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Abstract. Automated analysis of images obtained by Wireless Capsule Endoscopy
(WCE) is a significant challenge in the medical field, especially due to the dif-
ficulty in lesion detection, the scarcity of labeled samples, and the high visual
variability of the images. This work proposes a multiclass classification method
for luminal findings in WCE images based on the Swin Transformer architecture,
structured in two sequential stages: a binary classifier, responsible for filtering
normal from anomalous images, followed by a multiclass classifier for identify-
ing the specific lesion. To address the limitation of labeled data, offline data
augmentation and semi-supervised learning techniques were employed. Ex-
periments performed on the Kvasir-Capsule array with six classes of luminal
findings demonstrated that Transformer-based architectures consistently outper-
form traditional CNN models such as ResNet-50, MobileNetV3, and Efficient-
NetV2. The Swin Transformer model achieved 98% accuracy and an F1-score
in the binary step and 86% in multiclass classification, representing a gain of 4
percentage points compared to purely supervised training.

1. Introduction
The diagnosis of gastrointestinal tract pathologies remains a significant clinical challenge,
particularly in regions that are difficult to access via conventional endoscopy, such as
the small intestine, thereby complicating the detection of lesions in their early stages
[Gounella et al., 2023]. Consequently, technological advancements have enabled the de-
velopment of methods designed to address this issue, most notably wireless capsule en-
doscopy [Pan and Wang, 2012].

Wireless Capsule Endoscopy (WCE) is a non-invasive technology that enables the
sequential capture of images throughout the gastrointestinal tract via a capsule ingested
by the patient [Wang et al., 2013]. Unlike conventional endoscopy, WCE provides a
detailed view of intestinal regions that are otherwise difficult to access. The high volume
and continuity of the resulting images have established WCE as a valuable clinical tool
for the detection of hemorrhages, ulcers, polyps, inflammatory processes, and lesions
[Pennazio et al., 2015].

However, the analysis of WCE imagery presents significant practical and diag-
nostic challenges. First, the extensive volume of frames per examination, typically num-
bering in the tens of thousands, renders manual review extremely time-consuming and



susceptible to visual fatigue [Beg et al., 2021], thereby increasing the risk of overlook-
ing critical images. Second, the images exhibit high variability in terms of illumination,
contrast, and the presence of bubbles, food residues, capsule motility, and image arti-
facts, all of which complicate the detection and classification of lesions [Pan and Wang,
2012]. Finally, inter-observer variability exists in the interpretation of findings, both in
detection and classification, which hinders the standardization of diagnostic outcomes
[Cortegoso Valdivia et al.].

To mitigate these issues, we propose a multiclass classification method for lu-
minal findings, such as angiectasia, erosion, erythema, lymphangiectasia, and ulcers, in
WCE imagery based on Transformer architectures. This approach leverages the attention
mechanisms of these networks to capture the global context of the images, combining
them with semi-supervised learning that utilizes unlabeled images to expand the training
set and increase the volume of available samples, particularly for rare and imbalanced
classes.

Swin Transformer and Vision Transformer (ViT) models are evaluated in com-
parison with commonly applied CNN architectures, with the objective of identifying the
approach that best exploits the global context of WCE images within an imbalanced data
scenario.

2. Related works

This section presents related works, encompassing both the models utilized for WCE
image classification and data augmentation methods.

CNN architectures are extensively tested in medical image classification tasks.
Research in other healthcare domains, such as dental lesion analysis, has reported an
accuracy of 92.10% using ResNet50 [Ferreira et al., 2023]. In the specific context of
capsule endoscopy classification, CNNs also yield significant results. Studies evaluating
the performance of ResNet50 report average accuracies of 98% [Li et al., 2024], while
modified versions of the same architecture have achieved results of 99% [Cambay et al.,
2024]. Additionally, lightweight architectures such as MobileNetV2 demonstrate high ef-
ficiency regarding the trade-off between inference time and computational cost, reaching
a recorded accuracy of 91% [Kaur and Kumar, 2024].

