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Abstract

Computer-aided classification of diseases of the gastrointestinal tract (GIT) has become a
crucial area of research. Medical science and artificial intelligence have helped medical
experts find GIT diseases through endoscopic procedures. Wired endoscopy is a controlled
procedure that helps the medical expert in disease diagnosis. Manual screening of the endo-
scopic frames is a challenging and time taking task for medical experts that also increases
the missed rate of the GIT disease. An early diagnosis of GIT disease can save human
beings from fatal diseases. An automatic deep feature learning-based system is proposed
for GIT disease classification. The adaptive gamma correction and weighting distribution
(AGCWD) preprocessing procedure is the first stage of the proposed work that is used for
enhancing the intensity of the frames. The deep features are extracted from the frames by
deep learning models including InceptionNetV3 and GITNet. Ant Colony Optimization
(ACO) procedure is employed for feature optimization. Optimized features are fused seri-
ally. The classification operation is performed by variants of support vector machine (SVM)
classifiers, including the Cubic SVM (CSVM), Coarse Gaussian SVM (CGSVM), Quadratic
SVM (QSVM), and Linear SVM (LSVM) classifiers. The intended model is assessed on two
challenging datasets including KVASIR and NERTHUS that consist of eight and four classes
respectively. The intended model outperforms as compared with existing methods by
achieving an accuracy of 99.32% over the KVASIR dataset and 99.89% accuracy using the
NERTHUS dataset.
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1. Introduction

The GIT is a vital part of the digestive system that is vulnerable to many infections. Infections
can lead to serious illness if not detected and treated at early stages [1]. Colorectal cancer is a
type that can be prevented in most cases with effective measures such as colorectal lymph
nodes that can be detected, diagnosed, and treated in early stages [2]. Different kinds of cancer
usually result in 70% of deaths in middle-income countries due to not being detected and
treated in the early stages [3-5]. The countless distinct irregular mucosal outcomes may differ
from moderate annoyances to deadly diseases in the GIT [6]. According to statistics compiled
by the World Health Organization (WHO), a huge number (1.93 million) cases of colon and
rectum cancer were suffering around the globe. The WHO reported a large number of death
cases (916 000) and 1.09 million cases of stomach cancer in 2020 [7]. The insufficient under-
standing of the standardized classification of such cancers by endoscopic imagery contributes
to the rise of the enormous number of fatalities worldwide. Endoscopic methods like wireless
capsule endoscopy (WCE) and wired endoscopy (WE) are used to find illnesses in the GIT [8].
The WCE procedure is time-consuming and out of control for the operator, whereas the WE
is a controlled procedure. An operator can focus on a specific region of the GIT by adopting
the WE procedure [9]. Colonoscopy is used to scan the lower portion of the GIT, and WE pro-
cedures are used to examine both (the lower and upper) portions of the GIT [10]. Through the
endoscopic procedure, videos are examined and captured by the medical expert for disease
analysis and detection [11].

Multiple challenges are found in the GIT images, including huge amounts of clutter, occlu-
sions, complex backgrounds, variable lighting conditions, huge inter-class similarities among
objects of different classes, and huge intra-class variations among the objects in a single class.
An experienced medical specialist is required to handle these challenges. Also, the challenging
task for the medical expert is to examine the large number of video frames which increases the
workload of the medical experts. An automatic system is required that can classify the frames
of GIT diseases accurately and take less time as compared with the gastroenterologist. It is a
challenging job to develop an automated procedure using machine learning algorithms. A pre-
cise Computer Aided Diagnostic System (CADX) can aid specialists in disease classification
decision-making [12-14]. The accuracy of the disease classification is the most important fac-
tor [15]. In recent years, various artificial intelligence (AI) systems have come into being for
diagnosing different kinds of diseases in GIT. CADx has become a very important part of
research in medical and computer science for disease classification by using an imagery data-
set. Deep learning methods are growing rapidly in the healthcare system for disease classifica-
tion [16-18]. Automatic disease detection and classification approach is introduced [19]. The
new emerging and popular deep learning models (InceptionNetV3, VGG, ResNet, and a goo-
gleNet) are being used in the research work that are already trained on the millions of imagery
datasets for disease detection and classification. Convolutional neural networks (CNNs) are
emerging tools in machine learning for deep feature learning and classification [20]. The main
goal of this research is to introduce the computer-aided GIT disease classification system
which assists the healthcare system in reducing death rates by diagnosing GI tract diseases at
an early stage.

