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Abstract—Wireless Capsule Endoscopy (WCE) is a diagnostic
technology for gastrointestinal tract pathology detection. It has
emerged as an alternative to conventional endoscopy which could
be distressing to the patient. However, the diagnosis process
requires to view and analyze hundreds of frames extracted from
WCE video. This makes the diagnosis tedious. For this purpose,
researches related to the automatic detection of signs of
gastrointestinal diseases have been boosted. In this paper, we
design a pattern recognition system for detecting Multiple
Bleeding Spots (MBS) using WCE video. The proposed system
relies on the Deep Learning approach to accurately recognize
multiple bleeding spots in the gastrointestinal tract. Specifically,
the You Only Look Once (YOLO) Deep Learning models are
explored in this paper, namely, YOLOv3, YOLOv4, YOLOV5
and YOLOvV7. The results of experiments showed that YOLOv7
is the most appropriate model for designing the proposed MBS
detection system. Specifically, the proposed system achieved a
mAP of 0.86, and an loU of 0.8. Moreover, the results of the
detection were enhanced by augmenting the training data to
reach a mAP of 0.883.

Keywords—Wireless Capsule Endoscopy (WCE); Multiple
Bleeding Spots (MBS); Gastrointestinal (GI) disease; deep
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. INTRODUCTION

The digestive system disorders have been a concern for
physicians over years. In fact, millions of people around the
world suffer from gastrointestinal (GI) diseases. Specifically,
among more than 73 thousand participants in a worldwide
study, 40% of them have functional gastrointestinal disorders.
In addition, disorders such as digestive system cancer are
considered fatal and a major cause of mortality according to
2020 United States statistics. Several pathogens can affect the
gastrointestinal tract such as inflammations, infections,
cancers, benign tumors, ulcers, and hemorrhoids. Some of
these pathogens have similar symptoms. Specifically, cancer,
benign tumors, ulcers, and hemorrhoids may yield Multiple
Bleeding Spots (MBS) in the gastrointestinal tract. The latter
symptom consists of a loss of blood in the Gl tract because of
ruptured vessels indicating the presence of an abnormality [1].
These MBS appear as small dark red spots or as small light
spots next to the red dark ones. Fortunately, with the
emergence of new diagnostic techniques, it is possible for
physicians to detect GI abnormalities. Endoscopy is the most
common diagnostic technique for Gl tract. Nevertheless, it is
inconvenient and painful for the patient. In order to alleviate
this inconvenience, Wireless Capsule Endoscopy (WCE)
developed in 2000, emerged as a new diagnostic technique.

The diagnosing process consists of the patient swallowing a
capsule. The latter contains a camera to record the journey of
the capsule internally to the GI tract. Then, the physician
analyses the record to diagnose the patient by looking for
abnormal spots. WCE generates an eight-hour video. In other
words, 60,000 frames need to be visualized by the physician.
However, due to the small size of the lesion region and the
visual fatigue, the disease diagnosis may be missed at an early
stage. In light of this, a diagnostic technology related to image
processing and pattern recognition would help in the rapid and
accurate detection of the disease. Nevertheless, due to the
likeness of the MBS and other intestinal characteristics such as,
bubbles, holes, or small food debris, etc. It is challenging to
extract visual descriptors able to distinguish MBS pattern from
the other ones. It is even more arduous due to the background
clutter. In fact, MBS can occur in all parts of the Gl tract
exhibiting large variety of background in terms of color, and
texture. One way to tackle this problem is through the use of
Deep Learning (DL) models which learn automatically suitable
features.

In this paper, we develop a multiple bleeding spot detection
system for Wireless Capsule Endoscopy (WCE) videos. More
specifically, we design a pattern recognition system based on
deep learning models that are able to detect the bleeding spots
through the GI tract. In particular, deep learning models
adopted for pattern recognition were utilized. These models are
designed to localize and categorize the object of interest. For
this purpose, we employ the You Only Look Once (YOLO)
deep learning approach [2]. In this regard, we propose to
compare different versions of YOLO. These are YOLOv3 [3],
YOLOV4 [4], YOLOV5 [5], and YOLOV7 [6].

