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ABSTRACT Esophageal cancer (EC) remains the disease that has the highest incidence and highest mortality
rate in global cancer statistics, emphasising the imperative to enhance diagnostic precision and reliability
through the use of advancing technologies. While Al-enhanced systems can improve the early detection of
EC considerably, the prevalence of artefacts (1 in 4 frames) during endoscopy procedures compromises
the developed systems significantly, leading to unreliable medical decision making. Vision transformer
(ViT) networks, initially designed for natural language processing tasks, have demonstrated outstanding
performance in handling medical images by presenting distinctive features advantageous for image
processing. The application of ViT for detecting and classifying artefacts in endoscopic images, particularly
in classifying colour misalignment artefacts is still subject to continual refinement and enhancement. This
work aims to investigate the implementation of ViT for classification of colour misalignment artefacts in
esophagus endoscopy images. Moreover, even though ViT has been a major breakthrough, its acceptance
for real world applications is often jeopardised due to the lack of interpretability of how the classification
results have been reached. Consequently, Explainable Artificial Intelligence (XAI) techniques have been
explored to understand the criteria used to achieve the outcome. Several variants of the ViT and Data
Efficient image Transformer (DeiT) networks have been fine-tuned and applied to our dataset in order
to improve and evaluate their performance in colour misalignment classification in esophagus endoscopic
images. Furthermore, XAI methods have been implemented to provide the criteria used by the network in
reaching the classification results. Our fine-tuned ViT model, achieves an accuracy of 93.46%, precision of
93.48%, recall of 93.46% and F1 score of 93.46% surpassing InceptionResNetV2, a state-of-the-art model
based on CNN, with an accuracy of 89.10%, precision of 89.10%, recall of 89.10% and F1 score of 88.23%.
Additionally, the GradCAM XALI technique has been found to highlight the deterministic features used by
the ViT model better than other XAl methods applied in this work. ViT achieves remarkable performance in
classification of colour misalignment artefact outperforming CNNs, attributed to ViT’s enhanced ability to
capture pixel relationships through self-attention weights. In addition, the intrinsic self-attention technique
provides novel insights into the model’s decision-making mechanism.

INDEX TERMS Endoscopic artefact, vision transformer, explainable Al, healthcare.

I. INTRODUCTION
Esophageal cancer was ranked as the seventh most common
cancer and the sixth leading cause of cancer-related deaths
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globally in 2020 [1]. Among men, it was the seventh most
prevalent cancer, while in women, it was the thirteenth. In that
same year, there were over 600,000 new esophageal cancer
cases in the world [2]. Esophageal cancer can develop when
a malignant tumor arises in the lining of the esophagus or at
the junction where the esophagus connects to the stomach [3].
The two main histological types of esophageal cancer are
esophageal adenocarcinoma (EAC) and squamous cell car-
cinoma cancer (SCC). Esophagogastroduodenoscopy (EGD)
is the endoscopy of the upper part of the gastrointestinal
(GI) tract which is made up of the esophagus, stomach and
duodenum (top of the small intestine). EGD is widely used
to identify potential suspected areas for further diagnosis
of esophageal cancers [4]. Endoscopy has been used for
several decades since the first endoscope was developed [5].
An endoscope is a long tube with a camera and light at its
end which is inserted into the organ during EGD. Endoscopic
images are taken and displayed in real time on a video monitor
or stored for future analysis [6]. One major hindrance to the
visual interpretation of endoscopic images are the presence
of artefacts. The latter, by definition, are artificial elements or
distortions that are discovered during scientific investigations
or experiments that do not exist naturally but develop as a
consequence of the preparative or investigative processes.
Several factors can introduce artefacts during endoscopy.
These include the limited space within the organ, the hand
motion of the endoscopists as well as over or under exposure
to changes of illumination as the endoscopic camera moves
through the esophagus. Artefacts can also be in the form of
body fluids and debris. Artefacts can often be misinterpreted
for suspicious areas or can occlude endoscopists’ view of
possible lesions which can probably lead to cancer. Various
studies effected in 2020 have concluded that from 2018 to
2020 the rate of upper gastrointestinal cancers, which go
undetected, has increased considerably from 9.8% to 25.8%.
The foremost cause of this rise is error during endoscopy [7].
It has been reported that more than 60% of endoscopic
video frames and approximately 70% of endoscopy video
sequences can often be damaged with artefacts [8].

Fig. 1 and Table 1 show the most common artefacts that
can be found in esophagus endoscopic images. Amongst the
artefacts, a prominent one is the colour misalignment which
can significantly impact the accuracy and interpretation of
endoscopic images. Colour misalignment in esophagus endo-
scopic images occurs when there is a discrepancy between
the 3 colour channels (Red, Green and Blue) captured by
the endoscopic camera and the actual ones represented in the
images. This discrepancy can be attributed to several factors.
These include the lighting conditions during the endoscopy
procedure, the unsteady movement of the endoscopist’s
hands or the tight space within the organ being diagnosed.
Addressing and minimising colour misalignment artefact is
crucial for enhancing the reliability of esophagus endoscopic
images and ensuring the effectiveness of diagnostic and
therapeutic interventions [9].
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FIGURE 1. Common artefacts: (a) Saturation; (b) Contrast; (c) Specularity;
(d) Blood; (e) Bubble; (f) Blur; (g) Artifacts; (h)Debris and Mucosa;
(i) Colour misalignment.

TABLE 1. Details of common artefacts.

Artefact Source of occurence
Saturation Due to over exposure of image regions because of changes in
illumination [6]
Contrast Due to under exposure to light because of changes in illumi-
nation [6].
Specularity Due to non-optimal reflection of light since surface of organs
are smooth [6].
Blood, debris Bodily fluids and medicines used during endoscopy [6].
and mucosa
Bubble Thin film of liquid with air that distorts appearance of tissue
[8].
Blur Caused by the unsteady hand motion of endoscopists [10].
Artifacts Apparatus or other materials used during the endoscopy [9]
Colour Images are taken in sequence in red, blue and green by
misalignment | the endoscopic camera. The three colour channels are then
combined to create a single image. However, because the
esophagus is narrow and the camera moves quickly, the three
colour channels might not be gathered from the exact same
location, resulting in a distorted appearance [12].

Recently, ViT has attained cutting-edge performance
in Natural Language Processing. The achievement of the
work by [13] has spurred research in ViT application for
image processing. There is indeed a recent expansion in
the use of ViTs for image identification tasks [14], [15],
[16]. ViT has attained groundbreaking advancement in
standard computer vision work with respect to natural images
such as classification of ImageNet, object detection and
semantic segmentation. The attention mechanism integral
to transformers presents several notable advantages: (1)
it captures long-range dependencies -effectively, (2) it
adaptively models relationships through computed self-
attention weights, thereby elucidating the interactions
between tokens, and (3) it incorporates an inherent form
of saliency, revealing the focal points of the model’s
attention [17]. Through the publications of the performance
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of ViT, there is definitely much potential in the exploitation
of this technique. Therefore, ViT can decisively contribute
to the effective detection and classification of artefacts in
endoscopic images.

The main contributions of this study can, therefore,
be summarised as follows:

1) Application of ViT to Artefact Detection and
Classification in Endoscopic Images:ViT, a novel
architecture has been utilized for the task of arte-
fact detection and classification within endoscopic
images. By leveraging on ViT’s attention mechanism,
we address challenges affecting artefact detection,
thereby, supporting more accurate early cancer detec-
tion.

2) Analysis of ViT Performance for Colour Misalign-
ment Artefact Classification:The ability of ViT to
accurately identify and classify colour misalignment
artefacts, commonly encountered in endoscopic imag-
ing, has been assessed by providing insights into the
model’s strengths and potential limitations.

3) Comparison of the results of the identified best
ViT model against state-of-the-art ViTs applied to
medical image classification: A thorough comparison
is performed by benchmarking the performance of our
selected high performing ViT model against other state-
of-the-art ViTs utilised in medical image classification
to assess its competitiveness and efficiency in medical
imaging in general.

