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Abstract 
Wireless capsule endoscopy is a non-invasive medical imaging 
modality used for diagnosing and monitoring digestive tract diseases. 
However, the analysis of images obtained from wireless capsule 
endoscopy is a challenging task, as the images are of low resolution 
and often contain a large number of artifacts. In recent years, deep 
learning has shown great promise in the analysis of medical images, 
including wireless capsule endoscopy images. This paper provides a 
review of the current trends and future directions in deep learning for 
wireless capsule endoscopy. We focus on the recent advances in 
transfer learning, attention mechanisms, multi-modal learning, 
automated lesion detection, interpretability and explainability, data 
augmentation, and edge computing. We also highlight the challenges 
and limitations of current deep learning methods and discuss the 
potential future directions for the field. Our review provides insights 
into the ongoing research and development efforts in the field of 
deep learning for wireless capsule endoscopy, and can serve as a 
reference for researchers, clinicians, and engineers working in this 
area inspection process.
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Abbreviations
CNN: Convolutional Neural Network
DICR-CNN: Domain-Invariant CNN
FPS: Frames Per Second
GCNN: Graph Convolutional Neural Network
GI: Gastrointestinal
KNN: K-Nearest Neighbors
LSTM: Long short-term memory
RNN: Recurrent Neural Network
VGG 19: Visual Geometry Group 19 layers
WCE: Wireless capsule endoscopy
YOLO-v4: You Only Look Once version 4

Introduction
Wireless capsule endoscopy (WCE) is a minimally invasive diagnostic imaging modality that is used to examine the
digestive tract. The procedure involves swallowing a small capsule equipped with a camera, which takes images of the
digestive tract as it travels through the body. The images obtained fromWCE are an important source of information for
diagnosing and monitoring digestive tract diseases. However, the images are of low resolution and often contain a large
number of artifacts, making their analysis a challenging task.

Artificial intelligence has shown remarkable diagnostic abilities in a variety of gastrointestinal medical image sectors1

and health care sector.2Wireless capsule endoscopy is regarded as a valuable tool for diagnosing intestinal illnesses. Due
to themillions of training constraints, existingDL (Deep Learning) approaches for pathology detection inWCE (Wireless
Capsule Endoscopy) image are complex and computationally intensive.3 Color and texture have a significant role in
prominence target feature that aid in the recognition of abnormalities.3 One of the WCE’s primary limitations has been
that it captures many snapshots that should be sent to the attached screen and evaluated by physician: this takes a lot of
time. Another drawback is the unclear line between lesions and normal tissues.4

Deep learning techniques offer a lot of promise for helping doctors detect, find, and diagnose gastrointestinal disease with
wireless capsule endoscopy. Several researchers have created image processing5–7 and deep learningmethods for finding
and diagnosing disease from gastrointestinal tract problems usingwireless capsule endoscopes over the last ten years. The
main problemwith capsule endoscopy is that images are obtained with inadequate lighting and the capsule cameramoves
around throughout the digestive tract, resulting in inadequate quality frames.1

The most popular application of existing machine learning improvements in healthcare is Computer Aided Detection
(CAD),8,9 which is used to detect lesions, such as those present in the gastrointestinal tract.

Deep learning approaches, Supervised learning, and Transfer Learning methods were investigated in this study to better
understand the situation and which types of CNN blocks and features can improve the classification and detection of GI
pathology. To arrive at this conclusion, we first reviewed various recent papers in Table 1, held a discussion, and then
compared accuracy in Tables 2 and 3.

REVISED Amendments from Version 1

Here, certain changes weremade on this paper tomeet the reviews from the reviewers as follow. It has helped improve the
paper to provide better comprehension of how they contribute towards taking the state of art forward in utilizing deep
learning methods on WCE for categorizing patients with gastrointestinal diseases diagnosis. In our review, we therefore
emphasize how it fills the existing literature gaps especially in lesion detection, segmentation, and classification where
currentmodels have limitations as explained above. Tomeet the demands for additional comparison of themethodologies,
wewidened the comparison scope to focus on thepractical relevance to clinical practice.Weare also considering challenges
and comparisons of various deeper learning networking techniques including accuracy/complexity and XAI, which can
benefit clinicians in understanding model interpretability. Also, the section on challenges and limitations was expanded
significantly with examples of how the current state of the art deep learning techniques does not perform well on some
classification tasks for the GI diseases. We now add a broader description of artifacts and dataset imbalance that usually
results in model misclassification. In the future directions section, there are more concrete directions for developing the
field where each part focused on the need of implementing semi-supervised learning, using video anomaly detection, and
interdisciplinary partnerships. The message we want to convey is how interdisciplinary cooperation between AI scholars,
doctors and technicians are crucial and how this cooperation can be encouraged. Lastly, we extended the description of the
impact of the contrast and texture on model quality. These updates have been incorporated in an effort to improve the
readability as well as the real world application of our review to scientists and practitioners alike.

Any further responses from the reviewers can be found at the end of the article
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Deep learning
TheWireless capsule Endoscopy Deep Learning implementation detected, red spots, vascular lesionsulcers, small bowel
lesions, mucosal lesions, polyps, celiac disease, bleeding, and hookworm. In most existing papers, Deep Learning
applicationswith various CNN featureswere used to detect all 14 colorectal diseases. BecauseDeepLearning inArtificial
Intelligence plays a significant role and performs well in medical image identification and processing, it has gained
impressive performance improvements in the identification of a variety of diseases in Wireless Capsule Endoscopy.

TheCNNmodels withXception and ImageNet features show reliable performance of transforming the color space, which
completely transforms one image into a new one and then the CNN1 can extract features for classification.

The texture, color, and shape qualities3,10,11 were used in the training. Since color can influence training results, image
processing (e.g., white balance adjustment) was needed to reduce color alterations.10 HSV-S, Gray, and Lab-b
components were employed as source data for training in the HSV, RGB, and Lab color models, respectively.10 CNN
in WCE images with YOLO-v411 feature showed high-accuracy, fast, and error-free method for finding intestinal
anomalies in WCE images and classification. The models constructed with CNN with Xception and ImageNet yield the
extracted features and three classifications. The performance was evaluated by using sensitivity and specificity. In the
future the researcher plans to improve the performance of the deep neural network by using effective networks
construction (architecture), scale of datasets, initial variables, and NN algorithm generalization.12

On-the-fly data augmentation and color space transformation are performed by TICT-CNN, accompanied with binary
classification of the frames.3 The use of Deep learning to wireless capsule endoscopy3 and Device-assisted enteroscopy13

could have a significant impact on how patients with gastrointestinal hemorrhage are treated.

