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Abstract 

Capsule endoscopy (CE) technology is rapidly advancing due to its easy usability, long battery life, and exceptional image 

quality. The more resolution of CE images, the more time is needed to spend on the detection of a desired content in them. 

To address the issue, a new approach is presented in this paper using the popular YOLO v5 neural network architecture 

to detect the location and label of lesions in two public CE contents. A GPD neural network based on AlexNet is used as 

a rival classifier. The primary goal of this research is to reduce diagnostic time while maintaining accuracy. The results 

show a 6% increase in detection accuracy over the well-tailored rival. This is a significant achievement that could have a 

positive impact on the diagnosis and treatment of various medical domains. Interestingly, YOLO shows 58% more time-

efficiency with an average prediction time of 5.39 milliseconds per frame. The scalability of YOLO is also analysed over 

Kvasir. The results indicate, while a workload is increased in 324 magnitudes, its accuracy is boosted more than 1% and 

it is only slower a 6.95 times graceful degradation, proving YOLO's real-time applicability. Implementations and 

supplementary data are available on GitHub. 

 

 

 

Keywords 

Gastroenterology, Capsule endoscopy, YOLO, GPD. 

 

 

1. Introduction 

Gastroenterology is covering vast diseases in many 

organs, that just one of them is stomach disease, which 

eventually leads to stomach cancer, and it is the second 

most common cause of death in the world [1]. 

Capsule endoscopy (CE) is a leading technology in the 

field that has proven its functionality in polyp detection 

for some related organs [1] [2]. While the CE usage is 

increasing, reducing the overall time of diagnostic is more 

concerned [3]. 
Although different methods can be used, deep learning 

and neural networks have been developed to increase the 

accuracy and reduce the response time. Many deep 

architectures such as AlexNet [4], SqueezeNet [5], Resnet 

[6] etc. have been applied, but there is no consensus on a 

single algorithm type. 

As an off-the-shelf software package, YOLO is a CNN 

that is the most widely used algorithm for object detection 

and classification. For the first time in 2015, Redmon et 

al [7] introduced the first version of it. The main benefit 

of YOLO is its impressive response time while the 

classification accuracy is intact or reduced within a 

tolerable range. That makes YOLO a favourable 

technique for real-time jobs in video and image 

processing. In addition, there are many versions around its 

main architecture [8]. 

In this paper, we present how YOLO v5 [7] is adapted to 

detect, location and the type (classify) of any lesions on 

public access CE contents. The main concern of this 

research was to reduce the overall time of diagnostic while 

the accuracy remains intact. However, in some test cases 

our results show significantly improve in its accuracy 

measures. The CE contents that serves us is located in [9]. 

The article is structured as follows: Section 2 illustrates 

material and method descriptions, Section 3 presents 

results of the new method, Section 4 covers our discussion 

about the whole process. 

 

1.1. Previous works 

Many technologies are applying to shorten reading CE 

images such as QuickView [10], Omni Mode [11] and 

Express View (EV) [12] by omitting similar images. EV 

as a best choice compresses CE contents about 95% so its 

processed frame rate is boosting and 70 minutes of initial 

https://tjee.tabrizu.ac.ir/article_18079.html?lang=en
https://arxiv.org/abs/1602.07360
https://arxiv.org/abs/1602.07360
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image sequence are compressed to 13 minutes of content. 

But a focused human operator for a couple of minutes is 

still needed.  

Detaction techniques of the type and location of any 

lesions have made significant progress, during the past 

twenty years. They fall into one of two categories 

regarding the time of conducted research: before 2014 or 

after 2014. The former, that is known as the “traditional 

object detection”, and the later which is bloomed by 

outperforming “deep learning” techniques. The timeline 

of the development of object detection methods is shown 

in Fig. 1.  

 

 

Fig. 1.  The timeline of the development of object 

detection methods 

 

In Fig. 1 the time line of object detection development can 

be seen. Significant detectors in this the time line are VJ 

Det. [13], HOG Det. [14], DPM [15], RCNN [16], 

SPPNet [17], Fast RCNN [18], Faster RCNN [19], YOLO 

[20], SSD [21], Pyramid Networks [22], Retina-Net [23]. 