4) Comparative Performance Evaluation of ViT and
CNN: This study conducts an in-depth comparative
evaluation by contrasting the performance of ViT with
that of CNNs used for colour misalignment artefact
classification in endoscopic images to provide the
relative strengths and weaknesses of ViT and CNN in
artefact recognition in this domain.

5) Review and application of XAl to provide explain-
ability of the outcome of our enhanced model:
XAI has been applied to the artefact detection models
developed to provide explanations for their predictions.
Understanding the rationale behind the decisions made
by deep learning models can provide insights into how
they arrive at their conclusions thus, increasing trust
and confidence for the integration of the ViT models
into clinical practice.

To the best of our knowledge, our work consists of
one of the first application of ViT to artefact detection
and classification in esophagus endoscopic images. In the
following section, we outline the materials and methods
utilised in our proposed approach. Section IV elaborates
on the experiments performed and results obtained. Finally,
we provide a detailed discussion of the results before
concluding the paper in the last section.
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Il. RELATED WORK

Several works involving ViT have been conducted over the
last decade in this field. Reference [17] has explored the
potential of ViT models to replace CNNs in the processing of
medical images. Multiple experiments have been conducted
with three datasets: APTOS 2019 including images of
diabetic retinopathy, ISIC 2019 comprising of dermoscopic
images depicting skin lesions as well as CBIS-DDSM con-
taining mammography images. ResNet50 has been employed
as the model based on CNN and as ViT, DeiT-S was
utilised. DINO served as the learning technique based on self-
supervision. The ViT models have outperformed the CNN
based methods. For instance, a Cohen Kappa of 89.6 has
been obtained with DeiT for classifying APTOS2019 dataset
into 5 disease severity categories, compared to 89.3 with
ResNet50. For classification of ISIC2019 into skin diseases
comprising of 9 classes, a Recall of 84.4 was obtained
on DeiT compared to 81 for ResNet50. On the other
hand, for detection of masses in the DDSM mammography
images, an ROC-AUC of 94.7 was obtained for DeiT model
whereas with ResNet50, the value obtained is 95.3. Similarly,
with supervised learning, for classification on APTOS2019
dataset, a Cohen Kappa of 89.6 was obtained with DeiT
compared to 89.4 with ResNet50; on ISIC2019, a Recall of
85.3 was obtained on DeiT compared to 83.3 for ResNet50
while with DDSM (object detection), an ROC-AUC of
95.6 was obtained for DeiT model whereas with ResNet50,
the value obtained is 95.5.

Reference [18] has assessed ViT performance against CNN
for classifying breast cancer ultrasound images into normal,
benign and malignant categories. Among the CNN based
models compared are Inceptionv3, ResNet50, VGG16, and
NASNET. ResNet50 model achieved the best performance
with an accuracy of 85.3% and Area Under Curve (AUC) of
0.95. ViT model using transfer learning attained an accuracy
of 86.7% and AUC of 0.95. The results show the higher
performance of the ViT model compared to that of CNN
in terms of accuracy but for AUC both achieved similar
results. Point-of-Care (POC) Transformer (POCFormer) has
been employed by [19] for classification of Covid-19
disease in POC lungs ultrasound images. POCFormer, being
a lightweight ViT model, has decreased the complexity
of the self-attention mechanism from quadratic to linear
with respect to time and space. A linear transformer model
(Linformer) is used in place of the usual transformer model
to guarantee that the suggested transformer architecture is
memory and time efficient. The average accuracy obtained
is above 91% [20].

In the context of Alzheimer’s disease, [21] introduced
a lightweight deep learning model that utilises MRI data
for accurate detection. The model is designed to operate
efficiently in real world scenarios with limited computational
power, while still achieving high classification accuracy.
This demonstrates the potential of lightweight architectures
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in resource-constrained medical settings. Furthermore, [22]
proposed a hybrid learning model that combines deep and
hybrid learning techniques to identify various progression
stages of Alzheimer’s disease. Their study highlights the
effectiveness of integrating different learning paradigms to
improve the sensitivity and specificity of early diagnosis
in neurodegenerative disorders using MRI. Similarly, [23]
presented a CNN-based deep learning approach to detect
Alzheimer’s disease through MRI. Their method, trained on
brain scan datasets, effectively classified Alzheimer’s and
non-Alzheimer’s cases, reaffirming the role of deep learning
models such as CNNss in brain disorder diagnostics.

[24] used Vision Outlooker (VOLO), a novel attention
technique, which effectively encodes low level features
into ViT, enhancing classification performance. Specifically,
an image of size 224 x 224, for instance, is first tokenised
using smaller patches such as 8 x 8 and then token
representations are encoded at a fine level (e.g., 28 X
28) before global dependencies at a coarse level is built
using self-attention. VOLO has achieved an accuracy of
87.1% for classification on ImageNet dataset. [25] made
use of Swin Transformer and Transformer-in-transformer for
classification of chest X-ray images with COVID-19 from
normal and pneumonia images. The accuracy score obtained
is 0.9475, sensitivity score of 0.9475 and a specificity
score of 0.9509. Hybrid Transformer-CNN models have
also been used for the classification of medical images.
In [26] the benefits of CNN and ViT have been combined
for the extraction of local and global information in gastric
histopathological images for the classification of gastric
cancer. Inceptionv3 is used as the CNN model. The results
for the GasHisTransformer model is accuracy of 97.97%,
precision of 98.55%, recall of 97.38% and an F1 score of
97.97%. With the lightweight version, the results are an
accuracy of 96.43%, precision of 95.99%, recall of 96.90%
and an F1 score of 96.43%.

[27] makes use of the benefits of transformer and
convolution for polyp detection by setting up a network of
convolution in transformer, the COTR. The COTR consists of
a CNN for feature extraction, layers of transformer encoder
combined with convolutional layers for the encoding and
reconstruction of features, layers of transformer decoder for
predicting objects as well as a feed forward network for detec-
tion prediction. On the ETIS-LARIB dataset, COTR obtained
91.49% precision, 82.69% sensitivity, and 86.87% F1-score;
on the CVC-ColonDB, it obtained 91.67% precision, 93.54%
sensitivity, and 92.60% F1-score. For the classification of
Wireless Capsule Endoscopic images, [28] made use of a
pure ViT model, which does not have any convolutional
operations utilised by CNNs. Spatial downsampling is used
in order to fit the spatial structure of ViT. The model has
been trained from scratch. With an accuracy of 79.15% on
the Kvasir-Capsule dataset and 98.63% on the RLE dataset,
the technique employed performed significantly better than
both CaiT and Swin Transformer on both WCE datasets.
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[29] introduces RanMerFormer for classification of
brain tumor in MRI images. RanMerFormer consists
of a pre-trained ViT as its backbone together with a
token-merging mechanism to eliminate redundancy and
improve processing efficiency. Additionally, a randomised
vector functional-link is utilised as the head for quicker
training. An accuracy of around 99% has been achieved on
2 publicly available MRI datasets. However, there is still
improvement required for certain classes in the dataset as
well as for enhancing the performance of the ViT model.
Pre-trained ViT models including ViT base, large and huge
variants have been employed by [30], for the classification
of breast cancer. The large ViT method has obtained the best
accuracy of 94.32%. Data augmentation has been applied for
gaining a large dataset for training. [31] has utilised a patch
based Vit (PBVit) model for the detection and classification
of brain tumor. Compared to other state-of-the-art techniques
applied in this work for comparison, the PBVit model has
achieved quite high accuracy, precision, recall and F1-score
of 95.8%, 95.3%, 93.2%, and 92% respectively. While the
model could be enhanced to make it better applicable to
more real-life scenarios, interpretability should be considered
to ensure its acceptance in the decision making of medical
professionals.

Recently, Anticancer peptides (ACPs) have been proposed
as alternatives to traditional cancer detection approaches.
ACPs are a sub-category of anti-microbial peptides and have
potentially anti-cancerous effects. pACPs-DNN has been put
forward as an innovative attention-based deep learning model
for the prediction of ACPs [32]. In [33], pNPs-CapsNet,
an attention based model, has been utilized to predict
neuropeptides (NPs), which are essential signaling molecules
and which possess therapeutic characteristics critical in
cancer treatment. [32] also introduced pACP-HybDeep for
accurately predicting anti-cancer peptides. The model is
based on attention and CNN/RNN is used for training.
All these models obtained remarkable accuracies in the
prediction of peptides.