AI features, including LeNet, AlexNet,14,15 VGGnet,14 GoogLeNet,14 and ResNet,14,16,17 DenseNet121,14,18

Xception,14,18,19 have been recently the most used in wireless capsule endoscopy image. The most widely improved
convolutional CNN architecture is Alexnet.15,20,21 In some application AlexNet has outperformed architectures in terms
of improving CNN performance.

In the absence of pixel-level labels, TICT-CNN3 is used when datasets-level in WCE image labels are used as weakly
annotated-data for training. Self-supervised learning17 is a practical method for dealing with the problem of insufficient
training data and annotations. SSL performance is good in the ResNet-50 design with dense layer.17

The performance of CNN in wireless capsule image pathology detection/classification is typically restricted because of
the small, labeled CE (capsule endoscopy) image datasets. Transfer learning (TL)22,23 is beneficial for several tough
pathology identification operations, and it is one solution tomachine-vision problemswhen only restricted CE images are
typically available due to patient medical imaging data privacy concerns. We should research the best ways to learn and
verify pathology detection with a few datasets to solve such problems.

Transfer learning approaches with a pre-trained model were applied with ImageNet datasets, and the rectified linear
unit (ReLU),14,17,24 dense layer17 was used as a transfer function for transfer learning. The VGG16 model really does
have the highest Matthews Correlation result of 95% and Cohen’s Kappa score of 96% when compared to other
algorithms.23 During the training datasets of the amplifiedKvasir-version-2 datasets, fine-tune three key pre-trained CNN
are VGG-16,25 ResNet-18,23 and GoogLeNet.23 VGG-16 consists of 16 layers, 3 of which are 3 dense layers and
13 convolution layers.23 In comparison to ResNet-18 and GoogleNet, VGG16 has performed better in this architecture
in.23 Using a larger dataset that has been labeled by a larger group of specialists is one way to improve pathology
detection.23 However, to overcome the challenges of obtaining a huge dataset, we need use the best transfer learning
techniques available, such as the few shots learning approach, which can learn new things from current datasets.

Table 3. The following are the top five articles.

Methods Accuracy % Ref

Xception 99 26

DenseNet121 98.17 4

Inception-Resnet-v2 98.1 22

ResNet 98.05 20

AlexNet 97.50
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Although the dataset in22 is 30 times larger than in,23 the author’s result in 6 is better than in 7 because with a few datasets,
the researcher used a better architecture than in,23 which solved the issues of gathering large medical datasets. However,
a huge dataset23 helped to improve the effectiveness of CNN features in wireless capsule endoscopy. Xception model
with ImageNet10,13,26,27 was able to reach higher levels of accuracy than23 when we compare as well as great image
processing results with superior performance. We hope that their findings will contribute to the wider adoption of AI
(Artificial Intelligence) technology in the field of WCE for researcher who wants to work on Deep learning with transfer
learning approaches. The researcher employed the EFAG-CNN4 with three branches: branch 1, branch 2, and branch 3.
Initially, AI DenseNet1214 built on ImageNet was trained using branch 1 and branch 2, then fine-tuning approach was
employed to improve performance and convergence speed. Branch1 has been used to concentrate the lesion region,
branch 2 has been used to extract useful features from the lesion area, and branch 3 has been used to combine global and
local features to get the final prediction result.4

When the available labeled datasets are insufficient to produce a supervised model with improved performance, weakly
supervision1,28 is seeking to gather more labeled data for supervised training and modeling. The labeled data that is
accessible is noisy or comes from an unreliable source. Weakly supervise learning used by most researchers for the long
video localization in wireless capsule endoscopy. GCNN (Graphical Convolutional Neural Network),1 unlike CNN, is
designed to work with non-Euclidean structured data. The author gathered extensive videos, which will be converted
into nodes Count. GCNN1 performed a node count in the form of non-Euclidean structured data (space). For the AI
characteristics and architecture, most of the researchers employed CNN, which means they used Euclidean space. The
challenge of poorly labeled data is addressed byweakly labeled datasets.28 The film produced byWireless Video Capsule
Endoscopy (WCE) holds up to 52000 images. Labeling these datasets takes a long time, which is why doctors do not do
it. They can make a remark about a certain frame (and that this label is for a time-region in the video). This writes down
that the data is poorly labeled. There is also a substantial correlation between frames that can be exploited. Spatial and
temporal features, as well as memory (LSTM (Long Short-Term Memory) and attention, used in.28

GraphSAGE1 is good at predicting the encoding of a new node without the need for re-training. This feature is used to
manage CNN training by shortening the time it takes, but only for capsule endoscopy video, not images. The researcher
begins, with temporary segmentation of the long video into consistent, similar. Then they represented as a graph, the
frame in the capsule endoscopy video as the node by connected the relation by the graph’s edges.1 To make this
relationship we used a variety of identical measures such as correlation, cosine similarity, and Euclidean distance among
the nodes of the graph.1 In weakly supervise learning with GCNN used pretrained VGG191 trained on huge ImageNet
datasets after that finetuned to remove inadequate lighting and inferior quality in the video frames. On large graphs,
GraphSAGE1 offers interactive and dynamic learning. LSTM, Mean, and max pool, are examples of aggregation
functions that can be used in GCNN. Long Sort term memory1 and max-pooling for few-shot learning24 outperformed
competitors in.

Datasets
The protection of patient information is one of the most difficult aspects of data acquisition. As a result, we are unable to
gate huge datasets from medical fields. To deal with data scarcity, most researchers use the augmentations feature, and
transfer learning techniques can also be used to reduce datasets or train CNNnetworks withminimal datasets. To generate
extra new supplementary datasets with varied features of the images, augmentation approaches1,3 are applied. Few-shot
learning24 is another method for improved classification by training a limited number of labeled datasets. As summarized
in Table 2 some authors employed Transfer learning algorithms and functions to tackle dataset scarcity.10,20,21,29 The
largest datasets were 400,000 with Inception- Resnet-V2 architecture22 and performed 98.1 accuracy, while the smallest
datasets were 201 with VGG 16 network architecture25 and performed 93.4 accuracy in this systematic investigation.