As our research is the usage of YOLO over CE contents, 

and it is a deep learning-based algorithm, so we try to pin 

point its architecture and specifications regarding to the 

other rival algorithms.   

 

1.2. Deep learning-based detection 

Deep learning approach, have made significant progress 

in the field of medicine, diagnosis and classification of 

diseases since the first usages of neural network algorithm 

that was introduced by Szegedy et al [24]. 

A typical neural network consists of some different layers, 

which will be reviewed below [25] for each definition of 

the layer some usage examples are referenced: 

I-Convolutional Layer: In a neural network architecture, 

the most important part is the convolution layer, which 

consists of many filters (kernels) and they receive the 

input image. Using them, convolutions of image are 

created that each of them is referred to as a feature map 

[2] [26]. 

II-Pooling Layer: This layer has the role of reducing 

feature maps, which produces smaller feature maps, 

regarding a pooling operation over a region of a filter [26] 

[27]. 

III-Activation Function: All activation functions perform 

input to output mapping [26]. 

IV-Fully Connected Layer: In this layer, each neuron is 

connected to all the neurons of the previous layer, and this 

is why it is called fully connected, and usually the layer is 

placed at the end of the neural network [28]. 

V-Loss Function: It computes dissimilarity between 

ground truth of the input and the predicted label of a 

neural network. There are many loss functions. Using 

them, weights of a neural network are adjusted. So, two 

parameters are needed for the approximation of the error: 

the actual labels, and the predicted output of the neural 

network [29].  
Two different CNN architectures for image classification 

that play a major role in this paper is illustrated in Fig. 3 

and 4. It seems that deep learning techniques are shared 

many similarities together, at first glance, but they are 

categorized based on their architectures that made them 

suitable for some usages. In general, they are divided into 

two following types [30]: 

●     Two-stage detection 

●     One-stage detection 

 

1.3. Two-stage detection 

For this type of neural networks, some object proposals 

are extracted first (for example by a deformable templates) 

and then each one is rescaled by selective search and fed 

into a CNN model. At the end, a complex classifier (such 

as: SVM) is used for detection of the object categories 

[30].  

The architecture is a well-tailored approach for a specific 

problem. Due to this adaptation, boosting in many 

measures such as prediction accuracy and response time 

is expected. Some more examples of it can be found in 

[16], [5] and [2]. They are examples of the method. In a 

brief review [16] uses CNN with high capacity and 

selective search to detect objects and then the features are 

independently extracted for classification, while [5] 

presents a CNN architecture that has 50× fewer 

parameters than AlexNet. In addition [2] performs 

detection and classification using AlexNet [4] and 

SqueezeNet [5] architectures and using hyper-parameters 

such as L2 Regularization, step decay, and Gaussian 

Noise. 

AlexNet was the first major CNN model that used GPUs 

for training  and AlexNet showed that using ReLU 

nonlinearity, deep CNNs could be trained much faster 

than using the saturating activation functions like tanh or 

sigmoid. However, it also has significant disadvantages 

such as requires a lot of memory and AlexNet is prone to 

overfitting, which can be a problem when training on 

smaller datasets. 

This neural network consists of 11 layers, which are 

composed of 5 convolutional layers, 3 fully connected 

layers, and 3 pooling layers [31]. 

YOLO is a real-time object detection algorithm that is 

extremely fast and can process images at 45 frames per 

second but its struggles with small objects within the 

image. 
1.4. One-stage detection 

The method is unification of the following two stages 

together. They are namely the bounding box regression, 

and the object classification. Regardless of any region 

proposals, regression of bounding boxes is performed. 