After scrutinising related works regarding utilisation of
ViT, it has been observed that the latter has been applied
to medical image processing tasks such as object detec-
tion, classification and segmentation, attaining quite high
performance. However, its application has been relatively
limited in the context of artefact detection and classifi-
cation within endoscopic images. Furthermore, detecting
esophageal cancers is challenging and the existence of colour
misalignment artefacts further complicates this task for both
human specialists and automated systems due to the lack of
realism it brings to endoscopic images. There is an urgent
need to detect colour misalignment artefacts.

On the other hand, medical practitioners are very reluctant
in using Al applications since they are considered to be
‘closed-box’ systems. To address this challenge, X AI models
have emerged. However, some are still at their embryonic
stage. Some visualisation techniques that can be used for
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XAl are GradCAM, SHAP and LIME. GradCAM is found to
perform better than SHAP and LIME for the classification of
WCE images [34]. GradCAM is able to depict the areas with
potential COVID19 well in the CXR images [35]. Similarly,
for identification of pneumonia in CXR images, GradCAM
provides better visualisations [36]. It can be seen that different
other XAI methods have been used as well. TransLRP has
been used for classification of chest X-ray images. In some
cases, it performs better than LIME and Attention rollout
based on the high value of faithfulness and small sensitivity
while LIME is found to be best for visualisation. In [37],
ViT Shapley provides better explanation than the baseline
approaches such as GradCAM, Attention rollout and LRP for
classifying images from musculoskeletal radiographs. It is
noted that in order to make Shapley values more computer
efficient, they are integrated with ViT and it is seen that
the approach employed provides more accurate explanations
than existing methods for ViTs. [38] have applied different
CNN and ViT models for distinguishing between Crohn’
s disease and ulcerative colitis and it is found that ViT-
S/16 provides the best results both in terms of classification
of the disease as well as its interpretability instead of
Grad-CAM, LIME, SHAP values, RISE, and Occlusion
sensitivity. The ViT-B/16 model applied by [39] for classi-
fication together with Gradient Attention Rollout algorithm
for explainability is found to highlight suspected areas
correctly. The ViT (vit-base-patch16-224) model applied
by [40] with Score-CAM algorithm as explainability method
is able to clearly show the focused regions used during
prediction.

Since ViT has recently confirmed its potential in medical
image processing, various endeavours have been undertaken
to make ViT models better explainable in this field. However,
there remains a notable gap in the application of ViT
for providing explainability in the esophageal endoscopic
image classification and more so to artefact detection and
classification. Therefore, XAl has been implemented to
provide interpretability of the classification results obtained
from the ViT models.

Ill. MATERIALS AND METHODS
This section details the methodology used in implementing
ViT for classification of colour misalignment artefacts.

A. PROPOSED WORKFLOW AND COMPONENTS

Fig. 2 shows the overall structure of the proposed model.
The dataset is first pre-processed and data augmentation
is applied. Next, several pre-trained ViT models are used
on the original as well as the augmented dataset. The
results are analysed and the parameters of each model
are fine-tuned until the best performance is obtained. The
enhanced networks are then applied to the test data from the
dataset which was not used for the training phase. The relative
performance of the different models is evaluated based on
several performance metrics and the best model is identified.
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1. Original
Dataset

FIGURE 2. Workflow of the proposed model.

The workflow in Fig. 2 is as follows: (1) Preparation of the
custom dataset; (2) data pre-processing and augmentation; (3)
training of the ViT models using the original and augmented
dataset (4) enhancing the ViT models; (5) classification of
the dataset; (6) analysis of the results obtained and (7)
comparison of the results of our ViT model against state-of-
the-art ViT models (8) Application of explainability to the
model.

B. DATASET

The dataset utilised in this work originates from the
Endoscopy Artefact Detection (EAD) 2019 challenge and
is publicly available for research purposes ([10], [11]).
Itincludes seven types of artefacts which are saturations, blur,
specular reflections, bubbles, artifacts in imaging, instrument
and contrast. It is to be noted that colour misalignment
artefacts can form part of the endoscopic images with motion
blur. The EAD dataset has been selected instead of the Kvasir
dataset [41] or its derivatives such as HyperKvasir [42] or
Kvasir-Instrument [43] since the latter do not contain all
classes of artefacts. Additionally, conventional endoscopy
involves high resolution images which are mainly for the
esophagus whereas the Kvasir dataset contains images of
intestines only and with much lower resolution.

The EAD dataset was collected from six centers namely
John Radcliffe Hospital of UK; ICL Cancer Institute and
Ambroise Pare Hospital of France; Instituto Oncologico
Veneto of Italy; University Hospital Vaudois of Switzer-
land and the Botkin Clinical City Hospital of Moscow.
The dataset has been procured from different medium
including gastroscopy, cystoscopy, gastrooesophageal and
colonoscopy. It has also been obtained from multiple modes
such as white light, fluorescence and narrowband imaging
and involves patients from different countries such as UK,
France, Switzerland and Russia. The videos were gathered
from patients at Oxford, with randomized sampling at French
institutes and cancer patients were exclusively selected from
Moscow. The videos were obtained using standard imaging
protocols of endoscopes produced by various companies such
as Olympus, Biospec as well as Karl Storz. The images were
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minutely anonymized and there is no patient information
visible.

Furthermore, several videos having colour misalignment
artefacts have been gathered from a prior study on SCC
detection by [44]. These videos are of high definition
inclusive of White Light Endoscopy (WLE) and Narrow
Band Imaging (NBI). They were obtained from patients
who visited Translational Gastroenterology Unit found at the
Oxford University Hospital and the Horton General Hospital
in Banbury in UK and also from the Beijing General Hospital
of China. The videos were captured by Olympus endoscopes
— either GIF-H260, GIF-H290 or EVIS Lucera CV260 from
the Olympus Medicals Systems of Japan. The patients, from
whom the endoscopic video recordings are obtained, have
given written consent to provide these recordings together
with their biopsies and analysis of their medical data (REC
Ref: 16/YH/ 0247) prior to the study [44]. The videos are
in .mp4 format at 30 frames per second. The image frames
have been extracted from the videos by making use of the
VideoProc Converter application [45]. Table 2 exemplifies
the proportion of frames with colour misalignment and other
artefacts.

TABLE 2. Proportion of artefacts for 5 normal subjects.

Video | Original number of frames extracted | Colour misaligment | Other artefacts
M1 4620 8% 11%
M2 1620 20% 18%
M3 1680 11% 8%
M4 1860 27% 2%
M5 1000 24% 5%

In all in our custom-built dataset, there are thus
1784 images with colour misalignment artefacts and
1866 images with remaining artefacts. Out of these,
2554 images have been used as training data, 629 as
validation data and 367 as test data. Overall, there are
3650 images in the custom-built dataset. The images from the
EAD dataset as well as the ones obtained from the videos have
been verified individually to ensure that they are anonymised,
hence, they do not contain any patient’s information. Part of
our custom-built dataset with endoscopic images containing
colour misalignment and the remaining artefacts are shown
in Fig. 3 and Fig. 4 respectively.

The dataset has been divided into two classes, one with
images containing colour misalignment artefacts, labelled as
‘colour’ and the other having images with the remaining
artefacts, labelled as ‘normal’. The images with colour mis-
alignment artefacts represent 51% of the dataset and images
with other artefacts represent 49% of the dataset as shown in
Fig. 5. Hence, there is clearly imbalance between the 2 classes
of data. As discussed in [18] and [26], imbalance in dataset
results in poor performance and high misclassification. One
possible solution to this problem is data augmentation. Thus,
our dataset for training and validation has been augmented
both on the fly, that is during processing, as well as using
traditional data augmentation techniques before processing.
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FIGURE 4. Images with other artefacts.

On the fly, the techniques used include rescaling, shear
transformation, zooming, horizontal and vertical flip as well
as rotation. Another data augmentation technique used is
random pixel erasure. To increase the number of images,
shearing, zooming and horizontal flip have also been used.