Il.  RELATED WORKS

Recent researches have proposed aided-diagnosis systems
for bleeding anomalies within the intestinal tract using WCE
images. They can be categorized into classification-based
approaches, and detection-based approaches. The former
approaches classify the whole WCE frame as including
bleeding spots or not including bleeding spots. Whereas, the
detection approaches not only classify the frame but also
localize the bleeding spots within the frame. Moreover, each of
these two categories bifurcates into conventional and deep
learning approaches according to the machine learning
paradigm that have been adopted. More specifically,
conventional approaches use “engineered” features (also
referred to as hand crafted features). Alternatively, deep
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learning approaches automatically extract the feature while
training the deep learning model.

A. WCE Frame Classification System

1) Conventional approaches: The work in [7] propose to
classify WCE frames into “Bleeding” and “No Bleeding”. For
this purpose, it extracts a hand-crafted feature, namely, the
color moment feature from WCE frames. Then, it is conveyed
to a Support Vector Machine (SVM) [8] classifier. The choice
of the visual feature to be adopted has been made through
empirical  experimentation. In fact, MPEG-7 visual
descriptors, “color moment”, “Discrete Wavelet Transform”,
“Edge Histogram Descriptor”, “Gabor”, and a combination of
“Discrete Wavelet Transform” and “color moment”. Similarly,
the proposed system in [9] extracts hand crafted features.
More specifically, MPEG-7 features [10] are considered.
These are the “color moments”, the “color histogram”, the
“local color moments”, the “Gabor filter”, the “Discrete
Wavelet Transform” (DWT) and the “Local Binary Pattern”
(LBP) features [10]. The extracted features are then conveyed
to a machine learning approach to categorize the frames as
“Bleeding” or “No Bleeding”. This is performed by clustering
each of the training “Bleeding” frames, and the training ‘“No
Bleeding” frames into similar groups using Fuzzy C-Means
(FCM) [11]. As such, in the testing phase, the unknown frame
is compared to the obtained cluster centroids from the training
phase. It is then assigned to class of the closest centroid.

2) Deep learning approaches: The authors in [12] use a
well-known CNN model that won of the ImageNet Large
Scale  Vision  Recognition  Competition  (ILSVRC).
Specifically, it exploits LeNet-5 [13] architecture.
Alternatively, the work in [14] uses deep learning CNN
models for feature extraction. In particular, VGG-19 [15],
ResNet50 [16], and InceptionVV3 [17] are adopted. Similarly,
these are well known CNN models which won the ILSVRC
competition. Nevertheless, inceptionV3 is an evolved version
of InceptionV1 used in GoogleNet displays the architecture of
inceptionVV3. The obtained features from the three considered
models are concatenated. Then, a feature selection is
performed to select the most distinctive features. The selected
features are conveyed to SVM classifier [8] to categorize the
frames as “Bleeding” or “No Bleeding”. The study in [18]
proposed a system to diagnose the abnormalities in the GI.
This study proposed a model which utilizes MobileNet [19].
The latter is a lightweight deep learning model. Specifically, it
uses the independent convolutions for each depth dimension,
then employs 1x1 pointwise convolution to recover the depth.
The output of MobileNet [19] is fed to a custom built
convolutional neural network model. It is constituted of 64
filters with a kernel size of 3x3. The resulting feature map is
passed to a three fully connected layers for classification
purpose. In [20] authors proposed to classify WCE frames as
“Bleeding” and “No Bleeding”. They employ a customized
CNN model architecture. It consists of an eight-layer
convolutional neural network that is composed of three
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convolutional layers (C1-C3), three pooling layers (MP1-
MP3) and two fully connected layers (FC1, FC2). Moreover,
Support Vector Machine (SVM) [8] classifier is utilized
instead of the Softmax layer.