As examples of this category, SSD (2016) [21], 

RetinaNet(2017) [23], and YoloV4(2020) [32] can be 

pointed out. The SSD Method is a fast-one-time object 

detector for multiple classes that uses multi-scale 

convolutional bounding box outputs attached to multiple 

feature maps at the top of the network. The RetinaNet 

Method is a one-stage object detection model that utilizes 

a focal loss function that reshaping the standard cross 

https://www.datacamp.com/blog/yolo-object-detection-explained
https://www.datacamp.com/blog/yolo-object-detection-explained
https://www.datacamp.com/blog/yolo-object-detection-explained
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entropy loss such that it down-weights the loss assigned 

to well-classified examples. You Only Look Once 

(YOLO) was the first one-stage detector in deep learning 

era that is presented first by [20] and revised many times 

[7]. YOLO algorithm is a very fast one compared to the 

other methods. This network divides the image into 

regions and predicts bounding boxes and probabilities for 

each region simultaneously. The architecture of the 

network is shown in Fig. 3. 

 

1.5. YOLO architecture in general 

YOLO (you only look once) is an algorithm that is 

presented first in [20] for real-time object detection. 

YOLO implementation has been evolved during the time 

for various purposes and platforms. They are referred 

under the name of YOLO versions [7] [8]. 
The algorithm uses only one forward propagation. YOLO 

useful in various fields, including diagnosing diseases, 

cars, animals, etc.  The following are the most important 

reasons for the popularity of this algorithm:   

Speed: The reason for the high speed of the algorithm is 

that it omits complex pipeline and detects frame as a 

regression problem [20]. 

Accuracy: As the algorithm considers the entire image at 

once, instead of a specific region it has minimal 

background errors [20]. 

YOLO algorithm uses the following two techniques to 

detect objects: 

1-Bounding box regression: The bounding box is a 

rectangular shape that defines the location of the object in 

any input image or frame. Every bounding box in the 

image consists of the following attributes: Width (i.e. bw), 

Height (i.e. bh), Class (for example: lesion types, person, 

car, traffic light, etc.), Bounding box centre (i.e. bx, by) 

2-Intersection Over Union (IOU): IOU is a term used to 

describe the extent to which two boxes overlap. The 

greater the overlap area, the greater the IOU. In the object 

recognition process, the overlap between the predicted 

box and the correct box of the object is calculated. The 

concept is illustrated in Fig. 2. 

 
Fig. 2. Intersection Over Union (IOU) in YOLO 

 

Yolo architecture is shown in Fig. 3, It consists of three 

parts: (1) Backbone: CSPDarknet, (2) Neck: PANet, and 

(3) Head. The data are first input to CSPDarknet for 

feature extraction, and then fed into PANet for feature 

fusion. Finally, Yolo Layer outputs detection results 

(class, score, location, size). 

 
Fig. 3. It shows the architecture of YOLO and its three 

different parts.  

 

Fig. 4 shows the architecture of GPDNet [2]. Its basic 

network is Alex’s CIFAR-10 [33]. In order to reduce its 

parameters and improve its accuracy, some fire modules 

from SqueezeNet [7] has been applied instead of multiple 

convolution layers. 

As it is fully explained in [2], the fire module is a single 

convolution layer with a single 1x1 filter fed into an 

extended layer that has a combination of 1x1 and 3x3 

convolutional filters. Using implementation of this idea, 

[2] achieves a 50X reduction in model size. 

To avoid the vanishing gradient problem, GPD has been 

used RELU as its activation function. In addition, for 

reducing overfitting L2 regularization has been applied to 

penalizing big weights that is also known as weight decay. 

Learning Rate (LR) optimization methods reduces the 

learning rate per epoch to increase the model’s accuracy. 

Finally, for GPD data augmentation, a zero-centred 

Gaussian noise before dense layer is applied. 

As mentioned above, following methods have been used 

for tuning GPD’s hyper-parameters: 
●    L2 regularization  

●    Learning Rate (LR) optimization  

●    Gaussian noise  

●    RELU function [34] 

 

 
Fig. 4. The architecture of GPDNet [2] is illustrated in 

here. 