Although traditional CNN architectures achieve robust results, recent studies have
begun to analyze the inherent differences between CNNs and Transformer-based models
[Ribeiro and von Wangenheim, 2025]. In WCE image classification tasks, CNNs ex-
hibit limitations in correlating the global context of the image, given that these networks
focus primarily on local features. In contrast, Transformer-based architectures utilize
self-attention mechanisms to analyze the global context simultaneously. Several studies
apply Transformer models to WCE image classification tasks. The Vision Transformer
(ViT) is a widely utilized model for this type of activity, and conducted tests demonstrate
a weighted F1-Score of 71%, a result that surpasses several traditional CNN architectures
[Regmi et al., 2023].

In comparison with other CNN architectures, tests conducted with the Swin Trans-
former in multiclass classification scenarios demonstrate superior results relative to alter-
native frameworks [Bai et al., 2022]. Recent studies have achieved robust performance by



utilizing Transformer models for the classification of capsule endoscopy images. Models
such as the Swin Transformer yielded high performance across evaluated metrics on the
validation set, achieving 90% accuracy and a 91% F1-Score [Choudhary et al., 2024].

One of the most significant challenges in WCE image classification is class im-
balance and the paucity of examples for certain pathologies, which hinders the model’s
ability to effectively learn rare patterns. In such instances, traditional data augmentation
techniques, such as image rotation and contrast adjustment, are recommended in an effort
to mitigate this issue [Kim and Lim, 2021]. However, lesion generation techniques are
currently being developed to support the resolution of this problem and ensure superior
results.

Adrian B. et al. (2024) propose two methods for generating realistic lesions in
WCE imagery, one based on Poisson Image Editing and the other utilizing an Image
Inpainting Generative Adversarial Network (GAN). The implementation of a combined
approach using both techniques for synthetic image generation resulted in a performance
increase of over seven percentage points compared to previous results [Chłopowiec et al.,
2024], thereby demonstrating a robust method for data augmentation.

Another strategy to mitigate this problem is the adoption of unlabeled imagery
for model training. Recent studies have introduced modified semi-supervised learning
frameworks for WCE images, achieving an accuracy of 93,17% [Guo and Yuan, 2020].

3. Materials and Methods

This section presents the dataset utilized and the proposed method for the classification
of findings in WCE images. The methodology consists of training two Swin Transformer
models: a binary classifier, responsible for filtering normal from anomalous images, fol-
lowed by a multiclass classifier for the specific identification of lesions within the anoma-
lous images. Figure 1 illustrates the complete representation of the proposed method.

Figure 1. Proposed Method

3.1. Dataset

To conduct the proposed experiments, this study utilized the capsule endoscopy dataset
provided by Kvasir-Capsule [Smedsrud et al., 2021]. The dataset comprises 117 videos
that allow for the extraction of 4,741,504 frames; however, it contains only 47,238 labeled
frames distributed across 14 distinct classes, as illustrated in Figure 2.



It is important to emphasize that a considerable imbalance exists between the
classes, as shown in Figure 3, particularly when the objective is the multiclass classifi-
cation of pathological findings within the images. This is due to the fact that the majority
of classes possess no more than one thousand labeled examples available for the training
of classification agents.

This necessitated the removal of certain available classes, either due to an insuffi-
cient number of examples or because they did not align with the pathology classification
task. The classes utilized in this study were Angiectasia, Erosion, Erythema, Lymphang-
iectasia, Normal Clean Mucosa, and Ulcer. Images belonging to anatomical categories
were excluded, as the focus of the research is the classification of pathological lesions.
Furthermore, the low volume of labeled images relative to the vast amount of unlabeled
data encourages the adoption of semi-supervised learning techniques and data augmenta-
tion strategies.

Figure 2. Examples of luminal findings available in the Kvasir-Capsule. Source:
[Smedsrud et al., 2021]

3.2. Preprocessing

This subsection represents the Preprocessing stage of Figure 1.

As previously noted, a primary challenge surrounding the training of WCE clas-
sification agents arises from the scarcity of sufficient imagery to learn the patterns of
specific pathologies. In an effort to overcome this obstacle, offline data augmentation was
employed. Unlike online data augmentation, the offline method generates images prior
to training and incorporates them as part of the training dataset. This approach is instru-
mental in generating additional image examples and increasing the sample size for each
class.

