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Abstract: Automatic detection of Wireless Endoscopic Images can avoid dangerous possible diseases
such as cancers. Therefore, a number of articles have been published on different methods to enhance
the speed of detection and accuracy. We also present a custom version of the YOLOv4-tiny for Wireless
Endoscopic Image detection and localization that uses a You Only Look Once (YOLO) version to
enhance the model accuracy. We modified the YOLOv4-tiny model by replacing the CSPDarknet-53-
tiny backbone structure with the Inception-ResNet-A block to enhance the accuracy of the original
YOLOv4-tiny. In addition, we implemented a new custom data augmentation method to enhance the
data quality, even for small datasets. We focused on maintaining the color of medical images because
the sensitivity of medical images can affect the efficiency of the model. Experimental results showed
that our proposed method obtains 99.4% training accuracy; compared with the previous models, this
is more than a 1.2% increase. An original model used for both detection and the segmentation of
medical images may cause a high error rate. In contrast, our proposed model could eliminate the
error rate of the detection and localization of disease areas from wireless endoscopic images.

Keywords: wireless capsule endoscopy (WCE); polyp; classification; neural networks; localization

1. Introduction

The importance of the early detection and diagnosis of dangerous diseases has risen
sharply in medical healthcare and, simultaneously, AI-based diagnostic systems have had
a tremendous positive impact on the real-time detection and localization of disease areas.
Among several reliable methods, Computer Vision (CV) techniques have also become
common in real-time detection. Gastrointestinal cancer is very dangerous and common
among patients, and early detection of the cancer using a high-quality, reliable AI-based
model is crucial. Learning of Wireless Endoscopic Images allows detection of even small
diseases to avoid dangerous effects. Most studies are related to computer vision-based
diagnostic tools for the detection of tumors, polyps [1], malignancy [2], and ulcers [3].
Polyps are particularly difficult to detect [1,4], since they are smaller than 10 mm and have
been shown to be most missed during diagnosis [5]. There is a high demand for endoscopic
examination and it requires both equipment and qualified experts for diagnostic analysis
for early detection, which may result in a better understanding of cancer screening and
reduce deaths due to cancer. Over the past few years, new methods for reducing human
error have been developed [6].

Some of the more recent research has already achieved high-quality results for both the
real-time endoscopic detection and classification of cancer using several techniques, such as
machine learning (ML) [7] techniques, used in wireless capsule endoscopy (WCE). Further-
more, pixel-based models, such as bleeding-detection models, have also been effectively
used in the GI tract [8]. Deep learning is becoming widely recognized as a powerful tech-
nique and several deep learning methods [9,10] have been developed, such as AlexNet [11]
and VGG16 [12] for detecting bleeding regions, GoogleNet [13] for polyp classification,
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and Inceptionv4 [14] for polyp localization. Several image-segmentation models have
also been developed for polyp segmentation [15] and pancreas segmentation [16]. The
U-Net network, with a typical encoder and decoder, was the main model used in medical
image segmentation. UNet++ [17] was developed by adding an extra layer to reduce the
number of features, which resulted in improved disease segmentation. With the increasing
significance of polyp classification, ResUNet++ [18] was developed as a U-Net-shaped
network with a residual block.

Recently, hybrid models have emerged as a promising method for the detection and
classification of tumors. These models include not only the localization of abnormal areas,
but also the detection of bleeding, lesions, and polyps. Techniques based on computer vision
and deep learning, such as Grad-Cam++ [19] and custom SegNet [20], have achieved good
results by using a convolutional neural network (CNN) classifier before the segmentation
of the disease area.

In this study, we developed a new custom object detection model, which is a modified
version of the YOLOv4-tiny model, where the Inception-ResNet-A block replaced the
backbone architecture of the YOLOv4-tiny, is replaced with a new block network for high-
accuracy disease classification and disease detection. In addition, since we used the small
open-source KVASIR [21] dataset, we applied efficient data augmentation operations to
enhance the dataset.