A Few-Shots Learning is a core solution to the delinquency of classifying wireless capsule endoscopy (WCE) images
with few labeled data.24 To increase the performance of the Abnormal Feature Attention Relation Network a few-shot
learning applied in24 with a few datasets. In wireless capsule endoscopy, feature addition, feature concatenation, and
bilinear merging improve this learning architect for foreground abnormal feature enhancement methods.24 When
compared to the bilinear merging strategy, the abnormal feature attention module (AFA)24 is more effective, improved
by 10.74% across Relation Network (RN). Recognize small polyp boundary in WCE photos using the Multiscale
pyramidal FSSD (Fusion Single Shot Detector)25 approach as the underlying architecture, balancing precision, and
speed.

Methods
The ultramodern survey began with an analysis of relevant keywords based on subjects or topics. For searching similar
and relevant publications from official databases, we found key terms. CNN, Deep learning, Transfer learning, and
wireless capsule Endoscopy are just a few main key terms. We used a combination of key terms with “AND” and “OR”

Page 13 of 24

F1000Research 2024, 13:201 Last updated: 25 OCT 2024



logical operations to find related articles. Using the University of Eastern Finland article searching database platform link
https://primo.uef.fi/, we obtained 222 peer-reviewed publications from Association for Computing Machinery, PubMed
and other international publishers based on the search strategies. The peer review papers were collected from the last
10 years of publication, which began in 2013 and ended in 2022. However, for our inquiry, we chose the most relevant
and recent 30 open articles.

Most peer-reviewed papers were from MedPub publishers. Most of the publications investigated on CNNs
(Convolutional Neural Networks), which are a type of DL technology that is widely used for WCE images. As a result,
we chose the most recent and most relevant journal articles for the survey. We primarily focused on how to overcome the
challenges of low light, shadow, low resolution, and noise in wireless capsule endoscopy for enhanced pathology
identification using Deep learning algorithms.

AI features, we construct a summary of the methods, with outcomes based on Accuracy, Sensitivity, and Specificity. We
compare the results of the top 18 articles development models based on dataset scale and transfer learning features in the
next steps.

Finally, we compare the top five findings to decide which AI features and CNN architecture to propose for improved
pathology inWCE image usingDeep learningmethods. Sensitivity and specificity had been evaluated as a group.We can
look at CNN’s network design and summary in Table 2 formore information. Thiswill aid in figuring out the best wireless
capsule endoscopy feature and procedures.

Discussion
Using wireless capsule endoscopy images, deep learning models have shown promising accuracy in the classification of
gastrointestinal disorders. Research findings indicate that the average accuracy of these models is 99%, demonstrating
their potential to support precise diagnosis. But managing nuanced illness symptoms and intricate anatomical variances
presents difficulties, necessitating ongoing model reliability development. The pathology map estimator and the
classification network are cooperatively tested and trained to enhance detection results by employing ResNet-50 (self-
attention) and convolutional stemmechanism features.1 Performance of the model is greatly influenced by the features of
the dataset. A stronger generalization is facilitated by large, diverse datasets with well-annotated images. Performance
might be impacted by problems including unequal disease representation and differences in imaging conditions, which
emphasizes the need for well selected datasets. The lesion part or border is very thin in the wireless capsule endoscopy
image, making it difficult to distinguish between the lesion and the normal part of the image in the WCE image. To
illustrate the anomalous pattern, most of the researchers concentrated on the entire wireless capsule endoscopy photos. To
distinguish this exceedingly small lesion boundary from the rest of the image, as the researcher said in,1 you must use the
best representation learning approaches by focusing on the lesion regions. The authors used the CNN features with a
unique lesion attention map estimator model1 and ResNet-50 (self-attention)1,28 to solve this anomalous pattern. Some of
the researchers also use balancing network depth, image resolution, model performance, and parameter complexity
reduction to improve the binary classification of WCE images.19 Some scientists presented a unique pathology sensitive
deep learning methods for frame level variance identification and multi label categorization of diverse colon diseases in
CE data.6 Weekly supervised model1,28 mostly used for multi-label disease identification. According to the work,
attention-based deepMIL28was trained end-to-end on poorly labeled image using video labels rather than comprehensive
frame by frame annotation, but the results are poor based on LSTM.28 The proposed approaches include ResNet50-
designed for spatial features and residual LSTM blocks for temporal features,28 a learned temporal attention module for
final label identification, and self-supervision1,28method to enlarge the distance between pathological classes, aswell as a
self-supervision method to maximize the remoteness between pathological classes. AlexNet possesses these features or
architecture are good approaches for Endoscopy pictures because it is hard to obtain a significant quantity of datasets.21

So, if we have a little dataset, we can increase CNN network performance by utilizing ResNet and AlexNet20 and if we
have a huge dataset, we should utilize xception and DensNet121.4 However, DensNet121 in Ref. 4 also performs well
with limited datasets outperformed architectures in terms of improving CNN performance about image processing
problems. Addition of CNN layers, number of datasets, number of Epoch, image size, color channel (reduction), transfer
learning using pre-trained models such as YOLO and ResNet14,30 are some of the elements affecting the performance of
deep learning progress that must be examined in the research. Table 2 shows how the Xception26 design helps CNN
achieve high accuracy (99%) with datasets 53555. With DenseNet1214 network design and 1000 datasets, the highest
accuracy is 98.17%. Transfer learning techniques were used by both researchers.22,25 However, according to the journal
study, 93.4% accuracy was achieved due to the researcher’s employment of data-efficient learning methods with tiny
datasets. Comparative studies show that deep learning outperforms classical techniques in identifying complex patterns
in capsule endoscopy images. Even if deep learning is superior for feature learning, conventional techniques are still
useful in situations when there is less data. Comprehending the advantages and drawbacks of every methodology is vital
for making knowledgeable therapeutic judgments.
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To advance the research, disciplinary collaboration is crucial. Creating knowledge-sharing platforms, publicly available
datasets, and uniform assessment metrics encourages collaboration to advance deep learning in wireless capsule
endoscopy. Collaboration among researchers, clinicians, and tech developers fosters a more comprehensive understand-
ing of the problems at hand and speeds up progress.