Original Custom-built dataset

Class Label Description 51%
Colour Colour misalignment

artefact
Normal Remaining artefacts

(saturations, motion blur,

specular reflections,

bubbles, imaging

artefacts, contrast and

instrument)

49%

= Colour Misalignment = Other Artefacts

FIGURE 5. Class definition and dataset size.

Table 3 provides the number of images in the 2 classes
for both the original custom-built dataset and its augmented

VOLUME 13, 2025



P. Bissoonauth-Daiboo et al.: Exploring ViTs and Explainable Al for Enhanced Artefact Classification

IEEE Access

version. The images are segregated into training, validation
and test dataset in the ratio of 7:2:1.

TABLE 3. Dataset distribution for original and augmented datasets.

Orignal dataset Augmented dataset
Classes Train | Valid | Test | Train | Valid | Test
Colour misalignment | 1248 356 180 | 4800 | 1200 | 180
Other artefacts 1306 373 187 | 4800 | 1200 187

C. DATA PRE-PROCESSING

The images in the dataset are of different sizes ranging from
295 %299 to 192 x 1080 pixels. Thus, they need to be reshaped
to a fixed size before being passed to the model. Resizing
the images allows the training to be faster and less memory
intensive. Additionally, the algorithm used in the experiment
require the images to be of same size. The images have,
therefore, been resized to 224 x 224 pixels. In order to help in
effective processing, the input images should be normalised
as well. The pixel values of the input images are in the range
of 1 to 255. Hence, the pixel values have been normalised to
be in the range of O to 1 [46].

D. MODEL ARCHITECTURE

1) VIT ARCHITECTURE

ViT, being a novel architecture which has been applied in
our work for colour misalignment classification, is explained

in detail in this section. Fig. 6 shows the architecture of a
standard ViT model.

Transformer Encoder

Lx e
)

Norm

Vision Transformer (ViT)

Transformer Encoder ’

- didd i ded

¢ 2 [ Linear Projection of Flattened Patches J
(1] ]

[ ] ]|
(] ]

Multi-Head
Attention

Norm

I N O I
-ENENENEEN
T

FIGURE 6. Architecture of ViT.

Overall, in ViT, an image is split into patches of fixed size
which are flattened and linearly embedded. Positional embed-
dings are added so as to keep information about the relative
positions of the patches in the original image. The resulting
sequence of vectors is fed into a standard Transformer
encoder module. An extra learnable *“classification token” is
added to the sequence which is used during pre-training and
the parameter fine-tuning phases. The Transformer encoder is
made up of alternating layers of Multi-Head Self-Attention
(MSA) and Multi-Layer Perception (MLP) blocks. MHSA
is derived from the standard Self-Attention mechanism,
whereby for each element in the input sequence, a weighted
sum with respect to other values in the sequence is computed.
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Several self-attention operations called ‘heads’ are carried out
in parallel and their concatenated outputs are projected.

The algorithm applied by ViT is further detailed below:

1y

2)

3)

4)

5)

6)

7)

8)

Our 2D esophagus image, x is represented in the form
of

x € RHXWXC (l)

where H is the height, W is the width of the image and
C is the number of channels.

The 2D images are first reshaped into a sequence of
flattened 2D patches

Y e RNX(PZC) (2)

where P> = P x P is the resolution of each image patch
and N = % is the number of patches.

The sequence of N flattened patches (x1, x2, x3, X4, . . .,
xy ) are projected using trainable linear projection layer
to D dimension which represents each patch

X e RV*P 3)

MSA Block
The aim of self-attention is to capture the interaction
between the N patches by encoding each patch in
terms of the global contextual information. To achieve
this, three learnable weight matrices are defined to
transform X into

a) Queries, Q using

W< e RP*Dq )
b) Keys, K using
WK e RP*Dx )
¢) Values, V using
wY e RPxPr (6)
where D, = Dy

The input sequence X is first projected onto these
weight matrices to get

0=xwe Kk=xwk v=xwV @

Thus, for any entity in the sequence, the self-attention
is basically computed by the dot-product of the query
with all keys. Each entity is, thus, the weighted sum of
all entities in the input sequence, where the weights are
provided by the attention scores

The output Z € R¥*P is given by

= X [/

The output is therefore normalised using softmax
operator to obtain the attention scores [48].

MSA is made up of multiple self-attention blocks or
heads in order to model the complex relationships
between the various elements in the input sequence.
Each head or block has its own set of learnable weight
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matrices [W@),  w&) — wVD] where i = 0, 1,2,
...(h-1) and h is the number of heads in the MSA. For
a given input X, the result of the h self-attention heads
in the MSA block is concatenated into one matrix

[Zo0,Zi, ..., Zp_1] € RPN, 9)

This is projected onto a weight matrix,
W e RMPv>D (10)

9) The MLP is made up of two layers with a Gaussian
Error Linear Unit (GELU) non-linearity as activation
function. As in [13], a class token is prepended to the
sequence of embedded patches 18 = xclass whose
state at the output of the Transformer encoder (zg)
serves as the image representation y (Equation 14).
The transformer encoder consists of L stacked base
blocks, each one consisting of MSA and MLP blocks
(Equations 12 and 13). Before each MSA and MLP
block, layer normalisation is used while after each
block, residual connections are applied.

20 = [xclass;x;E; xI%E;xSE; . X,I,VE] + Epos (11)
where E € RP*F0) E o e RNFDXD

25 =MSA(LN(z—1)) + 201, £=1,...,L (12)
ze = MLP(LN(ZY) +26, ¢=1,...,L (13)
y = LN(z) (14)

DeiT Architecture

ViT requires extensive datasets and substantial computa-
tional resources. To address these issues, [47] introduced
the Data Efficient Image Transformer, DeiT based on the
ViT model. DeiT not only streamlines VIT’s training process
but also improves image classification performance by
incorporating knowledge distillation techniques. Therefore,
DeiT models have also been applied in our work. The
architecture of a DeiT is depicted in Fig. 7.

After resizing the input images to a specific fixed size, the
images are segmented into N patches. As in our case, N is
14 x 14 and each patch is of 16 x 16 pixels. The patches are
reorganised linearly that maintains the image dimension in
general to 3 x 16 x 16, since the images are in RGB format.
Positional information is added which indicates the positions
of the patches relative to each other. This information is added
before the initial transformer block, that is afterwards passed
through subsequent transformer blocks. A Feed Forward
Network (FFN), comprising two linear layers separated by
a GELU activation function, is integrated on top of the MSA
to form a complete transformer block. MSA as well as FFN
function as residual layers because of the skip connections
together with layer normalisation. A trainable class vector is
added to the patch tokens before the foremost layer. This class
vector traverses the transformer layers and, together with a
linear layer, is projected for predicting the class. The class
token originates from the NLP and is different from pooling
layers in computer vision and is used to predict the class.
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FIGURE 7. DeiT architecture.

The DeiT model makes use of native distillation. The
distillation process allows a neural network (the student) to
learn from the results of another network, referred to as
the teacher. CNN is used as the teacher since it has better
priors on images due to inductive bias and hence, can be
trained with smaller number of images. A distillation token
has been introduced alongside the patches as well as the
class tokens. This token interacts with other embeddings
through self-attention and is outputted by the network after
the final layer. Its aim is to enable the model for learning from
the teacher’s results meanwhile providing supplementary
information to the class vectors. The distillation strategy used
by DeiT has proved to enhance the model as compared to
vanilla distillation methods [47].

2) IMPLEMENTATION DETAILS

In this research work, two variants of the ViT model, pre-
trained on the ImageNet dataset, have been used: ViT-B/16
(ViT_base_patch16_224) and ViT-S/16 (ViT_small_patch16_
224). ViT-B/16 refers to the base variant, while ViT-S/16
denotes the smaller variant, both using an input patch size
of 16 x 16. ViT-Base consists of 12 transformer blocks,
each with a 12-headed self-attention module. In total, this
model has 86M trainable parameters [15]. Similarly, ViT-
S/16 comprises 12 transformer blocks, each with a 6-headed
self-attention module, totaling 21M trainable parameters
[14].