B. Bleeding Detection System

1) Conventional approaches: The study in [21] extracted
color and texture features. These features are used to generate
bag of words using K-means clustering algorithm. Next, the
Expectation Maximization (EM) is employed on the "Bag-of-
Visual-Words" for super-pixel segmentation. From the region
of interest, geometric features like centroid, area, and
eccentricity are extracted and fed to the SVM classifier [8].
The authors in [22] proposed an approach based on statistical
color feature analysis. First, the frame is split into blocks. After
that, dark or light blocks are excluded. Moreover, canny
operator [23] is applied to discard the edges. Furthermore,
Wavelet db2 with soft thresholding [24] is applied to reduce
noise. The Red channel of the RGB color space is exploited to
detect bleeding regions. More specifically, red ratio is
computed for individual pixels. Finally, Support Vector
Machine (SVM) is used to classify WCE frames into bleeding
and non-bleeding classes. Alternatively, the system described
in [25] performs semantic segmentation by classifying the
pixels as a “Bleeding” or “No Bleeding” pixel. This results in
detecting the bleeding pixel within the frame. More
specifically, the proposed system in [26] extracts the Red-
Green-Blue (RGB) color feature [26] and the Gray-Level Co-
occurrence Matrix (GLCM) texture feature [26]. These two
features are combined and fed to Random Tree (RT) [27],
Random Forest (RF) [28], and Logistic Model Tree (LMT)
[29] classifiers.

2) Deep learning approaches: The authors in [30] use
AlexNet [31] CNN model to classify the frames as “Bleeding”,
or “No Bleeding”. This is a well-known CNN model, which is
one of the earliest models that won the ILSVRC run by
ImageNet. Once the bleeding frames are separated, they are
segmented using SegNet [32] in order to detect the “Bleeding”
areas. It is a deep learning model designed for image
segmentation. It is constituted of convolutional stacked auto-
encoder. Similarly, the authors in [33] use U-Net deep learning
segmentation approach to detect “Bleeding” regions in the
small intestines. The model architecture has a “U” shape. The
model down-samples the input image to a small feature map.
Next, it up-samples it. The up-sampling process use skip
connections to benefit from the down-sampling process. In
fact, at each level, the down-sampled feature map is
concatenated to the up-sampled one to generate the next up-
sampled feature map. The work in [34] employs a Cascade
Proposal network to generate region of interest proposals.
These are regions susceptible to include bleeding pattern. The
proposed regions are then fed to the Region Proposal Rejection
(RPR). The latter is a small network consisting of one
convolutional layer, one fully connected layer, and two output
layers. It is used to rank the regions based on a score. Its output

682|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

is fed to a detection module which predicts the bounding box
and the corresponding class. For the testing phase, the unseen
image is provided to both a Salient Region Segmentation
(SRS) and a Multiregional Region Combination (MRC). While
SRS captures the exact location of the regions [34], and MRC
that gains adequate coverage of the concerned region and apply
the SRS to locate region of interest's positions. Moreover,
object boundaries are refined using the Dense Region Fusion
(DRF) approach by checking the density of a specific area
[34].