Image quality in WCE
It is not always beneficial to enhance the WCE images to a higher resolution but the contrast and the texture can make a
huge difference especially for the model when trying to detect small lesions. As pointed out by other researchers, low
contrast in WCE images will result in important features being washed out and thus making it extremely hard for deep
learningmodels to differentiate between healthy and diseased tissues. For example, ulcers and polyps are characterised as
small elevated or flat areas that are morphologically slightly different from surrounding tissue; they may be extremely
difficult to identify in low contrast images where tiny differences in the texture compared to surrounds are suppressed.
Models like the CNNs can also be able to rectify the texture and contrast in order tomake these distinguishable differences
make this classification possible and accurate. Some of the enhancements like the histogram equalization, and contrast-
limited adaptive histogram equalization (CLAHE) can enhance the sensitivity of the model and minimize false negative
results of lesion detection.

Challenges and limitations
Deep learning has exhibited impressive results in segmentation and lesion detection for WCE, but there are several
constraints towards the classification problem. For instance, the current models in classification of GI diseases for
instances Crohn’s disease and ulcers are difficult to be achieved because of the high variation of lesion appearance as well
as appearance of artifacts. One of the critical issues is inclusion of the different types of lesion with similar appearance
(e.g., inflamed tissues resemble normal folds) mainly due to low resolution and contrast in WCE videos. Further, due to
the imbalance of the datasets wherein some of the GI diseases are less predominant, model prediction tends to give
preference to the widespread disease, such as polyps. Bubbles and thin food residues present on tissue surfaces, and
motion blur also complicate the models’ task and misclassify these artifacts as pathological. As such, the future work
needs to direct its efforts towards the creation of stronger classification models that would encompass the specifics of the
given domain as well as employ improved pre-processing mechanisms that would eliminate the interference of artifacts.

Future directions
For the extension of deep learning for WCE, future studies should also center on semi-supervised and data-efficient
learning methods which can effectively work under the constraint of scarce labeled data. For example, the use of other
approaches such as self-training or consistency regularization as part of the semi-supervised learning (like soft-teacher
model31) can utilize large datasets of unlabeled WCE images and hence minimize on the use of laborious procedures of
annotation. Moreover, there are some promising directions which will potentially improve the models in the low-data
conditions – transfer learning, where pre-trained models on large and diverse medical databases are retrained exactly for
the WCE applications. A future work is feasible to apply the TCNs or RNNs for the real-time analysis of WCE data
because these networks are suitable for video anomaly detection. Another area of focus for researchers should also be the
establishment of comprehensive WCE datasets and reference standards that will enable easier comparisons among these
models and help scientists in the various AI fields, clinicians, and engineers to collaborate effectively.

Due to challenges in diagnosing gastrointestinal diseases using WCE, there is a need to have collaborations between
artificial intelligence, gastroenterologists, and medical imaging specialists. The building of clinically relevant AI models
for WCE presupposes the expertise in the method of deep learning as well as the problem-oriented approach toward
clinical decision making. There are several strategies which can be employed to encourage interdisciplinary collabora-
tions; these include the use of data shared across disciplines, cross-disciplinaryworkshops and cross-disciplinary research
grants. For instance, clinicians can help AI researchers interpret certain disease manifestation patterns for the specific GI
diseases, which, in turn, allows researchers to tweak their algorithms to enhance the models’ performance. Also,
engineers can help made hardware and software solutions used in AI as efficient as possible, and to adapt them to be
implemented in the clinic.

Result
Table 3 summarizes the final five best-performing articles based on the accuracy and techniques described in Table 2.

According to the researchers, two selected strategies in the above table show the best results. However, the approaches
chosen take advantage of the largest database, 5355525 and 1000 images for DensNet121,4 as well as data-efficient
learningmethods. 400,000 imageswith an Inception-ResNet-v2 feature score of 98.1% are the largest datasets in this state
of the art. This method requires more datasets to achieve 99 to 100% accuracy, since 400,000 photos can get 98.1 when
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compared to the first two articles, which needs many datasets and a revision of the current method. With 6000 photos,
ResNet andAlexNet20 supply 98.05 percent and 97.50% accuracy, respectively. Finally, utilizing AlexNet and ResNet,22

the researcher achieves high accuracy with a limited dataset. Table 3 (shown below) has more information about the
results.

There are challenges in integrating deep learning models with current workflows, ethical concerns, and regulatory
compliance when moving these models from research to clinical application. In order to develop guidelines for safe and
efficient deployment, researchers, healthcare providers, and regulatory bodies must work together to address these
challenges. In order to solve present issues, future developments might make use of cutting-edge technology like
federated learning and explainable AI.

Working toward a future in which deep learning models are useful instruments for decision support, frameworks for
cooperation between AI and medical professionals are taking shape. Efficient decision-making and improved diagnostic
precision can result from combining the analytical power of AI with the clinical expertise of medicine.

In the present comparison of different deep learning methods (Refer Tables 1 and 3) for WCE, factors such as accuracy
and specificity should be complemented with a focus on work flow implications. For instance, YOLO-v4 which is the
latest version of YouOnly LookOncemodel is excellent for real-time object detection, fast and accurate; it can be used to
detect anomalies whileWCE videos in real-time and give feedback to clinicians performing the procedures. However, the
drawback of such a quick approach is the reduced ability to detect smaller or less conspicuous lesions. On the other hand,
themodels that are based on the transfer learning like themodels pre-trained on ImageNet may have better accuracy in the
classification of the lesions but this poses the need for many computational resources in terms of time and money thus
making it very hard or rather not very practical in most of the clinical settings. Nonetheless, the issue of interpretability is
still an open problem as most are deep learning models are ‘black box’ in nature and hence needs to be enhanced using
attention mechanisms and explainable AI so that clinicians can rely on the decisions made by the such models to arrive at
more informed and accurate clinical decisions.

Conclusion
Wireless Capsule Endoscopy is a medical imaging technique used to have a view of the GI tract causing malfunction and
few researches have been documented to have applied deep learning techniques to analyze WCE images in recent years
for different applications for instance segmentation and registration.

Nonetheless, according to our recent research described in this paper, there is still much room for enhancement especially
in the identification and differentiation of pathologies in the GI tract.