 

2. Method 

Using YOLO and GPD algorithms, numerical models of 

the training data are learned. the learned model of YOLO 
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is optimized by TensorRT. Then, all samples of a test 

dataset are presented to each algorithm separately. Asking 

the label of any unseen sample from any algorithm, a 

prediction process is performed.  

In the first subsection, we present the definition of training 

parameters and our recommended settings. The next 

subsection is dedicated to the specifications of datasets. 

To compare the outputs, two perspectives are considered: 

model quality, and time. The corresponding subsections 

define them and present the results for YOLO and GPD. 

Also, scalability of YOLO has a separated subsection. 

In order to have a fare comparison between the two 

methods, all the experiments and training tasks are 

conducted over Google Colaboratory framework with the 

same following conditions for the both rivals. OS: Win10; 

GPU: Tesla k80; CPU: Intel(R) Core (TM) i7-7700 K 

CPU @ 4.20 GHz. The experimental platform was 

developed based on Python programming language. The 

implementations of these two algorithms, and the datasets, 

pre-processed images, and some related supplementary 

data are accessible via the following public access of 

GitHub link [9]. 

 

2.1. Training parameters 

We applied YOLO v5 algorithm in order to classify any 

gastric lesions in this study. Such as any other algorithms 

in the field of machine learning, some hyper-parameters 

should be set up first for the algorithm. To understand 

some important of these parameters the following 

formulas are helpful. 

Regarding (f), as a neural network that contains (N) 

parameters 𝜽 = (𝜃1, … , 𝜃𝑁)  and maps its input (x) to 

output (𝑦̂) formula (1) is formed: 

( );y f x =                                                                             (1) 

Supposing a desired targeted output (y), a loss function is 

defined such as formula (2): 

( );L y y                                                                             (2) 

The loss function measures dissimilarity between (y) and 

(𝑦̂). It can be selected among a set of different functions 

such as: mean absolute error (MAE), mean squared error 

(MSE), binary cross entropy, and etc. [35]. 

To avoid updating of the parameters (𝜽) repeatedly, a 

batch of (m) inputs is considered. Thus, another loss 

function is calculated regarding to the batch size (m) of 

inputs, via formula (3): 

( ) ( )
1

1
;

m

i i

i

J L y y
m


=

=                                                                   (3) 

From here on, we mentioned it as the loss function. 

Finding the best network parameters, a minimization 

problem is considered over the loss function. So, its 

gradient function is calculated by (4): 

( )
( ) ( )

1

,...,
N

J J
J

 


 

  
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                                                  (4) 

Updating the network parameters, different algorithms 

can be selected. Stochastic Gradient Descent with 

momentum (SGDM) [36] is the algorithm that serves us 

here. Its updating process is described by the set of 

formula (5) 

( )1

1 1

t t t

t t k t

v v J

v

 
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+

+ +

= −

= −
                                                       (5) 

In (5), (t) is the step of operations, the current network 

parameters is (𝜽𝑡), its next updated parameters is (𝜽𝑡+1). 

(𝑣𝑡) is the current momentum value and (𝛼𝑘) is the current 

learning rate. So, for their first round, constant values are 

used. ( 𝜌 ) is the friction constant. Suppose them as 

quantities from [0,1] interval. Updating the current 

learning rate (𝛼𝑘), different method can be applied; in this 

study LR liner is used [36]. 

The values of the most important parameters for the 

YOLO algorithm, are presented in Table I. Those 

parameters that are not pointed out in the table remain 

intact as their default values suggest for YOLO v5. 

 

Table I. It shows our setting for YOLO hyper-

parameters in brief. 

# Parameter Value/State 

   

1 Initial learning rate 0.01 

2 Final One Cycle LR learning 

rate(lr0*lrf) 

0.1 

3 SGD momentum 0.937 

4 Optimizer weight decay 0.0005 

5 Batch size 1025 

6  Epochs 100 

7 Drop out Not Used 

8 Optimizer SGD 

 

2.2. Dataset description 

Two different public access image datasets of the gastric 

precancerous disease are applied to this experiment. The 

first one is from Sir Run Shaw Hospital that is originally 

published in [33] and accessible in [9]; hear after we call 

it Dataset1. The second one is Kvasir [37]. The type of 

each image in the both datasets are labelled by expert 

doctors. The total images in Dataset1 are increased by 

cropping, rotation and other image pre-processing 

methods to facilitate machine learning. Table II shows the 

above information in brief. 