The DeiT models chosen are DeiT-Tiny-Patchl6-
224, DeiT-Small-Patch16-224, and DeiT-Base-Patch16-224,
which have also been pre-trained on ImageNet. The
motivation behind adopting the ViT and DeiT models is
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based on the strong performance achieved in prior work
[15], [47]. Moreover, ViT and DeiT models have the ability
to capture important global features in images using the
self-attention mechanism. Given that colour misalignment
artefacts are typically spread across several non-contiguous
pixels in images, ViT and DeiT are implemented which are
designed to grasp long-range interactions between pixels
and hence, are capable of finding out the dependencies
between pixels in images globally. DeiT-Tiny-Patch16-
224 includes 192 embedding dimensions with 3 attention
heads, DeiT-Small-Patch16-224 includes 384 embedding
dimensions with 6 attention heads, and DeiT-Base-Patch16-
224 includes 768 embedding dimensions with 12 attention
heads. The number of layers for all three models is the
same. Consequently, the number of trainable parameters is
5M, 22M, and 86M for DeiT-Tiny-Patch16-224, DeiT-Small-
Patch16-224, and DeiT-Base-Patch16-224, respectively [47].
Table 4 & Table 5 provide a summary of the details of the
variables used in the architecture of the ViT and DeiT

TABLE 4. Details on the DeiT models used.

Model Number of
DeiT-Tiny-patch 16-224 5
DeiT-Small-patch 16-224 M 384 6 [F]
DeiT-Base-patch 16-224 36M 768 2 2

Embedding Dimension | Number of heads | Number of layers
3 12

TABLE 5. Details on the ViT models used.

Model Number of parameters | Input Patch Size | Transformer Blocks | Number of heads
ViT S/16 2IM 16x 16 12
ViT B/16 86M 16 x 16 12 12

Moreover, transfer learning is applied to our customized
dataset by utilizing the pre-trained weights. Transfer learning
involves leveraging features learned from one task and
applying them to a different task without starting the training
process from scratch. This approach is frequently employed
in deep learning model development, as training from scratch
requires substantial computational resources, large datasets,
and significant time. In our case, the dataset is limited
in size, making transfer learning an appropriate choice,
as demonstrated in [40], [49], and [50].

In order to preserve the learned representations so that they
are not overwritten, the entire network is frozen. We modify
and train only the model’s head from scratch to adapt it to
our task and fine-tune it to enhance its performance. A linear
layer followed by an activation function, a dropout layer, and
finally an output layer of 2, to match the number of classes
in our dataset, are added for the model’s head. The hyper-
parameters fine-tuned are number of epochs and learning
rate. For the model’s head, the number of output features
of the first linear layer and the probability of the dropout
layer are adjusted until best performance is obtained. For
each hyperparameter, the algorithm was run 3 times and
the average value calculated due to the stochastic nature of
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our dataset. The optimal parameters of the proposed training
model used can be found in Table 6.

TABLE 6. Optimal parameters of proposed training model.

[ Number of epochs | Learning Rate | Number of output parameters | Probability of dropout layer |
\ 100 [ 000001 | 512 \ 03 |

After fine-tuning the hyper parameters, the best results are
chosen to build the final model. Rectified Linear Unit (ReLu)
has been chosen as activation function since it allows faster
training and it has a decreased likelihood for the gradient to
vanish [51]. ReLu is basically defined as:

ReLU(x) = |x x>0 (15)
0 ifx<0
Hence, if the input x is less than or equal to 0, the result
is equal to 0, otherwise if the input x is greater than 0,
the output is equal to the input [52]. The model is then
trained using Adam Optimiser with an initial learning rate
of 0.001. Adam Optimiser allows fast convergence and has
low memory requirements, hence, allowing fast training even
for large networks. It also makes use of adaptive learning
rates [53]. LabelSmoothingCrossEntropy is used as the loss
function, which is better than the normal CrossEntropyLoss,
defined as follows:

o
yis = (1 — o) - yhot + X (16)

where one-hot encoded label vector, yno is replaced by a
combination of ypo and the uniform distribution. K represents
the number of classes, o defines the amount of smoothing
needed [54].

E. CNN IMPLEMENTATION DETAILS

In order to carry out a performance comparison between
ViT and CNN based model for colour misalignment artefact
detection and classification, four high-performing state-of-
the-art CNN architectures have been duly applied on the same
dataset. They are ResNet50, VGG16, InceptionResNetv2
and Inceptionv3. Each of the four CNN models has been
pre-trained on Imagenet database. The pre-trained weights
have been added to our model and the parameters of the latter
fine-tuned towards our colour misalignment classification
task. VGGI16, introduced by [55], is a deep convolutional
neural network (CNN) comprising 16 layers, including
13 convolutional layers together with 3 fully connected layers
and a softmax classifier. Among the 13 convolutional layers,
5 are for max-pooling. ResNet50, presented by [56], includes
CNN with 50 layers, consisting of 48 convolutional layers,
a max-pool layer, and an average pool layer. This network
is constructed by stacking residual blocks [57]. Inceptionv3,
created by Google in 2015, is a cutting-edge CNN model built
upon the earlier Inceptionvl. It has 42 layers and produces
a lower error rate as compared to its predecessors. This
is achieved by factorising larger convolutions into smaller
ones and using asymmetric convolutions. The model also
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employs auxiliary classifiers as regularisers and efficiently
reduces grid size [58]. InceptionResNetV2, proposed by [58],
is based upon the architecture of Inception. Its stem module
includes a double 3 x 3 convolutional layer and then a max-
pooling layer. As for the Inception blocks, to address the
degradation problem caused by structures which are deep,
residual connections are employed. Reduction blocks allow
a decrease in the spatial dimensions.

In this implementation, for loss function, we use cate-
gorical entropy and for optimisation, the Adam technique
with a learning rate of 0.001 is used. Each CNN model has
been trained on the dataset, and their performance has been
assessed on the test dataset.

F. XAl IMPLEMENTATION DETAILS

The output of the layers of ViT models typically have
the shape BATCH x 197 x 192. The first element of
the 197 element is the class token, thus, the remaining
196 represents the 14 x 14 patches of the input image.
While the class token is used for the final classification, the
196 elements can be considered as a spatial image of size
14 x 14 together with 192 channels. In order to integrate
the different XAl techniques into the ViT model, the image
must be reshaped into 2D spatial images. Therefore, a reshape
function is passed to the CAM constructor. Since the class
token is used to perform the final classification in the last
attention layer, the results of the model is not impacted
by the 14 x 14 channels of the last layer and hence, the
output gradient is 0. Consequently, any layer before the final
attention block has been chosen when producing the class
activation maps to understand the behaviour of the model.
In addition, the fine-tuned ViT model, with the highest
scores, has been loaded into the system, together with the
corresponding weights, before processing the images from
our test dataset to explain the predictions.

Basically there are two types of methods to develop
explainable systems — ante-hoc and post-hoc methods. Ante-
hoc techniques incorporate explainability into models from
the start while post-hoc ones are applied after the training
of the model [34]. From the analysis of the works done
relative to explainability for medical images, it is found that
GradCAM, a post-hoc explainable method is an efficient
and widely used technique [34], [35], [36]. Therefore, our
XAI module applies several post-hoc Gradient-based XAI
techniques including GradCAM, ScoreCAM, GradCAM++,
AblationCAM and XGradCAM to provide the areas used
in the input images for prediction. GradCAM makes use
of the gradients of a target in the final layer of deep
learning models in order to generate a localisation map which
highlights the most important areas in an image used to
predict the target [59]. ScoreCAM and GradCAM+-+ are
improvements of the GradCAM algorithm which identify the
importance of the neurons of the model (Varam et al. 2023).
While ScoreCAM makes use of the contribution of each
activation map instead of gradients [60], GradCAM++
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provides improved localisation of salient areas in images
by combining gradients of both positive and negative
samples [61]. AblationCAM uses ablation analysis instead
of gradients to eliminate gradient saturation issues [62].
On the other hand, XGradCAM utilises a weighted average
of gradients to generate class activation maps [63].