One potential area for improvement found is in learning from data efficiently and the use of better forms of artificial
intelligence. Since the medical data annotation is expensive and time-consuming it is essential to improve the efficiency
of the learning methods. Computer aided diagnosis, few sample learning and structural analysis have been used by some
researchers to improve the analysis of WCE. Second, labeling video in WCE is less challenging than labeling individual
frames, and some studies have focused on methods for deducing the diseases’ spatial and temporal distribution from
video labels. Further, there should be a study of automated video trimming through video anomaly detection to minimize
the time spent on reviewing.

Although deep learning techniques have shown high accuracy inWCE settings, many prior studies are limited by flaws in
prior research data and low external validity. It will therefore be imperative to have further systematic and large-scale
systematic studies in the future, which will help to make this technology more clinically applicable. In future studies, we
will look into quality issues of WCE in order to determine areas that need improvement in order to better detect
pathologies. Considering these observations, our goal is to design or obtain enhancement techniques and to test them in
conjugation with physicians. Here we note that while traditional techniques like resolution enhancement have relatively
small effect on deep learning performance, we will aim at contrast and texture enhancement to bring even further
improvement to the deep learning models for WCE.

Advancement of the State of the Art
In this paper, significant problems related to lesion detection, segmentation, and classification in WCE are proposed to
extend the state of the art for deep learning applications. Unlike previous studies that concern the potential model
accuracy, ourwork paysmore attention to the interested clinical applications, including data-efficiency, real-time, and the
spatial-temporal localization of the diseases. In the same breadth, we have also identified several research topics that don’t
seem to have received much attention including semi-supervised learning and video anomaly detection which should be
further explored for development in the future of WCE.
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We also identify the potential for further interdisciplinary cooperation between AI practitioners and clinicians to enhance
both the validity and applicability of deep learning platforms. In the course of this paper, we make a comparison of the
techniques described and show how these innovations can fill the existing gaps in current studies to enhance the detection
of GI diseases in WCE.

Lastly, by exploring some of the AI features like transfer learning and data-efficient methods, our future work will
enhance deep learning methods in the subsequent work to support wider use of deep learning in actual clinics. Our
proposal for the WCE survey is to extend the study on video enhancement for WCE using deep learning, and machine
vision to enhance the detections. For more advancements on video enhancement and detection, readers can refer to our
second paper, which provides detailed insights on these topics.32

Data availability
We did not make use of any resources for datasets. The result under the outcome topic is based on the investigation
conducted in the article. We examine and contrast the results based on the number of datasets and the CNN features used
in the articles. We did not use any data sources in this survey and there was no need to use extra datasets.

References

1. Adewole S, Fernandes P, Jablonski J, et al.:GraphConvolutional Neural
Network For Weakly Supervised Abnormality Localization In Long
Capsule Endoscopy Videos. Piscataway: IEEE; 2021; pp. 388–399.
Reference Source

2. Väänänen A, Haataja K, Vehviläinen-Julkunen K, et al. : AI in
healthcare: A narrative review [version 2; peer review:
1 not approved]. F1000 Res. 2021; 10: 6.
Publisher Full Text

3. Goel N, Kaur S, Gunjan D, et al. : Investigating the significance of
color space for abnormality detection in wireless capsule
endoscopy images. Biomed. Signal Process Control. 2022; 75:
103624.
Publisher Full Text

4. Cao J, Yao J, Zhang Z, et al. : EFAG-CNN: Effectively Fused Attention
Guided Convolutional Neural Network for WCE Image Classification.
IEEE; 2021; pp. 66–71.
Reference Source

5. Majtner T, Brodersen JB, Herp J, et al.: framework for autonomous
detection and classification of Crohnʼs disease lesions in the
small bowel and colonwith capsule endoscopy. Endosc. Int. Open.
2021; 09(09): E1361–E1370.
Publisher Full Text

6. Amiri Z, Hassanpour H, Beghdadi A: A Computer-Aided Method
for Digestive System Abnormality Detection in WCE Images.
J. Healthc Eng. 2021; 2021: 1–11.
PubMed Abstract|Publisher Full Text|Free Full Text

7. Nam JH, Oh DJ, Lee S, et al. : Development and Verification of a
Deep Learning Algorithm to Evaluate Small-Bowel Preparation
Quality. Diagnostics (Basel). 2021; 11(6): 1127.
PubMed Abstract|Publisher Full Text|Free Full Text|
Reference Source

8. Stoleru CA, Dulf EH, Ciobanu L: Automated detection of celiac
disease usingMachine Learning Algorithms. Sci. Rep. 2022; 12(1):
4071.
PubMed Abstract|Publisher Full Text|Free Full Text

9. DeMaissinA, ValléeR, FlamantM, et al.:Multi-expert annotationof
Crohn’s disease images of the small bowel for automatic
detection using a convolutional recurrent attention neural
network. Endosc. Int. Open. 2021; 09(07): E1136.

10. MascarenhasM, Ribeiro T, Afonso J, et al.:Deep learning and colon
capsule endoscopy: automatic detection of blood and colonic
mucosal lesions using a convolutional neural network. Endosc
Int Open. 2022; 10(02): E171.

11. Biradher S, Aparna P: Classification of Wireless Capsule Endoscopy
Bleeding Images using Deep Neural Network. Piscataway: IEEE; 2021;
pp. 1–4.
Reference Source

12. Toonmana C, Numpacharoen K, Wiwatwattana N, et al. : Bleeding
Region Segmentation in Wireless Capsule Endoscopy Images by a Deep
Learning Model: Initial Learning Rate and Epoch Optimization.
Piscataway: The Institute of Electrical and Electronics Engineers, Inc.
(IEEE); 2022.
Reference Source

13. Saraiva MM, Ribeiro T, Afonso J, et al. : Deep Learning and Device-
Assisted Enteroscopy: Automatic Detection of Gastrointestinal
Angioectasia. Medicina (B Aires). 2021; 57(12).