The original size of the images in Dataset1 is 560x475 

pixels. Considering previous researches [2] around GPD 

(the rival of YOLO), it performs classification with a good 

accuracy for Dataset1, but for localized and downsized 

images. Moreover, issues such as run-time limitation of 

Google Colaboratory, and GPD non-small training time, 

makes us to reduce images into 32x32 in a set of 

experiments. 
To analyses YOLO scalability, Kvasir dataset is applied. 

As it consists of the images with different resolution from 

720x576 up to 1920x1072 . 
The images in the Kvasir dataset have been pre-processed. 

However, to enable comparison with dataset 1, all of its 

images are resized to 576x576 and three incommon 

classes are just selected: Erosion, Polyps, and Ulcer from 

all the classes in the Kvasir dataset. The number of 

samples within each class is 1000. Thus, the total number 

of samples is 3000, and the sample increasing pre-process 

is not performed. 

Figure 5 presents a selection of sample images from the 

Kvasir database, classified into three distinct categories: 

Erosion, Polyp, and Ulcer. 
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Fig. 5. Shows some samples of Kvasir dataset: (a) Polyp 

class, (b) Ulcer class, and (c) Erosion class 

 

Table II. There are three labels for any given image on 

Dataset 1 that the first column shows. The second 

column presents the initial number of images within any 

labels. The third one illustrates a pre-processed number 

of images. 

Labels No. of Original 

images 

No. of Pre-

Processed 

images 

   

Erosion 388 1209 

Polyps 467 1216 

Ulcer 467 1242 

Total 1331 3667 

 

2.3. Train and test datasets 

To divide the datasets into tests and trains randomly, we 

use k-fold (k=5) cross-validation in Scikit-learn [38]. The 

basic idea behind k-fold cross-validation is to divide the 

data into k subsets of equal size. Then, one of the k subsets 

is used as the test set and the remaining k-1 subsets are 

used as the training set. 

To do so, the training dataset percentage is set to 70 

percent, while the testing and validation together is 30 

percent. All images are accessible via [9]. The datasets 

comprise three classes, which the number of samples in 

tests, trains, and validations are described in the following 

tables. Table III describes the situation for Dataset1. 

 

Table III. The specifications of train and test datasets 

are described below for Dataset1. 

Labels Train Test Validation 

    

Erosion 889 176 144 

Polyps 868 189 159 

Ulcer 891 186 165 

Total 2648 551 468 

 

 

Table IV explains the distribution of samples for Kvasir 

within the different class labels regarding its training, 

testing, and validation. There are more than three classes 

in Kvasir, the same class labels of Database1 are selected. 

The total number of samples for each class label is 1000.  
 

 

Table IV. The train and test datasets specifications are 

illustrated in below for Kvasir dataset. 

Labels Train Test Validation 

    

Erosion 700 150 150 

Polyps 700 150 150 

Ulcer 700 150 150 

Total 2100 450 450 

 

3. Results 

3.1. Model quality 

Using many different quantitative measures, the quality of 

learned models, by the two rival algorithms can be 

evaluated. The most popular one is the predicted accuracy 

that is calculated by the following equation: 

TP TN
accuracy

TP TN FP FN

+
=

+ + +
                                            (6) 

In formula 6, TP, TN, FP, and FN are true positive, true 

negative, false positive and false negative of a classified 

label respectively. To define them, a confusion matrix is 

needed that illustrates the results of any algorithm over a 

test dataset. Table V, presents the confusion matrix for the 

GPD model, while Table VI is belonging to YOLO results. 

The both tables describes results for Dataset1. 

 

Table V. The confusion matrix of the GPD model is 

presented on Dataset1 [2]. The first column from the left 

shows their true labels, while other columns show 

classified results regarding their labels. 

