualizations, along with
a confidence-aware decision support mechanism.
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