14. Kora P, Ooi CP, Faust O, et al. : Transfer learning techniques for
medical image analysis: A review. Biocybern Biomed Eng. 2022;
42(1): 79–107.
Publisher Full Text|Reference Source

15. Sunitha S, Sujatha SS: An Improved Bleeding Detection Method for
Wireless Capsule Endoscopy (WCE) Images Based on AlexNet. IEEE;
2021; pp. 11–15.
Reference Source

16. Muruganantham P, Balakrishnan SM: Attention Aware Deep
Learning Model for Wireless Capsule Endoscopy Lesion
Classification and Localization. J. Med. Biol. Eng. 2022; 42(2):
157–168.
Publisher Full Text

17. Pascual G, Laiz P, García A, et al. : Time-based self-supervised
learning forWireless Capsule Endoscopy. Comput. Biol. Med. 2022;
146: 105631.
PubMed Abstract|Publisher Full Text

18. Saeed T, Loo CK, Kassim MSS: Ensembles of Deep Learning
Framework for Stomach Abnormalities Classification. Comput.
Mater. Contin. 2022; 70(3): 4357–4372.
Publisher Full Text

19. Goel N, Kaur S, Gunjan D, et al. : Dilated CNN for abnormality
detection in wireless capsule endoscopy images. Soft Comput.
(Berlin, Germany). 2022; 26(3): 1231–1247.
Publisher Full Text

20. Ozturk S, Ozkaya U: Residual LSTM layered CNN for classification
of gastrointestinal tract. J. Biomed. Inform. 2021; 113: 103638.
PubMed Abstract|Publisher Full Text

21. Ozturk S, Ozkaya U: Gastrointestinal tract classification using
improved LSTM based CNN.Multimed. Tools Appl. 2020; 79(39–40):
28825–28840.
Publisher Full Text

22. Kim SH, Hwang Y, Oh DJ, et al.: Efficacy of a comprehensive binary
classificationmodel using a deep convolutional neural network
for wireless capsule endoscopy. Sci. Rep. 2021; 11(1): 17479.
PubMed Abstract|Publisher Full Text|Free Full Text|
Reference Source

23. Yogapriya J, Chandran V, Sumithra MG, et al. : Gastrointestinal
Tract Disease Classification from Wireless Endoscopy Images
Using Pretrained Deep Learning Model. Comput. Math. Methods
Med. 2021; 2021: 1–12.
PubMed Abstract|Publisher Full Text|Free Full Text

24. Zhao Q, Yang W, Liao Q: AFA-RN: An Abnormal Feature Attention
Relation Network for Multi-class Disease Classification in
gastrointestinal endoscopic images. IEEE; 2021; pp. 1–4.
Reference Source

25. Souaidi M, El Ansari M: A New Automated Polyp Detection
Network MP-FSSD in WCE and Colonoscopy Images Based
Fusion Single Shot Multibox Detector and Transfer Learning.

Page 17 of 24

F1000Research 2024, 13:201 Last updated: 25 OCT 2024

https://ieeexplore.ieee.org/document/9671281
https://doi.org/10.12688/f1000research.26997.2
https://doi.org/10.1016/j.bspc.2022.103624
https://ieeexplore.ieee.org/document/9455575
https://doi.org/10.1055/a-1507-4980
http://www.ncbi.nlm.nih.gov/pubmed/34707798
https://doi.org/10.1155/2021/7863113
https://doi.org/10.1155/2021/7863113
https://doi.org/10.1155/2021/7863113
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8545542
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8545542
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8545542
http://www.ncbi.nlm.nih.gov/pubmed/34203093
https://doi.org/10.3390/diagnostics11061127
https://doi.org/10.3390/diagnostics11061127
https://doi.org/10.3390/diagnostics11061127
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8234509
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8234509
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8234509
https://search.proquest.com/docview/2544723305
https://search.proquest.com/docview/2544723305
https://search.proquest.com/docview/2544723305
https://search.proquest.com/docview/2544723305
http://www.ncbi.nlm.nih.gov/pubmed/35260574
https://doi.org/10.1038/s41598-022-07199-z
https://doi.org/10.1038/s41598-022-07199-z
https://doi.org/10.1038/s41598-022-07199-z
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8904634
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8904634
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8904634
https://ieeexplore.ieee.org/document/9753487
https://search.proquest.com/docview/2659352724
https://doi.org/10.1016/j.bbe.2021.11.004
https://www.sciencedirect.com/science/article/pii/S0208521621001297
https://www.sciencedirect.com/science/article/pii/S0208521621001297
https://www.sciencedirect.com/science/article/pii/S0208521621001297
https://ieeexplore.ieee.org/document/9451699
https://doi.org/10.1007/s40846-022-00686-8
http://www.ncbi.nlm.nih.gov/pubmed/35751203
https://doi.org/10.1016/j.compbiomed.2022.105631
https://doi.org/10.1016/j.compbiomed.2022.105631
https://doi.org/10.1016/j.compbiomed.2022.105631
https://doi.org/10.32604/cmc.2022.019076
https://doi.org/10.1007/s00500-021-06546-y
http://www.ncbi.nlm.nih.gov/pubmed/33271341
https://doi.org/10.1016/j.jbi.2020.103638
https://doi.org/10.1016/j.jbi.2020.103638
https://doi.org/10.1016/j.jbi.2020.103638
https://doi.org/10.1007/s11042-020-09468-3
http://www.ncbi.nlm.nih.gov/pubmed/34471156
https://doi.org/10.1038/s41598-021-96748-z
https://doi.org/10.1038/s41598-021-96748-z
https://doi.org/10.1038/s41598-021-96748-z
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8410868
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8410868
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8410868
https://search.proquest.com/docview/2568104270
https://search.proquest.com/docview/2568104270
https://search.proquest.com/docview/2568104270
https://search.proquest.com/docview/2568104270
http://www.ncbi.nlm.nih.gov/pubmed/34545292
https://doi.org/10.1155/2021/5940433
https://doi.org/10.1155/2021/5940433
https://doi.org/10.1155/2021/5940433
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8449743
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8449743
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8449743
https://ieeexplore.ieee.org/document/9508576


IEEE access. 2022; 10: 47124–47140.
Publisher Full Text

26. Saraiva MJM, Afonso J, Ribeiro T, et al. : Deep learning and capsule
endoscopy: automatic identification and differentiation of
small bowel lesions with distinct haemorrhagic potential using
a convolutional neural network. BMJ Open Gastroenterol. 2021;
8(1).