True 

Labels 

Erosion Polyps Ulcer 

    

Erosion 167 8 1 

Polyps 3 159 27 

Ulcer 3 41 142 

 

The datasets comprise three number of classes that are 

namely: Erosion, Polyp, and Ulcer. Therefore, a 

classification task over the data, leads into three separate 

accuracy measures for each class and in average. 

The GPD method, is just a classifier. Therefore, its results 

are three different accuracy measures as there are three 

class labels. But, YOLO is a detector algorithm [7], so it 

tentatively looks for any possible object location first, 

then that image portion is assigned to a class label. In this 

way, the detection process makes the result to be resided 

in four classes domain. In other words, a non-detected 

label can be outputted in addition to the previous classes. 

Table VII, illustrates the accuracy of each class separately, 

that can be calculated out of Table V and VI. 

Generally, a classification task in a higher dimension, 

results in a fainter quality of the model, as its FP and FN 

cover larger class labels. Due to this issue, we were not 

expecting to have a good model quality out of YOLO at 

all. Looking to Table VII, the best result among the three 

primary classes (Erosion, Polyp, and Ulcer) of the dataset 

belongs to the GPD method over Erosion label. 

Meanwhile, the best average accuracy over three classes 

is belong to YOLO.  
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Table VI. The YOLO confusion matrix on the same 

Dataset1 [2]. The raw results of the classification task 

are described in the table. The first column from the left 

illustrates their true labels. The last column shows those 

images that are not classified; the other columns present 

the classified results regarding their labels. 

True 

Labels 

Erosion Polyps Ulcer None 

     

Erosion 168 3 4 0 

Polyps 6 170 4 3 

Ulcer 5 5 175 1 

None 0 0 0 0 

 

Table VII. It shows the achieved accuracy within each 

class label from the two rival algorithms for Dataset1. 

The table covers four classes, as the dataset contains 

three primary classes (Erosion, Polyp, and Ulcer) plus a 

non- detected class (Non) to its results. The average of 

accuracies in the three primary classes are calculate as 

the last row of the table. 

Labels GPD YOLO 

   

Erosion 0.9727 0.9669 

Polyps 0.8566 0.9613 

Ulcer 0.8693 0.9650 

None - 0.9926 

Avg. (Three 

Classes)  

0.8995 0.9644 

 

Considering average accuracies for three classes, the GPD 

model reaches 89.95% and YOLO achieves 96.44%. It 

means more than 6% improvement. Fortunately, despite 

of our initial expectations, the model quality of YOLO in 

sense of average accuracy is better than what GPD 

achieved.  

3.2. Time 

There are two separate time factors for a neural network 

algorithm: training time, and prediction time. The former 

issue refers to the consumed time that takes an algorithm 

achieves its model. The latter one describes the amount of 

time that is used by any algorithm to judge about an input 

image.  

The training time is not our main concern, as it impacts 

the algorithms just once in their training phase. In contrast, 

a slight improvement in the prediction time, leads into a 

more efficient and responsive system. Directly talking, 

the prediction time for an algorithm is important factor 

and the shorter one is the better.  

To be real time, for any incoming frame, the prediction 

time should be in the scale of milliseconds. Additionally, 

the time factor is not a fix value for any incoming images. 

To be meaningful, the total prediction time or the average 

of it, should be calculated over a set of frames 

The total prediction time of the GPD algorithm is 7.09 

seconds, while it is 2.97 seconds, for YOLO. Comparing 

together, YOLO shows 58 % increase in time efficiency. 

Which it means, GPD takes twice as much time as YOLO 

to predict an incoming image. 
Considering, the total 551 images of the test set, and the 

total prediction time of any algorithm, the average 

prediction time can be calculated. Thus, GPD average 

prediction time is 12.86 milliseconds, while this factor for 

YOLO is 5.39 milliseconds. Although the average 

prediction time is impressive, in our experience for the 

content of Dataset1, YOLO achieved 45 frames per 

second (FPS). 
To explore the research further, the YOLO method is also 

compared with the SqueezeNet which is based on the idea 

of the GPD method. As a real-time object detector with 

high accuracy is required, SqueezeNet is not mentioned 

compared to YOLO. 