Minor adjustments were made to image orientation and contrast in order to gen-
erate new samples while ensuring the complete representation of the pathology remains
intact. The utilization of offline data augmentation facilitates greater experimental re-



Figure 3. Distribution of anatomical landmark classes (in red) and luminal find-
ings (in blue). Source: [Smedsrud et al., 2021]

producibility, as the dataset remains fixed throughout the training cycles [Sugimura and
Hartl, 2018].

During the training phase, each image undergoes a fixed resizing process to a
resolution of 224x224 pixels, with experiments conducted using batch sizes of 16 and 32.
The images are converted into tensors with values normalized to a range between 0 and 1.

3.3. Classification

This subsection represents the Classification stage of Figure 1.

For the classification stage, several architectures were evaluated, specifically Ef-
ficientNetV2, MobileNetV3, ResNet-50, ViT, and the Swin Transformer [Tan and Le,
2021, Howard et al., 2019, He et al., 2016, Dosovitskiy et al., 2020, Liu et al., 2021]. The
selected architectures have been extensively validated across various WCE image classi-
fication studies and demonstrate robust performance in this task. The decision to conduct
experiments using both CNN and Transformer architectures stems from the objective to
determine which paradigm yields superior results for the specific task proposed in this
study.

The classification stage was structured into two sequential phases, designed to
optimize the detection of findings and reduce the false positive rate induced by class im-
balance. In the first phase, a binary classification model acts as the primary filter, distin-
guishing normal frames (healthy mucosa) from images containing potential pathological
findings. Only the images classified as anomalous by this initial filter are forwarded to
the second stage, where a multiclass model categorizes the specific lesion, such as Ang-
iectasia, Erosion, or Ulcer.

3.4. Semi-supervised

Due to class imbalance and the limited number of samples, semi-supervised learning was
employed in conjunction with other data augmentation techniques. Over two thousand
unlabeled images were incorporated into the binary classification stage. The binary model
resulting from the prior training phase generates a label probability for each image; if



the confidence of this prediction exceeds a predefined threshold, the image is assigned
a positive or negative label. The selection of this specific threshold value is justified by
previous studies demonstrating lower error rates compared to lower threshold levels [Sohn
et al., 2020]. These pseudo-labeled images are integrated into the binary training set and
are treated as new instances in the training cycle, during which the model undergoes a
fine-tuning process.

4. Results and discussion
This section presents and discusses the experimental configurations and provides an eval-
uation of the results obtained across the stages of the developed method.

4.1. Experiment settings

The experiments were conducted on the Kaggle platform, utilizing a virtual machine
equipped with a 16GB NVIDIA P100 GPU, a 4-core CPU, and 29GB of RAM. The
implementations were developed using the Python programming language and the Py-
Torch framework. Six classes (Angiectasia, Erosion, Erythema, Lymphangiectasia, Nor-
mal Clean Mucosa, and Ulcer) were selected from the original dataset. The data was
partitioned into training (70%), validation (15%), and testing (15%) sets. This split was
performed on a per-video basis, ensuring that all frames from a single video were re-
stricted to a single subset to prevent any data leakage. All architectures utilized the same
data split, and data augmentation techniques were applied exclusively to the training sub-
set.

Upon completion of the binary classifier training, images labeled as ’normal’
(without findings) are removed from the original dataset, resulting in a subset composed
exclusively of the five classes of luminal findings utilized in the multiclass stage. Subse-
quently, the trained multiclass model performs the classification of this generated dataset.

Due to the substantial volume of unlabeled data within the original dataset, the
semi-supervised learning technique is applied to the models that achieve the most favor-
able results. Given that it is not possible to verify the classification of a specific pathology
in the absence of original ground-truth labels, the semi-supervised method is utilized ex-
clusively during the binary training stage.

4.2. Performance Metrics Assessment

The selected architectures were trained using the following hyperparameters: images were
resized to a standard resolution of 224x224 pixels, and all models were trained with batch
sizes of 16 and 32 for a total of 30 epochs. A learning rate of 1e-4 was employed along
with the AdamW optimizer.

4.2.1. Image identification with findings (binary classification)

The results obtained for the binary stage are presented in Table 1. It can be observed
that the architectures based on the Transformer paradigm outperformed the CNN-based
networks. This indicates that the attention mechanisms inherent in Transformer networks,
which facilitate a global understanding of the image, significantly aid in the identification
of lesions.