2. Related Work

Existing research on medical image analysis, particularly wireless endoscopic image
analysis, is widely used for the detection of bleeding [10], polyp [1,22], malignancy [2],
ulcers [23], and gastrointestinal tumors [24]. Color-based augmentation plays a crucial role
in converting RGB images [10]. Shape and texture analyses show different performances
for different disease classes, such as polyps, ulcers, and tumors. Wavelet transform [25],
and a bag of visual words [26] are examples of new approaches that use various types of
data features. Several threshold-based image classification techniques using ML algorithms
have been developed [13,14,27]. Deep sparse SVM (DSSVM) [28] has been developed for
identifying abnormal frames. The DSSVM is trained on color and texture features extracted
from image super-pixels. Recently, deep learning has greatly improved medical diagnosis,
with the most commonly used CNN models, such as AlexNet [11], Google Net [13], and
VGG16 [12], used for wireless endoscopic image analysis for the early detection of endo-
scopic diseases. Deep learning techniques for automatic detection of intestinal bleeding
from capsule endoscopy images [10] used the SegNet [13] architecture for the segmentation
of the disease area in endoscopic images, particularly the bleeding area. The model could
detect only a single class, bleeding, from endoscopic images; it scored above 90% accuracy
in segmenting areas of bleeding in endoscopic images. Another related study developed
a method for the automatic detection of bowel diseases in endoscopy images [7]. This
method was divided into two main categories, detection and classification, for diagnosing
gastrointestinal bleeding, polyps, and tumors. Feature extraction techniques, such as the
Laplacian of Gaussian, were used for detection, and multilayer perceptron based on back-
propagation was used for classification. This method performed well with a multilayer
perceptron neural network with no prior knowledge of the statistical distribution. For
practical implementation, the goal should have been to collect a more accurate dataset to
obtain a high-performance score. A CNN model [22] was developed for polyp recognition
from endoscopy images. This model used a stacked auto-encoder with an image manifold
constraint to recognize polyps. Furthermore, they tried asymmetrical and unsupervised
learning techniques for learning image features automatically; however, the model had
low performance because of overfitting. A similar work [27] developed an enhanced
CNN-based gaze estimation model for wireless capsule endoscopy images, in which an
auto-encoder CNN model predicted visual saliency map estimation; this reconstructed
model efficiently detected Gaza patterns.
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Diagnosis from medical images has always been a difficult task because it requires
detection, localization, classification, and other related tasks. While using wireless endo-
scopic images, a hybrid model was used to obtain accurate results in the early detection
of polyps that could cause cancer, and in the classification of gastrointestinal diseases. A
CNN model for the real-time detection of early esophageal neoplasia [24] was developed
using Inception-ResNetv2 for feature extraction and YOLOv2 [29] for lesion detection. Be-
tween 2016 and 2018, electronic endoscopy was used to collect 916 images from 30 patients.
The model identified 24 of the 26 patients as having dysplasia with 92.3% accuracy; how-
ever, it was not tested on other real endoscopic images and showed low performance in
real-time multi-detection of the disease. ResUNet++ was applied successfully in polyp
segmentation [30], and conditional random field (a class of statistical models) and test-time
augmentation [18]. Deep learning architecture has achieved high performance in wireless
endoscopic image analysis. The main goal of these models is related to the segmentation
of the polyp area. They used cross-date testing techniques to determine the capacity of
the model. Furthermore, these models easily handle small, medium, and large polyps.
Performance accuracy is greater than 93%. Several limitations are associated with the
segmentation of polyps, such as bowel qualification and camera angle. Recently, deep
networks have also been used for medical image detection and localization in endoscopy
images [31], which is a hybrid model that solves both the detection and localization of
abnormal images while also providing the disease-segmented area. They used two custom
models: SegNet [13] and Grad-CAM++ [19]. The model dataset consisted of 1025 wireless
endoscopic images of KID [28] and the KVASIR dataset [21]. As the model is quite similar
to our proposed method, except for the model structure and the CNN model architecture,
our model provides classification and localization rather than segmentation of fixtures.