C. Discussion

As it can be noticed, the related works in [7], [9], [12], [14],
[18], and [20] classify the frames into “Bleeding” and “No
Bleeding”. While the earliest studies in [7] and [9] are based of
extracting “hand crafted” features that are fed to a classifier,
the works in [12], [14], [18], and [20] exploit deep learning
models befitting therefore from the automatic learning of the
features. In fact, using deep learning paradigm alleviates the
problem of selecting the suitable features which is usually
performed through empirical comparison of the features.
Nevertheless, classification approaches do not localize the
bleeding within the frame. Alternatively, the works in [21],
[22], [25], [30], [33], and [34] perform bleeding detection. In
particular, the studies in [21], [22], and [25] utilize “hand
crafted” features. While the work in [21] and [22] splits the
frame into blocks to transform the problem into a set of local
problems and identifies in which block the bleeding occurs, the
work in [25] perform semantic segmentation through pixelwise
classification. The deep learning detection-based approaches in
[30] and [33] are segmentation approaches. In fact, they exploit
well known deep learning segmentation approaches SegNet
and U-Net. Nevertheless, these two approaches are known to
be very slow and not suitable for real world applications [35].
On the other hand, the work in [34] is not employing
segmentation. It learns a bounding box to localize the anomaly.
Specifically, it is based on a customized CNN. Thus, the
adopted model could be fit the considered datasets. Moreover,
it includes several modules, namely, SRS, MRC, RPR, and
detection modules. This is advantageous when compared to
end-to-end model. In fact, the error inducted by one of these
modules affects all other modules. Moreover, the error of the
different modules gets accumulated.

I1l.  PROPOSED APPROACH

Computer aided-diagnosis can lessen the visualization task
and help detecting automatically the MBS. As shown in the
related works investigation, MBS aided diagnosis systems are
based on image processing and machine learning techniques. In
particular, most of the reported works related to detecting MBS
employ segmentation techniques. As a result, “hand crafted”
features for the segmentation task and for the classification task
are required. This can be alleviated by the use of deep learning
approaches designed for object detection. Nonetheless, to the
best of our knowledge, deep learning models have not been
explored for MBS detection. In particular, the end-to-end state
of the art YOLO models were not investigated.

YOLO deep learning detection model outperformed the
other object detection approaches in many pattern recognition
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applications [36], [37]. Moreover, the success of YOLO model
and its applicability to real world applications, yield the
evolution of the model and the publication of different
versions. However, a throughout comparisons of these versions
in terms of performance and efficiency needs to be performed.
In this regard, YOLO model, specifically, its latest versions
YOLOV3 [3], YOLOVA4 [4], YOLOV5 [5], and YOLOV7 [6] are
investigated for detecting MBS in the GI tract. In the
following, we describe the four considered models.

A. YOLOV3 Architecture

YOLO version 3 (YOLOvV3) [3] is an improved version of
YOLO which seeks to enhance the performance through the
use of residual blocks and different scale feature maps. Inspired
by Residual Networks [38] YOLOv3 employs alternatively
3x3 and 1x1 convolutional layers to form a residual unit. This
unit aims at avoiding the vanishing gradient problem faced by
very deep network. YOLOV3 is composed of five residual
block which incorporate a number of residual units. Since a
stride of 2 is used at each residual block, the input is down-
sampled five times. In particular, the last three down-sampled
feature maps are used for the prediction task. Specifically, after
the third residual block, the feature map is down-sampled by
factor 8. It is exploited for small object prediction. On the other
hand, the output of the fourth residual block is down-sampled
by a factor of 16, and it is utilized to generate scale 2 feature
map. The latter is employed for medium object prediction.
Alternatively, big objects, referred to as scale 1 objects, are
predicted using the last residual block for which the feature is
down-sampled by a factor of 32. Furthermore, YOLOvV3
performs feature fusion to benefit from the feature maps at the
different scales. As such, it up-samples scale 1 feature map and
concatenate it with scale 2 feature map. The obtained feature
map is then up-sampled, and concatenate with scale 3 feature
map [38].