Table 1. Results of image classification with and without findings

Methods \ Metrics Precision Recall F1-Score Accuracy

EfficientNetV2
32 batch size 0.85 0.84 0.85 0.84
16 batch size 0.85 0.85 0.85 0.85

MobileNet
32 batch size 0.90 0.90 0.90 0.90
16 batch size 0.90 0.90 0.90 0.90

ResNet50
32 batch size 0.86 0.86 0.86 0.86
16 batch size 0.89 0.89 0.89 0.89

Swin Transformer
32 batch size 0.94 0.93 0.93 0.93
16 batch size 0.98 0.98 0.98 0.98

ViT
32 batch size 0.94 0.94 0.94 0.94
16 batch size 0.93 0.93 0.93 0.93

Based on these results, the Swin Transformer and ViT architectures were selected
for the semi-supervised learning process due to their superior performance. In this stage,
a set of over two thousand unlabeled images is incorporated exclusively into the binary
classification phase. The confidence threshold was established at 95%, and the training
configurations for this stage remain consistent with those previously described. The re-
sults obtained from this process are presented in Table 2.

Table 2. Results of image classification with and without findings using semi-
supervised learning

Methods \ Metrics Precision Recall F1-Score Accuracy

Swin Transformer
32 batch size 0.96 0.96 0.96 0.96
16 batch size 0.92 0.92 0.92 0.92

ViT
32 batch size 0.93 0.92 0.92 0.92
16 batch size 0.92 0.91 0.91 0.91

It can be observed that the results in this stage, while still satisfactory, did not sur-
pass the metrics achieved through purely supervised training. Given the high confidence
threshold, the probability of images being incorrectly assigned pseudo-labels is low, yet it
persists. Consequently, the fine-tuning process may reinforce certain errors, resulting in a
performance decline, albeit a marginal one.

4.2.2. Classification of luminal findings (multiclass classification)

To provide a more comprehensive overview of the overall experimental results, all archi-
tectures were evaluated during the multiclass training stage. The training parameters re-
mained identical to those previously described. Only images containing pathologies were



utilized, totaling five detectable classes: Angiectasia, Erosion, Erythema, Lymphangiec-
tasia, and Ulcer. Consequently, the results obtained from this phase are presented in Table
3.

Table 3. Results of multiclass classification using a dataset generated by binary
training

Methods \ Metrics Precision Recall F1-Score Accuracy

EfficientNetV2
32 batch size 0.77 0.78 0.77 0.78
16 batch size 0.80 0.80 0.79 0.80

MobileNet
32 batch size 0.79 0.79 0.79 0.79
16 batch size 0.82 0.81 0.81 0.81

ResNet50
32 batch size 0.64 0.65 0.58 0.65
16 batch size 0.81 0.81 0.81 0.81

Swin Transformer
32 batch size 0.82 0.82 0.82 0.82
16 batch size 0.87 0.86 0.86 0.86

ViT
32 batch size 0.86 0.84 0.85 0.84
16 batch size 0.83 0.82 0.82 0.82

Once again, the Transformer-based networks outperformed the CNN architec-
tures, reinforcing the premise that the attention mechanisms inherent in these designs
provide significant improvements in the identification of pathological findings. Table 4
presents the results obtained from the semi-supervised binary dataset. Since CNNs were
not selected for this methodological stage due to their inferior performance, only the
Transformer architectures were evaluated within this specific scenario.

Table 4. Results of multiclass classification using a dataset generated by binary
training using semi-supervised learning

Methods \ Metrics Precision Recall F1-Score Accuracy

Swin Transformer
32 batch size 0.87 0.86 0.86 0.86
16 batch size 0.83 0.82 0.83 0.82

ViT
32 batch size 0.85 0.84 0.83 0.84
16 batch size 0.84 0.84 0.83 0.84

To provide a more granular perspective of the results, Table 5 details the individual
metrics for each class using the Swin Transformer model with a batch size of 32, under
the semi-supervised learning framework. Subsequently, to evaluate the effectiveness of
the proposed two-stage pipeline, Table 6 presents the results of the same model trained in
a single-stage approach for the direct classification of all six classes (comprising the five
luminal finding categories and the normal class). The comparison demonstrates that the



implementation of the proposed two-stage method yielded superior results compared to
direct training without these refinements.