3. Dataset

The initial version of the KVASIR dataset [21] consists of a total of 4000 images with
eight classes, of which the first three classes are normal images (Figure 1) and the other five
classes are abnormal images (Figure 2). The second version of the dataset includes the total
number of 8000 images that differed between 720 × 576 and 1920 × 1072 image resolution.
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4. Proposed Architecture
4.1. Overall Architecture of the Proposed Model

In the initial stage, we planned to use only the custom YOLO version to detect polyps,
but we did not expect to encounter some missing data while doing so because the gastroin-
testinal tract is home to various diseases. To address these issues, we decided to develop a
new approach that enhances the model architecture and reduces the number of missing
polyps during detection. YOLO, proposed by Redmon et al. [29], has been widely used
for real-time object detection. Compared with the other models, the YOLO series model
simplifies the object detection task into a single regression task and can therefore detect
objects in real time. YOLOv4 [32] is an improved version of YOLOv3 [33]. Furthermore,
YOLOv4-tiny [5] is a modified version of YOLOv4 that is simpler and faster than the
original version. The number of features that could be used for classification and regression
detection was reduced from 60 million to 6 million with the application of the CSPOSANet
(CSP) backbone.

In this study, we propose a new custom model for wireless endoscopic image analy-
sis based on the improved YOLOv4-tiny model with the Inception-ResNet-A block. We
replaced the previous CSP module [34] with our custom CNN block to increase the classifi-
cation accuracy for the detection and localization of polyp areas. Figure 3 shows the overall
architecture of our proposed model architecture. The original version of the YOLOv4
backbone is the Darknet53-tiny, which receives a 608 × 608 × 3 input size and sends it to
the 32 × 3 × 3 convolutional layer in the first step. In the next step, three CSP blocks come
with max pooling of the baseline SCP block, which is shown in the next part of Figure 3.
The CSP block divides the features of the base layer into two parts; the main function of
the first part is to directly form the residual edge, and the final output can be obtained
by convolution using the splicing of the second part. This network structure can reduce
computational complexity while maintaining network performance.
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Inception-ResNet-A block was modified by combining one of the blocks of the tra-
ditional Inception-ResNet architecture [35] with the ResNet model [36]. The ResNet and
Inception blocks can be used in combination because the ResNet module consists of residual
connections that can be used to train a deep neural network, while the inception block can
handle more information from input images. Generally, the architectures of several ver-
sions of Inception-ResNet, such as A-, B-, and C-modularized Inception-ResNet blocks, the
original CSPOSA block, and the updated Inception-ResNet-A block, include stem blocks as
shown in Figure 4. Inception-ResNet-A block is modified as Inception 1 × 1 convolution
block connected with ReLU activation.
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4.2. A New Approach to Data Augmentation

We used a custom data augmentation method for increasing the dataset size and
performed operations, such as normalization, adjusting brightness, and hue augmentation.
Since medical images are sensitive, we only made small changes to the images. Normaliza-
tion was performed for the training dataset to scale data points for shifting and rescaling.
In addition, standardization is another scaling method used where the values are around
the mean value with a unit standard deviation. Table 1 with Formula (1) represents the
STD value scaled between 0 and 1. µ and σ are the means of the given distribution and
standard deviation of the given distribution, respectively:

STD =
x − µ

σ
(1)

In Equation (3), α > 0 and β is a parameter that affects the brightness and contrast. F(x)
is the source of pixel intensity and g(x) is the output of pixel intensity, respectively.
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Table 1. Standard deviation and mean for the training dataset.