B. YOLOv4 Architecture

YOLOvV4 [4] is the fourth version of the YOLO model
family. YOLOv4 model architecture is composed of multiple
sections. Namely, they are the Input, the Backbone, the Neck,
and the Head (dense prediction, and the sparse prediction). The
backbone and the neck sections are responsible for feature
extraction and aggregation, respectively. In particular, the CNN
deep learning model, CSPDarkNet53 [39], is used as a feature
extractor in the backbone section. Alternatively, Spatial
Pyramid Pooling (SPP) and Path Aggregation Network
(PANet) were utilized in the neck section to fuse the features
using Bag of Specials (BoS). Finally, the head which is
responsible for both localizing the object in the image and
classifying it, amounts to YOLOv3 models. It consists of two
stage detectors. The first one is the one stage object detector
and the second one is the one is the two-stage object detector
[4]. Compared to the previous versions of YOLO, YOLOv4
mainly introduced two additional concepts. Bag of Freebies
(BoF) and Bag of Specials (BoS). Bag of freebies are a set of
techniques that alters the training framework or perform data
augmentation. Many techniques can be incorporated for the
purpose of enhancing the model performance without
affecting on the inference cost [10]. Alternatively, BoS are
strategies such as enlarging the receptive field, integrating
features, incorporating attention modules, or post-processing.
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These strategies aim at significantly enhancing the
performance of accuracy at the expense of increasing the
inference cost [4].

C. YOLOV5 Architecture

YOLOV5 [5] is implemented using PyTorch which allows
faster training [40]. As such, YOLOV5 allows rapid detection
with the same accuracy as YOLOv4. Specifically, YOLOV5
has been proved to have higher performance than YOLOv4
under certain circumstances and partly gained confidence in
the computer vision community besides YOLOv4. YOLOvV5
model architecture is similar to YOLOv4 architecture. It
employs CSPDarknet53 [40] for the backbone section as
feature extractor. The latter aims at addressing the gradient in
deep networks and decreases the inference time through the use
of cross-layer connections between the network's front and
back layers. Moreover, it seeks improving the accuracy and
utilizing lightweight model. Furthermore, the SPP module
referring to the Spatial Pyramid Pooling module, performs
maximum pooling with several kernel sizes and then fuses the
features by concatenating them together. Additionally,
YOLOV5 exploits Path Aggregation Network (PANet) in the
neck section as feature aggregator to increase the flow of
information and to enhance the object localization. Besides,
PANet incorporates a Feature Pyramid Network (FPN) [41].
On the other hand, the head is designed in the same way as
YOLOvV3 and YOLOv4. Specifically, it produces three
different scale feature maps. The CSP network in the backbone
is made up from one or more residual units, whereas the CSP
network in the neck is made up of new module called CBL
modules that replace the residual units. The CBL module
consist of Convolution layers, Batch normalization layers, and
Leaky ReLU activation function modules [42]. YOLOv5
introduces a new layer referred to as Focus layer [43]. It takes
the place of the first three layers of YOLOv3. Therefore, it
reduces the GPU requirement and decreases the number of
layers.

D. YOLOv7 Architecture

The most recent YOLO architecture, YOLOV7 [44], is
based on YOLOV4 version. The main modifications consist of
(i) the introduction of the Extended Efficient Layer
Aggregation Network (E-ELAN), (ii) the incorporation of
model scaling component, (iii) the use of planned re-
parameterized convolution, (iv) the employment of auxiliary
head, and (v) the exploration of label assigner mechanism. E-
ELAN is a computational component in YOLOv7 backbone
part. It enhances the prediction performance continuously by
employing “expand, shuffle, merge cardinality”. Alternatively,
the model scaling optimizes the number of layers, the number
of channels, the number of stages in the feature pyramid, and
the resolution of the input image in order to meet the
requirements of various problems. Nevertheless, YOLOv7
introduces a new model scaling paradigm which optimizes the
scaling factors jointly, not independently one from the other.
Similarly, YOLOv7 modifies RepConv by discarding the
identity connection. In fact, it uses RepConvN in order to
prevent the presence of identity connection for re-parametrized
convolution. Moreover, YOLOv7 exploits the Deep
Supervision training technique. More specifically, YOLOv7
uses an auxiliary head in the intermediate layers to guide the
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training. The head responsible for the final prediction is
referred to as lead head. Additionally, to further enhance the
training, YOLOv7 outputs soft labels instead of hard one
referring to the ground truth.