 

3.3. YOLO scalability 

To study scalability of YOLO over Gastroenterology data, 

it should be understood how its performance varies with 

the image size. Investigating the effects of an escalation 

in the size of input images, Kvasir [37] public access 

dataset is used. The analysis is performed based on the 

same perspectives that are model quality, and time. 

The model quality and time are explored for the images of 

Kvasir that are normalized to 576x576. Reminding 

Dataset1, that its contents are pre-processed to 32x32, the 

amount of pixels for each image of Kvasir presents 324 

times larger workload than the other dataset. Table VIII 

reports the confusion matrix of YOLO for Kvasir. 

Compare to the results of YOLO for 32x32 in Dataset1 

(Table VI), it appears that scaling up the inputs makes 

YOLO to be able to detect the labels better. Focusing on 

not-detected labels (None), there is no sample in Kvasir 

to make YOLO stray in classification. 

 

Table VIII. The confusion matrix of the YOLO model is 

presented. The results of the classification task on gastric 

precancerous disease of Kvasir are described in the 

table.  

 

True 

Labels 

Erosion Polyps Ulcer None 

     

Erosion 150 0 0 0 

Polyps 1 144 5 0 

Ulcer 1 7 142 0 

None 0 0 0 0 

 
 

 
Fig. 6. The YOLO average accuracy (i.e. model 

qualities), for the different input sizes. The light gray 

bars are related to images with a resolution of 32x32 

from Database1, while the darker bars belong to Kvasir 

and their contents are resized to 576x576. The left 

cluster of bars belongs to the results of three labels of the 

classification, and the right ones show the results of four 

labels. 

 



Tabriz Journal of Electrical Engineering (TJEE), vol. 55, no. 1, 2025                                                                                                            Serial no. 111 

89 

 

Fig. 6. Presents model qualities. Light-grey bars illustrate 

the results for Dataset1 while its input images are 32x32. 

Dark-grey ones, show the results for Kvasir and the input 

images are 576x576. Fig. 6. shows average accuracies of 

YOLO based on the different input contents. As it 

mentioned before in the text, the average accuracy can be 

calculated for 3-classes (i.e. Erosion, Polyp, and Ulcer) or 

4-classes version (i.e. Erosion, Polyp, Ulcer and None). 

The results for 3-classes and 4-classes are arranged in two 

different clusters of bars. The more resolution of inputs, 

the better model qualities are achieved. 

Comparing the average prediction time of YOLO in 

milliseconds shows that the result of 576x576 is 6.95 

times worse than that of 32x32. Linearly speaking, it is a 

graceful degradation, while YOLO experiences 324 more 

significant workloads. 

 

4. Conclusion 

This article details the modifications made to a YOLO v5 

algorithm to accurately detect lesions in publicly available 

CE content with shorter diagnostic times. The study 

resulted in a 6% improvement in detection accuracy 

compared to its rival, and a 58% increase in time 

efficiency, with YOLO processing at 5.39 milliseconds 

per frame for Dataset1. The scalability of YOLO was also 

examined on the Kvasir dataset, with its larger workload 

and normalized image sizes. Despite the increased 

demand in 324 magnitudes, the YOLO algorithm only 

experienced a 6.95 times graceful degradation, achieving 

an average prediction time of 37.5 milliseconds and real-

time domain processing. Higher input resolutions resulted 

in better accuracy, with supporting data and 

implementation available on GitHub [9]. 

The research proposes the use of the YOLO method, 

which is a real-time object detector, instead of 

classification methods. The YOLO method can identify 

polyps that do not belong to any specific category and this 

allows specialist physicians to examine them with greater 

accuracy and provide better care to their patients. 

The method can detect polyps instantly and with higher 

accuracy, which can speed up the disease diagnosis 

process and have a significant impact on the treatment of 

diseases and provide better care to patients. 
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