STD Mean

0.4857, 0.3460, 0.2983 0.2998, 0.2280, 0.2042

We decided not to use the hue automatically, because if the color of the image changes
dramatically, overfitting will occur during training. However, brightness was chosen at random
with a hue > 2. In Equation (2), α > 0 and β is a parameter that affects the brightness and contrast.
F(x) is the source of pixel intensity and g(x) is the output of pixel intensity, respectively:

g(x) = α( f (x) + β) (2)

Secondly, we rotated all food images to 90◦, 180◦, and 270◦ and randomly rotated the
food images to an angle value greater than 20◦ and chosen randomly:

new(X) = cos(angle)x − sin(angle)y (3)

new(Y) = sin(angle)x + cos(angle)y (4)

The above Equations (3) and (4) represent a mathematical form of random rotation.
New X and Y coordinates are obtained from the formula with a random angle. Figure 5
shows the images before and after data augmentation.
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5. Experimental Results

To train and test the models to compare with each other, we used Visual Studio
2019 C++ on a PC with an AMD Ryzen 12-core processor of 3.70 GHz, 64 GB RAM, and
an Nvidia GeForce RTX 3090 graphics card. We compared the accuracy of our model with
that of the previous methods using the metrics of precision, recall, and F-score. Precision
indicates the number of positive predictions that are correct as shown in Equation (5),
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whereas recall (Equation (6)) indicates the number of positive cases correctly predicted by
the classifier:

precision =
TP

TP + FP
(5)

recall =
TP

TP + FN
(6)

where TP, FN, and FP denote the true positive, false negative, and false positive, respectively.
F1 score is calculated based on precision and recall as shown in Equation (7):

F1 =
2 × recall × precision

recall × precision
(7)

A high F1 score indicates a better performance [37]. The F1-score metric was used to
compare the performance of our model with the previous models as presented in Figure 6.
It is observed that our model performs better than the other models during both training
and testing.
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loss, Classification loss, Precision, and Recall.

The above results show that Objectness loss and Classification loss have significant
improvement by using a modified version of YOLO. The previous versions of YOLOv3
and YOLOv4 consist of a bigger weight size compared to the new proposed version. Our
model weight size is almost the same small size as the YOLOv4-tiny version. Their overall
performances are compared in Table 2 with different previous YOLO models.

Table 2. Performance comparison results of the YOLO models.

Algorithms Input Size Training Accuracy Testing Accuracy Weight Size Iteration Numbers Training Time

YOLOv3

608 × 608

89.1% 88.1% 236 MB

50.000

65 h
YOLOv3-tiny 90% 85% 33.7 MB 24 h
Our model 99.4% 98.2% 31.2 MB 32 h
YOLOv4 93.9% 90.1% 245 MB 75 h
YOLOv4-tiny 89.9% 85.5% 23 MB 29 h
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Our new augmentation method helped to increase both the training and testing accu-
racy from the above results, and a small disease area was even detected and classified with
the new custom YOLOv4-tiny architecture. Figure 7 shows the detection and classification
result with the test image.
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6. Conclusions

In this study, in order to enhance the accuracy and speed of a custom classification and
detection model, this research proposed a modified version of the YOLOv4-tiny model with
the Inception-ResNet-A block for wireless. The study compared the previous original model
architecture with a new custom version, and the result showed that under the same training
and testing environment, the new custom version obtained a high positive performance in
terms of detection and classification accuracy. By comparing the experimental result, loss
of Objectness and loss of Classification are decreased by 1.75% and 2.03%, respectively. In
addition, some previous data augmentation approaches effected a decrease in the efficiency
of medical images because of sensitivity. Our new approach was achieved to give a
limitation point in terms of color change. The proposed augmentation method did not
face an overfitting problem while training and testing the wireless endoscopic images. In
addition, the experimental result illustrates that the modified version of YOLOv4 achieved
99.4% training accuracy and 98.2% test accuracy, as compared with the original version of
YOLOv4-tiny, which achieved 93.9% and 90.1%, respectively.

Wireless endoscopic image analysis for the detection of gastrointestinal tract diseases
is a challenging and complicated task. This analysis task can be categorized into the
classification and detection of images. The inconsistencies in endoscopic images occur due
to organ movement and noise while recording the endoscopic images. Training a model
on a small image dataset does not result in high accuracy. For this reason, we proposed a
custom model.
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In this study, we implemented data augmentation to increase the size of our dataset.
To improve the proposed architecture, transfer learning or explainable artificial intelligence
could also be considered.
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