We propose to compare the performance between different
YOLO approaches which are YOLOv3 [3], YOLOv4 [4],
YOLOV5 [5], and YOLOvV7 [6] in recognizing in recognizing
“Bleeding” spots. For this purpose, the considered models need
to be trained. Therefore, each YOLO model is fed with images
indicating the bleeding areas, if any. Specifically, the
coordinates of the bounding boxes surrounding the MBS
patterns are provided as input along with the “Bleeding”
images. They consist of the upper left corner coordinates (X,
Y), the width, and the height of each box. Concerning the
“Non-Bleeding” images, no boundary box is specified. To
determine the best version of YOLO, the considered YOLO
models are evaluated using the test set. Specifically, the
different models are tested in terms of the inference time, MBS
localization and classification. The best performing model is
adopted to build the required system.

IV. EXPERIMENT

Kvasir-Capsule dataset [45] is considered in this project. It
is a dataset of WCE videos collected from clinical
examinations performed at the Department of Medicine,
Beerum Hospital, and Vestre Viken Hospital Trust in Norway.
It consists of 406 “Bleeding” images representing bleeding
spots of different size, color, and texture. In addition, it
includes 34338 “Non-Bleeding” images representing normal
Gl tract frames (without bleeding). According to [46], it is not
recommended to add images without region of interest (“non-
bleeding” images) to the training set. More specifically, “non-
bleeding” images should not exceed more than 10% of the total
number of images in the training set. As such, only 328 non-
bleeding images are first considered. This results in the
distribution reported in Table I, where the images are divided
into 60% for training, 20% for validation, and 20% testing sets.
Nevertheless, in order to get a glimpse of the models’
performance on the real-world, 6000 non-bleeding images are
used in the test set. More specifically, both test sets which are
the test set after omitting most of non-bleeding images (Test 1)
and the test set that containing 6000 background images (Test
2) are assessed.

The available Ground Truth consists of labeling the whole
image as including bleeding or not. Nevertheless, in order to
train YOLO, a different ground truth should be provided. In
fact, the coordinates of the bounding boxes surrounding the
bleeding spots should be fed to model to be trained. As such,
the dataset is labeled using labeling software tool [47]. As a
result, 960 bleeding regions are considered.

TABLE I. DATASET DISTRIBUTION
Testing set Testing set with
Training | Validatio without additional non-
set n set additional non- bleeding
bleeding (Test 1) (Test 2)
Bleeding | 231 75 100 100
Non- | 558 108 86 6000
bleeding
684 |Page
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Two performance measures are considered to evaluate the
performance of YOLOV3 [3], YOLOvV4 [4], YOLOVS5 [5], and
YOLOV7 [6] in terms of recognizing MBS. Specifically, we
considered Intersection over Union (loU) [48] and mean
Average Precision (mAP) [49], since the localization and the
categorization of the object of interest are assessed using these
performance measures. Moreover, Floating Point Operations
per second (FLOP) [50] is also considered to compare the time
efficiency of the considered YOLO models. Fig. 1 shows a
comparison between the performances of the considered
YOLO models on Test 2 in terms of both mAP and loU.

As illustrated in Fig. 1, YOLOv3 performs better than
YOLOv4 and YOLOVS5 in terms of recognition with mAP
equal to 0.828. This is an expected outcome since the
architecture of YOLOv3 consists of residual blocks. One of
them is exploited specifically for small object detections which
concord with the small pattern of the bleeding spots. Moreover,
in terms of loU, YOLOv4 achieves an loU of 0.736 which is
better than 0.589 for YOLOv3 and 0.727 for YOLOV5. In fact,
YOLOv4 is better in localizing bleeding spots since it
incorporates two stage detectors. The first one is called the one
stage object detector and the second one is the two-stage object
detector. Nevertheless, YOLOvV5 exploits path aggregation
network that enhances the model localization ability.
Alternatively, YOLOv7 achieved the highest loU and mAP
equal to 0.8 and 0.86 respectively. This makes YOLOvV7 the
most appropriate model to design the proposed approach.

o
3]
(=]

0.828

o
=«
(=]

0.734
0.736
0.727

0.8

0.589

MAP JelV]

mYOLOv3 YOLOv4 YOLOvS YOLOv7

Fig. 1. Performance comparison of YOLOvV3, YOLOv4, YOLOVS5, and
YOLOV7 in terms of mAP and loU.