Table 5. Detailed metrics for Swin Transformer with normal filtering using semi-
supervised learning

Classes \ Metrics Precision Recall F1-Score

Angiectasia 0.96 0.87 0.91
Erosion 0.69 0.61 0.65
Erythema 0.88 0.77 0.82
Lymphangiectasia 0.89 0.91 0.90
Ulcer 0.84 0.96 0.90

Average 0.87 0.86 0.86
Accuracy 0.86

Table 6. Detailed metrics for Swin Transformer without additional methods

Classes \ Metrics Precision Recall F1-Score

Angiectasia 1.00 0.22 0.36
Erosion 0.36 0.26 0.30
Erythema 0.00 0.00 0.00
Lymphangiectasia 0.00 0.00 0.00
Normal 0.91 0.97 0.94
Ulcer 0.31 0.64 0.42

Average 0.67 0.67 0.64
Accuracy 0.67

4.3. Discussion
Following the completion of the experiments, it is evident that architectures based on
the Transformer paradigm achieved superior performance in the detection and classifi-
cation of WCE imagery when compared to traditional CNNs. This can be attributed to
the self-attention mechanisms inherent in Transformer architectures, which facilitate the
modeling of global relationships between disparate regions of an image from the initial
layers. During supervised learning, the 98% accuracy achieved in binary classification
demonstrates a significant competitive advantage for the Swin Transformer, even when
measured against other widely utilized architectures.

The methods employed enhanced the diversity of the imagery and ensured F1-
score and accuracy results of 86% for both metrics, utilizing the Swin Transformer with
a batch size of 32 in the multiclass classification stage. When compared to the traditional
method without the application of semi-supervised learning, the proposed approach yields
a 4% improvement; furthermore, in comparison to similar studies, the Swin architecture
achieved accuracy results nearly 8% higher [Bai et al., 2022]. These gains are even more
pronounced when compared to the traditional training method without the normal frame
filter, which caused a considerable decline in the individual metrics across all classes.
The presence of normal images in that scenario hindered the model’s ability to learn the
specific features and particularities of each pathological class.



The ViT architecture demonstrated highly satisfactory results when compared to
the Swin Transformer. The application of semi-supervised learning maintained a consis-
tent accuracy of 84% with a batch size of 32 compared to the purely supervised experi-
ment; however, with a batch size of 16, the proposed method yielded a 2% improvement.
Furthermore, compared to previous literature, the ViT achieved an increase of nearly 5%
in the multiclass classification task [Bai et al., 2022].

Nonetheless, despite these highly positive overall results, the class-wise perfor-
mance reveals significant disparities. Specifically, the Erosion class, although represented
by a substantial number of images, often contains lesions that are minute and difficult to
discern. In contrast, classes such as Ulcer and Lymphangiectasia present more promi-
nent features that are more readily identifiable, consequently yielding some of the highest
performance metrics.

The distinctive feature of the proposed method is the reduction in the number
of images a specialist needs to analyze during the examination, since the trained binary
model acts as a filter for healthy images, and the multiclass model evaluates only images
with luminal findings. In this way, the pipeline can be implemented in the workflow with
medical CAD tools that integrate AI agents during the examination to perform image
classification.

5. Conclusion

Considering the comprehensive set of results obtained, it is concluded that the method
proposed in this study was effective for the classification of Wireless Capsule Endoscopy
(WCE) images from the Kvasir Capsule dataset. The tested models achieved performance
peaks of 98% in accuracy and F1-score for binary classification, and 86% for both metrics
in the multiclass stage. These results demonstrate that the integration of data augmenta-
tion techniques and semi-supervised learning methods can significantly enhance perfor-
mance in similar medical imaging tasks.

Regarding future work, alternative methods for incorporating unlabeled images
within the multiclass training stage are expected to be explored. The generation of syn-
thetic lesions is a significant possibility, given the performance gains such methods can
provide, although they are considerably more complex than the traditional data augmenta-
tion techniques employed in this study. Furthermore, expanding the methodology toward
full-video classification could help preserve temporal information from frames adjacent
to the analyzed image; this contextual data can be leveraged to achieve more accurate and
reliable predictions.
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