27. Ribeiro T, SaraivaMM, Ferreira JPS, et al.:Artificial intelligence and
capsule endoscopy: automatic detection of vascular lesions
using a convolutional neural network. Ann. Gastroenterol. 2021;
34(6): 820–828.
PubMed Abstract|Publisher Full Text

28. Mohammed A, Farup I, Pedersen M, et al.: PS-DeVCEM: Pathology-
sensitive deep learning model for video capsule endoscopy
based on weakly labeled data. Comput. Vis. Image Underst. 2020;
201: 103062.
Publisher Full Text|Reference Source

29. Saraiva MM, Ferreira JPS, Cardoso H, et al. : Artificial intelligence
and colon capsule endoscopy: automatic detection of blood in
colon capsule endoscopy using a convolutional neural network.
Endosc. Int. Open. 2021; 09(08): E1264–E1268.
Publisher Full Text

30. Gan T, Yang Y, Liu S, et al.:Automatic Detection of Small Intestinal
Hookworms in Capsule Endoscopy Images Based on a
Convolutional Neural Network. Gastroenterol. Res. Pract. 2021;
2021: 1–8.
PubMed Abstract|Publisher Full Text|Free Full Text

31. Xu M, et al. : End-to-End Semi-Supervised Object Detection with
Soft Teacher. Jun. 2021.
Reference Source

32. Habe TT, Haataja K, Toivanen P: Efficiency meets Accuracy:
Benchmarking Object Detection Models for Pathology
Detection in Wireless Capsule Endoscopy. IEEE Access. 2024;
pp. 1–1.
Publisher Full Text

Page 18 of 24

F1000Research 2024, 13:201 Last updated: 25 OCT 2024

https://doi.org/10.1109/ACCESS.2022.3171238
http://www.ncbi.nlm.nih.gov/pubmed/34815648
https://doi.org/10.20524/aog.2021.0653
https://doi.org/10.20524/aog.2021.0653
https://doi.org/10.20524/aog.2021.0653
https://doi.org/10.1016/j.cviu.2020.103062
https://www.sciencedirect.com/science/article/pii/S1077314220301053
https://www.sciencedirect.com/science/article/pii/S1077314220301053
https://www.sciencedirect.com/science/article/pii/S1077314220301053
https://doi.org/10.1055/a-1490-8960
http://www.ncbi.nlm.nih.gov/pubmed/34868306
https://doi.org/10.1155/2021/5682288
https://doi.org/10.1155/2021/5682288
https://doi.org/10.1155/2021/5682288
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8635910
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8635910
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC8635910
http://arxiv.org/abs/2106.09018
https://doi.org/10.1109/ACCESS.2024.3456100


Open Peer Review
Current Peer Review Status:   

Version 2

Reviewer Report 23 October 2024

https://doi.org/10.5256/f1000research.172097.r326137

© 2024 Kumar G. This is an open access peer review report distributed under the terms of the Creative Commons 
Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the 
original work is properly cited.

Gulshan Kumar   
Shaheed Bhagat Singh State University, Firozpur, India 

Authors addressed my concerns. Recommended for indexing.
 
Competing Interests: No competing interests were disclosed.

Reviewer Expertise: AI techniques and its applications area, Intrusion Detection, Network Security

I confirm that I have read this submission and believe that I have an appropriate level of 
expertise to confirm that it is of an acceptable scientific standard.

Reviewer Report 16 October 2024

https://doi.org/10.5256/f1000research.172097.r326138

© 2024 Gunjan R et al. This is an open access peer review report distributed under the terms of the Creative 
Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, 
provided the original work is properly cited.

Reena Gunjan  
Computer Science & Engineering Department, MIT Art, Design and Technology University, Pune, 
Pune, MAHARASHTRA, India 

Prof. Dr. Vrushali Rampure   
Electronics Department, Maharashtra Academy of Naval Education & Training, Pune, Maharashtra, 
India 

The new version is reviewed and the suggestions have been implemented. The revisions are 
appropriate. It is approved. Please proceed.
 

 
Page 19 of 24

F1000Research 2024, 13:201 Last updated: 25 OCT 2024

https://doi.org/10.5256/f1000research.172097.r326137
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://orcid.org/0000-0001-8013-6140
https://doi.org/10.5256/f1000research.172097.r326138
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://orcid.org/0000-0002-8838-8155


Competing Interests: No competing interests were disclosed.

Reviewer Expertise: Deep Learning, Medical Imaging

We confirm that we have read this submission and believe that we have an appropriate level 
of expertise to confirm that it is of an acceptable scientific standard.

Version 1

Reviewer Report 16 September 2024

https://doi.org/10.5256/f1000research.159975.r280170

© 2024 Gunjan R. This is an open access peer review report distributed under the terms of the Creative Commons 
Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the 
original work is properly cited.

Reena Gunjan  
1 Computer Science & Engineering Department, MIT Art, Design and Technology University, Pune, 
Pune, MAHARASHTRA, India 
2 Computer Science & Engineering Department, MIT Art, Design and Technology University, Pune, 
Pune, MAHARASHTRA, India 

Brief Description and Relevance: 
 
This paper presents a comprehensive review of the current trends and future directions in 
applying deep learning techniques to wireless capsule endoscopy (WCE).  The paper addresses 
challenges such as low-resolution images, artifacts, and annotation difficulties while discussing 
deep learning methodologies such as transfer learning, attention mechanisms, and semi-
supervised learning. Given the increasing use of AI in medical diagnostics, this review is highly 
relevant for researchers, clinicians, and engineers aiming to leverage AI advancements in GI tract 
diagnostics. 
 
Major Points: 
 
1) Clarifying Challenges and Limitations: The paper does a good job of highlighting some of the 
challenges faced by deep learning in WCE, such as data annotation and artifacts. However, it could 
be more explicit about how current methods fall short in specific areas. For example, while deep 
learning has demonstrated success in segmentation and lesion detection, what are the common 
pitfalls in classification tasks. 
Recommendation: Provide concrete examples of how deep learning models currently 
underperform in specific GI tract disease classifications and what factors contribute to these 
limitations. 
2) Future Directions: The section on future directions offers an optimistic outlook but could 
benefit from more concrete and actionable steps. For instance, while data-efficient learning is a 
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promising direction, how can researchers practically implement semi-supervised algorithms in 
WCE datasets, given the unique challenges of this field?  
Recommendation: Include more specific methodologies or frameworks that could be adopted for 
data-efficient learning and video anomaly detection in future research. 
3) Encouraging Collaborative Efforts: The paper briefly touches upon the role of researchers, 
clinicians, and engineers in advancing WCE technology, but it could further emphasize the need 
for interdisciplinary collaboration. Engaging these diverse fields will be crucial for ensuring that 
deep learning models are both technically sound and clinically relevant. 
Recommendation: Highlight the importance of collaboration between AI researchers, 
gastroenterologists, and medical imaging experts and suggest ways in which such partnerships 
could be fostered. 
 