G. PERFORMANCE METRICS

For the evaluation of the performance of the ViT model,
the metrics used are accuracy, precision, recall, F1 score,
Average Precision Score, MCC and AUC. Confusion Matrix
also is built to identify whether the model is able to identify
the correct images. Accuracy measures how well a model
predicts by comparing the predictions of the model with
true values [64]. Precision denotes the fraction of predicted
instances that have been correctly found.

_ #IP
~ #Pred
where TP represents the number of true positives and Pred is
the number of predicted instances.

Recall is the metric that designates the fraction of
ground-truth instances that were correctly predicted.

p (17)

#TP
y = —
#GT

where GT is the number of ground-truth bounding boxes or
the number of pixels in image segmentation and 7P is the
number of true positives.

Average Precision (AP)
Equation 19:

(18)

score is defined as per

AP=7) (Ry~Ru-1)Py (19)

where Ppand R, are the precision and recall at the nth
threshold. AP provides a summary of the precision-recall
curve and is defined as the weighted mean of precision
obtained at each threshold. The increase in the recall value
from a previous threshold is used as the weight. To note that
this value is different from the area under the precision-recall
curve which makes use of linear interpolation and can be
excessively optimistic. The Matthews Correlation Coefficient
(MCC) measures the quality of binary classifications and
is a balance measure which can be applied even when the
classes of data are of different sizes. MCC is defined as per
Equation 20.

_ tp X th—fp X fn
— Jp + fp)ap + fa)m + fp)n + )

where p, tn, fp and fn are the number of true positives, true
negatives, false positives and false negatives respectively. Fg
scores is a weighted B harmonic means of precision and
recall [8].

McCcC (20)

p-r

Fp=(+p8H. 2~
p=U0+p8) B s

2n
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IV. RESULTS AND DISCUSSIONS

This section provides the results obtained for the experiments
carried out and a discussion on the findings. Figure 8 shows
the results obtained on the augmented dataset after applying
the ViT and DeiT models. It is to be recalled that before
data augmentation, there are 1784 endoscopic images having
colour misalignment artefacts and 1866 images having other
artefacts in the dataset while after augmentation, there are
6180 images having colour misalignment and 6187 images
containing the remaining artefacts. From the results, it is
found that after training is performed on augmented data,
the performance in terms of the different metrics increases
for most models. This indicates that with data augmentation,
the models are able to learn the features in the image more
efficiently. The DeiT-Base-patch-16-224 model has the best
accuracy of 93.46% as well as the best Recall of 93.46%,
F1 score of 93.46%, MCC of 86.94% and AUC of 93.48%
compared to the other models. This could be attributed to
the fact that it does not require extensive amount of data for
training as well as its improved training procedure due to the
enhanced distillation process. Moreover, there is not much
difference in the value of accuracy and other performance
metrics of the DeiT-Base-patch-16-226 and ViT-B/16 since
both have same architecture which is also confirmed in
a research conducted by [47]. The performance of ViT-
S/16 also is quite remarkable. The results demonstrate that
the attention mechanism of ViT models allows them to
better learn the intricate differences in the data patterns in
endoscopic images such that the predictions of the images
are more accurate. Moreover, the sequential data processing
in vision transformers enables enhanced and more efficient
parameter utilisation, facilitates the consideration of longer-
term dependencies, and fosters broader learning capabilities
across diverse inputs.

Performance on test dataset before and after data augmentation
% Before Augmentation After Augmentation

w | |
n Average erage
FiScore Precision  MCC FiScore Precision MCC AU
e

Accuracy Precision Recall

®

-3

M
3

AUC  |Accuracy Precision  Recall

= VIT-B16 9183 9234 9183 9181 90.85 8418 9193 | 9319 9349 9319 9318 9216 8668 93.26
= VIT-516 8937 9041 8937 8932 8849 798 8952 | 9319 9357 9319 9318 924 8677 9327
mDeiT-Base-patch16-224 9183 9187 9183 9182 8812 8368 9179 | 9346 9348 9346 9346 9127 8694 9348
= Deil-small-patch16-224 89.37 ~ 89.37 89.37 89.37 8546 7874 8936 | 9319 9319 9319 9319 90.38 8637 9318
WDeiT-Tiny-patch16-224  88.83 8937 88.83 888 8684 7821 88.93 | 891 8928 891 891 8629 7839 8916

FIGURE 8. Performance results over test dataset before and after data
augmentation.

A. CONFUSION MATRIX AFTER DATA AUGMENTATION

The confusion matrix is also generated for the five models
when applied to the test dataset after training the models on
augmented data. These are illustrated on Figure 9.

A summary of the results from the confusion matrix is
provided in Table 7. It is found that ViT-S/16 has the best
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FIGURE 9. Confusion Matrices for different models.

class accuracy for colour misalignment artefacts, followed by
ViT-B/16 and DeiT-Base-patch-16-224. DeiT-Small-patch-
16-224 has the best class accuracy for classification of the
images with other artefacts, followed by DeiT-Base-patch-
16-224 and ViT-B/16. Hence, out of the five models, DeiT-
Base-patch-16-224 exhibits a very good accuracy of 94.44%
outperforming the other models. This is also confirmed by the
AUC of 93.48% obtained. Overall, the DeiT-Base-patch-16-
224 model is able to classify both the colour misalignment
artefacts as well as the other artefacts quite well. The
other models do not perform that well in terms of artefact
classification in such a way that only one type can be
classified correctly. The foremost reason for the confusion
is explained by the quite similar appearance between the
colour misalignment artefacts and the other artefacts classes
which makes it difficult for the models to differentiate
between them. This can also be due to the imbalance in data
distribution between the two classes as well as the simple data
augmentation techniques applied.

TABLE 7. Confusion Matrix Results - Accuracy obtained for each class.

Class Accuracy (%)
Models Colour Misalignment | Other artefacts | AUC
ViT - S/16 97.78 88.77 93.27
ViT - B/16 97.22 89.3 93.26
DeiT-Base-patch 16-224 94.44 92.51 93.48
DeiT-Small-patch 16-224 92.78 93.58 93.18
DeiT-Tiny-patch 16-224 92.22 86.09 89.15
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B. COMPARISON OF VIT BASED RESULTS WITH CURRENT
WORK IN THE FIELD

Our best model obtained is compared with other popular
works in classification of artefacts. However, as mentioned
in earlier section, there is limited work conducted so far
on artefacts in endoscopic images using ViT or ViT based
architectures. Therefore, the results of our proposed network
are compared with other ViT models applied to classification
of GI tract endoscopic images. Table 8 details the techniques
deployed by other researchers along with the details of their
datasets.

From the performance reported by [15], it is observed that
our DeiT-Base-Patch-16-224 model provides better accuracy
of 93.46% than the accuracy of 71.56% obtained by the
ViT-B/16 model used by the author on the Kvasir-Capsule
dataset containing video capsule endoscopic images. This
again reiterates the advantage of DeiT models due to the
knowledge distillation technique which enhances the training
capability of the model. Comparing the value of the accuracy
with the results of our ViT-B/16 model, it is found that our
fine-tuned ViT-B/16 model has a better accuracy of 93.19%
indicating the high performance of our models. Similarly, our
DeiT-Base-Patch-16-224 and ViT-B/16 obtain better Recall,
MCC and AUC values. This can be attributed to the fact that
there is more imbalance between the different classes of the
Kvasir-Capsule dataset as opposed to our dataset. Moreover,
in the dataset used by [15], there are fewer images in most
of the data classes before data augmentation. Likewise, our
ViT model has obtained better accuracy than that obtained
by [28], that is, 79.15% for disease classification in WCE
images, by [66], that is, 86.81% for classification of disease
in gastrointestinal endoscopy images and by [18], that is,
86.7% obtained for classification of ultrasound images. This
shows that our fine-tuned models have been trained better.
This is also explained by the better quality of endoscopic
images. In the work conducted by [19] for classification of
Covid-19 disease in ultrasound images, an accuracy of 91% is
obtained and again our model outperforms it due to the better
resolution of the images in our dataset, hence contributing to
better learning and training.