Moreover, data augmentation is employed to increase the
size of the training data set conveyed to the best performance
model, namely YOLOvV7 [6] . This is achieved by adding more
images to train the model. These images were created by
flipping and rotating existing training images. The augmented
dataset contains “1056” images. The performance of YOLOv7
without using the augmented data is compared with its
performance when training the model with additional data.
Table Il depicts the performance of YOLOvV7 when including
and excluding data augmentation. As it can be seen, the
augmented dataset improved YOLOV7 performance in terms of
mAP.

Furthermore, we compare YOLOv3 [3], YOLOv4 [4],
YOLOV5 [5] and YOLOV7 [6] in terms of space complexity. It
refers to the space needed to store and train the model. Table
Il shows the space memory for each model. As depicted,
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YOLOV5 requires less space memory due to its optimized
implementation, while YOLOv4 needs more space memory.

TABLE II. PERFORMANCE COMPARISON OF YOLOV7 [6] WHEN USING
DATA AUGMENTATION AND WITHOUT USING IT
mAP loU FLOPs
Test results using | o gaaa 081 188.9G
data augmentation
Test results
without data 0.86 0.8 188.9G
augmentation

TABLE Ill.  PERFORMANCE ANALYSIS IN TERMS OF SPACE COMPLEXITY
Model Space
YS({)(;]?(\)/\% Redmon and  Farhadi, 1235 MB
Il(z(l)_,oyo LO%Z(,:’?kOVSkIy’ Wang, and 4916 MB
El?rIzzgftviscs/Yolovi” feleases i " | 144v8
IIS(I)_,O;YOL\CI\)IS;Q Bochkovskiy, and 142 MB

As illustrated in in Fig. 1, YOLOV7 exceeds the other
models in terms of test result, yet there is no significant
increase in term of time complexity. It is noticeable that
YOLOv4 consumed more time when training the model. On
the other hand, when training YOLOV5 it took the least time,
and that is predictable since YOLOV5 uses less floating-point
operations. Regarding the time considered to train all four
models, Table 1V reports the training and testing times per
image when using Google Collaboratory to train all models.

TABLE IV.  PERFORMANCE ANALYSIS IN TERMS OF TRAINING AND
TESTING TIME COMPLEXITY
Model Training Time () Testing Time (ms)
YOLOv3 Redmon and
Farhadi, “YOLOV3.” 6.5295 0.00026
YOLOv4
Bochkovskiy, Wang, | 23.07 0.00837
and Liao, “YOLOv4.”
YOLOvV5 “Releases *
Ultralytics/Yolov5.” 3.8103 0.00031
YOLOv7 Wang,
Bochkovskiy, and | 11.0554 0.00124
Liao, “YOLOv7.”

V. CONCLUSION AND FUTURE WORKS

The arduousness of MBS diagnosis through the
burdensome visualization of an eight-hour WCE video of the
Gl tract has led to the development of aided-diagnosis system.
They are based on pattern recognition techniques to detect
MBS. In this paper, we proposed to design an aided- diagnosis
for MBS detection from WCE video. It is based on deep
learning pattern recognition model. In particular, different
versions of YOLO model are investigated. Four YOLO models
are trained and tested. The comparison and the analysis of the
obtained results yielded the selection of the most suitable
YOLO model for MBS recognition from WCE videos of the
Gl tract. Namely, YOLOV7 outperformed the other models.

As future works, the proposed system can be implemented
to an applicable and more convenient user-friendly system that
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can be used by physicians. Additionally, the performance of

the

proposed system can be further enhanced by collecting

more WCE data to train the model.
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