Minor Points:

Some of the terminology used, particularly in relation to deep learning concepts (e.g., 
"structural understanding of data," "spatiotemporal location of diseases"), may be unclear 
to readers unfamiliar with the field. Simplifying or briefly explaining these terms would 
improve the paper's accessibility. 
Recommendation: Include a brief glossary or explanations of key terms, particularly those 
related to deep learning and AI, to make the article more accessible to a wider audience.

1. 

Improvement Suggestions for Image Quality Section: The authors mention that 
resolution enhancement may not be necessary but suggest focusing on contrast and 
texture enhancement. This is a valid point, but more detail could be provided about the 
specific challenges that low contrast or poor texture causes in deep learning models for 
WCE. 
Recommendation: Expand the discussion on how contrast and texture improvements can 
directly benefit the performance of deep learning models, potentially through quantitative 
examples or referencing specific studies that have addressed these image quality issues

2. 

Overall Evaluation: 
The article provides an insightful review of the current state and future potential of deep learning 
in wireless capsule endoscopy.  With revisions to clarify complex concepts, integrate technical 
comparisons earlier, and provide more actionable future directions, this paper can serve as a 
valuable resource for advancing research and clinical applications in WCE.
 
Is the topic of the review discussed comprehensively in the context of the current 
literature?
Partly

Are all factual statements correct and adequately supported by citations?
Yes

Is the review written in accessible language?
Yes

Are the conclusions drawn appropriate in the context of the current research literature?
Partly

Competing Interests: No competing interests were disclosed.
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Reviewer Expertise: Deep Learning, Medical Imaging

I confirm that I have read this submission and believe that I have an appropriate level of 
expertise to confirm that it is of an acceptable scientific standard, however I have 
significant reservations, as outlined above.

Author Response 17 Sep 2024
Tsedeke Temesgen Habe 

Thank you for your insightful comments. We have carefully addressed all the points raised, 
and our responses are as follows:

Clarifying Challenges and Limitations: We have revised the section on challenges 
and limitations to provide specific examples of how current deep learning models 
underperform in GI disease classification. The updated section now includes a 
discussion on misclassification between similar-looking lesions and the role of 
dataset imbalance, which contributes to these limitations. This expansion provides 
more concrete insights into the pitfalls of current methods.

1. 

Future Directions: The future directions section has been expanded to include more 
actionable steps for researchers. We have added specific methodologies and 
frameworks for implementing semi-supervised learning and video anomaly 
detection, particularly in the context of WCE datasets. These revisions offer clearer 
guidance on how future research can tackle the unique challenges of WCE.

2. 

Encouraging Collaborative Efforts: We have added a new section that emphasizes 
the importance of interdisciplinary collaboration between AI researchers, clinicians, 
and engineers. This section discusses the necessity of fostering partnerships and 
provides practical suggestions for encouraging such collaboration, including shared 
datasets and interdisciplinary projects.

3. 

Image Quality Section: We have expanded the discussion on how contrast and 
texture improvements can benefit the performance of deep learning models, 
referencing specific studies that address these image quality challenges. This revision 
adds depth to the image quality section, illustrating how preprocessing techniques 
can directly enhance model performance.

4. 
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1 Shaheed Bhagat Singh State University, Firozpur, India 
2 Shaheed Bhagat Singh State University, Firozpur, India 

The paper provides a comprehensive review of the current trends and future directions in deep 
learning for wireless capsule endoscopy (WCE). While it covers important advancements such as 
transfer learning, attention mechanisms, multimodal learning, automated lesion detection, 
interpretability and explainability, data augmentation, and edge computing,. The discussion on 
challenges and limitations is insightful, yet the paper would benefit significantly from a more 
explicit statement of how it advances the state of the art, addresses existing gaps,  Additionally, 
more detailed comparisons of the methodologies and their practical implications for clinical 
practice would enhance the paper's relevance and impact. Therefore, a major revision is necessary 
to clearly define the paper's contribution and strengthen its analysis and conclusions.
 
Is the topic of the review discussed comprehensively in the context of the current 
literature?
Yes

Are all factual statements correct and adequately supported by citations?
Yes

Is the review written in accessible language?
Yes

Are the conclusions drawn appropriate in the context of the current research literature?
Partly

Competing Interests: No competing interests were disclosed.

Reviewer Expertise: AI techniques and its applications area, Intrusion Detection, Network Security

I confirm that I have read this submission and believe that I have an appropriate level of 
expertise to confirm that it is of an acceptable scientific standard, however I have 
significant reservations, as outlined above.

Author Response 17 Sep 2024
Tsedeke Temesgen Habe 

Thank you for your valuable feedback, which has greatly helped us enhance the clarity and 
impact of our paper. Below is our response to the major points raised:

Advancing the State of the Art: We have updated the conclusion section to explicitly 
highlight how our paper advances the state of the art in applying deep learning 
techniques to Wireless Capsule Endoscopy (WCE). We have added a detailed 
discussion on how our review addresses existing gaps in the literature, particularly in 
lesion detection, segmentation, and classification, which are underexplored areas in 
current research.

1. 

Comparison of Methodologies: In response to your suggestion, we expanded the 2. 
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Result section comparing deep learning methodologies. The updated section now 
includes a more detailed analysis of the practical implications for clinical practice, 
considering factors such as computational efficiency, model interpretability, and how 
each method could impact real-world clinical workflows.
Strengthening Analysis and Conclusions: We have reworked the conclusions to 
better align with the current research literature, providing a clearer summary of how 
the methods reviewed in the paper can directly contribute to advancing WCE 
technology. This revision also includes more concrete recommendations for both 
researchers and clinicians.

3. 

We appreciate your constructive feedback and believe these changes have strengthened 
the overall quality and relevance of the paper.  
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