Furthermore, contrasting our results with the work by [65],
it is found that our Deit-Base-Patch-16-224 model obtains
a better recall of 93.46% as compared to 32% and F1
score of 93.46% compared to 48% for classification of
Ulcerative Colitis. Similarly, for classifying Polyps in WCE
images, our model obtains a better precision of 93.48% as
compared to 61% and F1 score of 93.46% against 76%
obtained by the author. In addition, our model obtains
better precision, recall and F1 score than those of [27] for
polyp detection which are 91.49%, 92.69% and 86.87%
respectively. In addition, our DeiT-Base-patch-16-224 and
Deit-Small-patch-16-224 outperform the DeiT-S of [17] in
terms of Recall on APTOS2019 and ISIC2019 datasets.
On the other hand, for classification of chest x-ray images, the
ViT-L/16 of [15] performs better than our model. Similarly,
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the model of [26] and [49] outperforms our implementation.
However, it is to be noted that the datasets used are not similar.
Additionally, endoscopic images are of higher resolution and
there are subtle differences between colour misalignment
and some other artefacts such as saturation, contrast and
specularity. One strategy to improve the performance of our
models that could be explored is to perform pre-training on
medical images which are more similar to the endoscopic
images rather than pretraining on ImageNet database where
the features learnt differ from those in endoscopic images.

C. COMPARISON OF VIT PERFORMANCE WITH CNN
MODELS

Table 9 provides the values obtained when the four CNN
models have been applied to the test dataset as well as a
comparison with the VIT results. It is to be noted that on the
new data found in the test dataset, it is InceptionResNetV?2
which performs the best in terms of accuracy, AUC and
Recall. On the other hand, Inceptionv3 performs best in
terms of precision and F1 score. This implies that Incep-
tionResNetV2 has a better generalisation with remarkable
results over new data. Comparing the results obtained by
the best enhanced ViT model, DeiT-base-patch-16-224 with
the best CNN based method, InceptionResNetV2, it is seen
that the former provides better results with an accuracy
of 93.46% compared to 89.37%, a precision of 93.48%
against 86.61%, a recall of 93.46% against 89.92% and a
F1 score of 93.46% as opposed to 88.23%. As for AUC,
InceptionResNetV2 has a better value of 94.4% against
93.48% by our ViT model. This shows that in general the ViT
model is able to make better correct predictions (accuracy)
which are actual positives (precision). Furthermore, more
actual positives are correctly predicted (recall). Similarly,
the harmonic mean between precision and recall (F1 score)
is better for the ViT model than the CNN model. On the
other hand, the CNN model is better able to differentiate
between the two classes of data (AUC). InceptionResNetV2
performs better than the other CNN due to its unique
architecture which combines the advantages of both inception
and ResNet in order to train much deeper networks, hence,
exhibiting better extraction of features and helps to avoid
overfitting [9]. The main difference between Inception-v3
and Inception-ResNet-v2 lies in the fact that Inception-
ResNet-v2 substitutes the filter concatenation phase in the
Inception architecture with a residual connection. This
enables residual features to be learnt by the network, thereby
helping in training by mitigating the vanishing gradients
problem [67]. InceptionResNetV2 is able to learn features
with differing complexity, due to its distinct design and the
fact that filters are used effectively [68]

A comparison is, hereby, provided of the proposed
DeiT-base-patch-16-224 model, which has achieved highest
performance, with other CNN based state-of-art-models in
the classification of artefacts. However, since there is not
enough literature on classification of colour misalignment
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TABLE 9. Performance comparison of ViT against CNN.

Model Accuracy (%) | Precision (%) | Recall (%) | FI Score (%) | AUC (%)
InceptionResNetv2 89.37 86.61 89.92 88.23 94.4
Inceptionv3 89.1 89.1 89.1 89.1 90.08
VGG16 86.1 82.76 91.55 86.93 94.08

ResNet50 70 84 27 40.86 77

DeiT-Base-patch-16-224 93.46 93.48 93.46 93.46 93.48
ViT - B16 93.19 93.49 93.19 93.18 93.26
ViT - S16 93.19 93.57 93.19 93.18 93.27
DeiT-Small-patch-16-224 93.19 93.19 93.19 93.19 93.18
DeiT-Tiny-patch-16-224 89.1 89.28 89.1 89.1 89.16

artefact in endoscopic images, the results of our proposed
network are compared with other models applied to artefact
detection and classification as well as classification of GI
tract endoscopic images. Table 10 provides details on the
techniques applied by other authors in addition to the dataset
used and results obtained.

Compared to similar work done by [9] for the classification
of colour misalignment artefacts in endoscopic images with
an accuracy of 96%, our proposed enhanced model, DeiT-
base-patch-16-224 has been able to perform the classification
tasks with an accuracy of 93.46%. To note that the dataset
used by the author do not have similar images as in our case.
Our dataset contains images mostly from normal subjects
whereas in the work of [9], colour misalignment artefacts has
been detected from endoscopic images of patients potentially
with SCC disease. In addition, our ViT model has obtained
quite good results in terms of recall, precision and F1 scores
while the work of [9] provides only the accuracy results as
the performance metrics.

In contrast to the work of [69] to classify artefacts from gas-
tric images, our fine-tuned and customised DeiT-base-patch-
16-224 model has achieved higher performance in terms of
accuracy(93.46% against 77.65%), precision (93.48 % against
75.94%) and recall (93.46% against 77.65%). Moreover, the
accuracy of the enhanced DeiT-base-patch-16-224 model is
better than the value obtained by the fused method in [70].

Contrary to [71] which has classified motion artefacts and
[43] which segmented instrument artefact, the accuracy of
our DeiT-base-patch-16- model is less. It is to be noted here
also that the dataset used by these authors are different from
ours. [43] made use of Kvasir dataset which has images with
lower resolution. The InceptionResNetv2 model in [72], the
fused method of Inceptionv3 and DenseNet-201 in [73], the
VGG16 in [74] and [75] as well as the ResNet50 model
of [76] have achieved better accuracy than the corresponding
neural network of our enhanced model. But it should be noted
that the tasks as well as the dataset utilised are different.

Therefore, CNNs, making use of deep backbones, is able
to identify local patterns in images due to the built-in
bias. In contrast, ViT models are capable of extracting
global features with the Multi-Head Self-Attention modules
which improve its ability to focus on important regions
within images. Moreover, ViT is able to depict long-range
relationships between image pixels which is restrained in
CNNs due to the inductive bias. A potential area to gear
our study in future would be to integrate both the CNN

VOLUME 13, 2025

and ViT models so as to take advantages of the benefits of
both models. This is because while ViT models are able to
depict dependencies between pixels in images globally, CNN
models have a more localised focus on the features.

D. RESULTS OF APPLICATION OF XAl

Given the nature of the feature extraction from ViT,
the models are not sufficiently explainable as mentioned
previously. Hence, XAl techniques are applied to understand
the decision process of ViT. To provide interpretability of
the classification results obtained from our fine-tuned ViT
models, an additional module, the XAI module, as per
Figure 1, has been added to apply XAl techniques in order to
display the regions on which the corresponding algorithm has
based itself to reach its conclusions. The XAI methods used
are GradCAM, ScoreCAM, GradCAM++, AblationCAM
and XGradCAM. Figure 10 to Figurel3 provide the results
obtained when the different XAI methods are applied on
some random images from both classes of data classified by
the DeiT-Base-patch-16-224 model. Figure 10 and Figure 11
provide the deterministic features for correctly classified
images while Figures 12 and Figures 13 illustrates those
of misclassified images. The visualisations of the salient
regions provide valuable insights into the areas which greatly
influenced the decision-making process of the ViT model,
thus making the predictions of the latter more transparent and
interpretable.

1) CORRECTLY CLASSIFIED SAMPLES

Figure 10 provides the results of correctly classified images
having colour misalignment artefacts while Figure 11 pro-
vides those for the correctly classified images with other
artefacts. In both images, the features which help to identify
the particular class has been manually highlighted using
dark outlines in the original image. Moreover, the most
important regions emphasised by each XAI methods have
been highlighted using the dark outlines also.

From all five images in Figure 10, it is found that
GradCAM, followed by AblationCAM highlights most of
the parts containing the colour misalignment artefacts,
suggesting that the model’s decisions are influenced by areas
relevant to the classification task. As for GradCAM++ and
ScoreCAM, in some images the most important regions are
emphasised, for example, in the third and fourth images
for GradCAM++ and in the second and third images by
ScoreCAM while in the remaining images they are not.
This possibly indicates a higher sensitivity to local features
that are not strongly correlated with colour misalignment
artefacts. ScoreCAM and AblationCAM consider more areas
in an image as important such as for the first three and last
images by ScoreCAM and the second and third images by
AblationCAM. However, this makes the visualisation results
rather complex since most parts of the images are highlighted.
Furthermore, not all parts highlighted by the two algorithms
have an impact on the classification results. This could
reflect an overestimation of feature importance, leading to
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AblationCAM  xGradCAM

FIGURE 10. Sample of correctly classified colour misalignment artefacts.

explanations that are less precise. In some cases, the dark
parts of the images are emphasised as important for example,
in the first image by GradCAM and GradCAM++, in the
first and second images by ScoreCAM, in the second and
third images by AblationCAM and in all five images by
XGradCAM. This suggests a possible limitation of the
method in accurately localizing discriminative features for
this specific task. These findings emphasise the need for
careful selection and validation of XAI methods, particularly
in tasks involving subtle artefacts. While visualizations can
provide insights into model behavior, not all highlighted
regions are necessarily indicative of feature importance.
Moreover, a method’s sensitivity to irrelevant regions can
reduce its explanatory value.

Original GradCAM GradCANM++ ScoreCAM AblationCAM  xGradCAM

FIGURE 11. Sample of correctly classified other artefacts.

For the images containing other types of artefacts, we find
that Deit-Base-patch-16-224 is able to clearly depict the

176240

instrument in the first image, the blood in second and third
images, the instrument and saturation in the fourth image and
saturation in the last image. Here again, GradCAM highlights
most of the salient regions which aligns well with the
model’s focus on relevant features, reflecting its sensitivity
to key structures involved in classification. GradCAM++
is highlighting most of the images as important areas for
example in the second and fifth image. However, not all
highlighted regions have an effect on the classification
results. As for AblationCAM and ScoreCAM some of the
important regions have been considered but to a lesser
extent. Thus, the XAI results emphasises the differences
in different visualization methods. While GradCAM excels
at capturing the most salient features, it may struggle
with fine-tuning its focus, often highlighting non-critical
regions. In contrast, AblationCAM and ScoreCAM offer
more targeted visualizations, but may miss subtle areas that
influence the model’s performance.

Original GradCAM

GradCAM++

FIGURE 12. Sample of misclassified colour misalignment artefacts.

2) MISCLASSIFIED SAMPLES
For the images in Figure 12, it is observed that not all
parts containing the colour misalignment are highlighted by
the XAI methods. It is seen that the outputs of GradCAM,
GradCAM++ and AblationCAM are quite similar for the
first image while for the second image, the outputs are
quite similar for all five XAI methods. This suggests that
although there are salient regions being depicted by the XAl
methods, these do not necessarily correspond to the colour
misalignment parts which is the focus of the task.

Original GradCAM GradCAM++ ScoreCAM

AblationCAM  xGradCAM

FIGURE 13. Sample of misclassified other artefacts.

From Figure 13, although some parts are highlighted
by the XAI methods, they are not enough to contribute
to differentiate between colour misalignment and other
artefacts. One plausible explanation for the misclassifications
in Figure 13 and Figure 13,could be due to the fact
that when an image is completely corrupted with colour
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misalignment, the features highlighted by the algorithm for
both classes are quite similar. In such cases, the highlighted
areas by the XAl methods may capture global features shared
across artefacts, rather than discriminative details specific to
colour misalignment. A possible reason for these challenges
could be the similarity in pixel patterns between colour
misalignment artefacts and other artefacts, which makes it
difficult for the XAI methods to clearly delineate between the
two.

From Figure 10 and Figure 11, it is observed that with
Deit-Base-patch-16-224, the most essential regions in the
images are evaluated for classification since the algorithm
uses more parameters. References [34], [35], and [36],
GradCAM outperforms other XAl techniques to depict areas
for enhanced classification. Since GradCAM makes use of
back-propagation weights received from the last prediction
layer, it extracts visualisations for explanations more effi-
ciently. This is because the weights from the last layer often
carries information about essential areas in an image [34].
Therefore, GradCAM is considered as the XAI method that
provides the best results in terms of highlighting the important
features for most of the ViT models as compared to the
other XAI methods used in our study as it better aligns with
the model’s decision-making process compared to the other
techniques explored in the task. GradCAM++-, xGradCAM,
AblationCAM and ScoreCAM struggle to depict how each
of the input features contribute to the prediction done
by the model in our case. These methods may be less
efficient in isolating the features that are most critical for
the classification of colour misalignment artefacts, leading
to less precise and sometimes misleading visualizations. One
constraint of the GradCAM method is that it faces challenges
to localise objects having multiple occurrences in the same
class [34]. Alternative XAl methods such as LIME could
be used which is a model-agnostic interpretation method,
Attention Rollout which is attention-based or TransLRP
which is another gradient-based method could be applied.
LIME generates locally interpretable models to expound the
individual predictions. The attention rollout method describes
the attention flow from the previous layer to the following
layer of the ViT model while with the TransLRP method,
attention scores are merged across the attention graph by
amalgamating relevance and gradient details recursively
aimed at eliminating negative contributions [77]. SHAP
which retrieves the contribution of image pixels using
Shapley values [78] could also be implemented. In the
same way, ViT Shapley could be used as well whereby
Shapley values are made more practical for ViT by utilising
an attention masking mechanism [37].

V. CONCLUSION

From the analysis of the literature, it has been found that there
is a research gap in the detection and classification of colour
misalignment artefact in endoscopic images of the esophagus
in comparison with other artefacts. Moreover, our work can
be considered as an innovative one as the application of ViT
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to detect and classify artefacts in endoscopic images has not
been explored yet. In this work, different pre-trained ViT as
well as CNN models have been fine-tuned and applied using
transfer learning for classifying colour misalignment artefact
in esophagus endoscopic images. XAl techniques also have
been applied to provide insights into the decision process
of the models, hence, increasing interpretability and trust
in deep learning models. Amongst the CNN based models,
InceptionResNetV2 has the best accuracy of 89.37% while
DeiT-Base-patch 16-224 has the best performance with an
accuracy of 93.46% amongst the ViT models. The results
show that CNNs are capable of identifying local patterns in
images with noteworthy performance due to the built-in bias
while ViT models are better for extracting global features.
Moreover, the Multi-Head Self-Attention modules in ViT
improve its ability to emphasise important regions within
images. The ViT model has outperformed CNN due to
the fact that DeiT reduces the requirement for extensive
data for training. Moreover, it is able to depict long-range
relationships between image pixels which is restrained in
CNNs due to the inductive bias. This has been exemplified
by applying XAI methods on the ViT model which make it a
more robust and transparent one.

For future work, more images with artefacts can be
included to have better training and hence, improved
performance. In this way a complete dataset can be available
for research purposes. There are several artefacts that are
introduced during endoscopy of the esophagus. As future
work, both CNN and ViT models should be extended to
other types of artefacts and compared as whether they
are able to classify the other artefacts as well. Currently,
only basic data augmentation techniques in the form of
geometric transformations have been applied to the dataset
for augmentation. GAN, a deep learning data augmentation
technique could as well be used to add diversity to he images
in our dataset. Moreover, the salient regions highlighted by
the XAI methods could be verified by a medical practitioner
in the field to ensure that the regions highlighted correctly
identifies artefacts instead of GI tract diseases. In the same
breath, other ViT models could also be examined such as
SWIN transformer, ViT-Large-patch-16-224 and DeiT-Base-
patch-16-384 to investigate their appropriateness for artefact
detection and classification. Also, other XAI methods could
be applied and the results compared such as LIME, Attention
Rollout, TransLRP as well as SHAP.
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