In this manuscript, the deep learning-based GIT disease classification system is proposed
by using endoscopic frames. Based on our extensive experimentation, we finalized the pro-
posed model in which the proposed preprocessing technique (AGCWD) is performed, and the
resultant image is fed to the CNN-based networks. To obtain better results, out of two CNN
networks, one (InceptionNetV3) is the pre-trained network, while the other (GITNet) is
designed by ourselves to acquire features from both networks. After that features are optimized
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by the ACO technique and fused serially. In the last stage, classification is performed by vari-
ants of SVM classifiers. The results show the effectiveness of the proposed solution. The
AGCWD makes the frames more appealing. The typical procedure for feature extraction is
performed by deep learning models, including InceptionNetV3 and GITNet. The deep learn-
ing models encode features automatically. Further features are optimized and fused serially.
After that, the fused features are supplied to the classifiers. The classifiers including CGSVM,
LSVM, CSVM, and QSVM are employed, whereas the QSVM classifier provides better results
in terms of accuracy. The major contributions of the article are stated as follows:

o The technique AGCWD is employed as a preprocessing phase for enhancing the pixel inten-
sity level, which helps to get better features for disease classification.

o The proposed deep learning model GITNet is trained and tested by using a third-party data-
seti.e. CIFAR-10 [21]. The features are acquired from the fully connected layers of GITNet
and an existing pre-trained model named as InceptionNet.

o A bio-inspired approach name ACO is applied for feature subset selection and features are
fused serially and passed to the SVM-based classifiers for classification.

The organization of manuscript after the introduction section is organized as: The associ-
ated work is specified in Section 2. The material and methods are explained in Section 3. The
results of the experiments are elaborated on in Section 4. Lastly, Section 6 concluded the man-
uscript and describes future work.

2. Related works

The most challenging problem for gastroenterologists is differentiating between healthy and
harmful images, such as ulcers, bleeding, and polyps [22,23]. The endoscopic frames are classi-
fied using different methods that have been proposed. The most recent methods for endo-
scopic frame classification are addressed in this section. The image acquisition and
preprocessing approaches are briefly described. The images of the GIT disease are acquired by
the procedure of endoscopy. Most of the endoscopic frames contain low-intensity pixels and
noise [24]. The noise is eliminated by the thresholding segments of the frames and image clip-
ping methods. The image clipping divides the background into tiny noise spots like edge
detection. Simple and median filters reduce the noise from the frames by designing an effective
noise filter [25]. Many color processing methods use various color spaces including RGB [26],
CIEXYZ [27], CIELAB [28], YIQ [29], HSV [30], YUV [31], and HIS [32]. Statistics of color
and moments are used as color space. The preprocessed frames are processed further to extract
features.

A variety of feature extraction approaches are employed in the existing work, including
point features that represent the features of objects geographically [33-35], texture features
that define the object surface as fine, coarse, smooth, and grained [36], HOG features focuses
on shapes of the objects [37], and color features [38]. A combination of deep features enhances
the performance of the system [39]. In one research work, deep features of two CNN models
are also integrated [40]. CNN models extract the features from the deep layers [41], the model
including AlexNet [42], VGG-16 [43], ResNet [44], and InceptionNetV3 [45]. The distributed
deep learning method is employed for disease detection [46]. Diseases of GI tract are detected
and classified by using a deep learning model for feature extraction [47]. Deep features extract
the information and synthesize the information using skip connections from the previous lay-
ers [48]. The most appropriate features offer high accuracy in categorization outcomes. Mostly,
the redundant features are present in the extracted feature set which affects the classification
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results. To remove the redundancy of the features and reduce the computation cost of the clas-
sifiers, the ACO method is adopted to optimize the features. ACO optimizes the features for
ulcerated lesion classification work [49]. The metaheuristic technique is employed for feature
optimization [50]. There are three methods for feature selection and dimensionality reductions
including the filtering method mapping relationships between input and target variables using
a statistical approach, the wrapper method is the specific machine learning technique for fea-
ture selection, and the embedded method integrates the wrapper and filter method [51]. The
feature fusion of automated systems in computer vision and image processing for illness classi-
fication tasks is crucial and supports the achievement of more accurate and effective results
[40]. In the hybrid approach, several pieces of literature address handcrafted features and deep
features being fused to provide better results. In this approach, deep features are fused for
stomach disease classification [52]. In the existing work, the class of techniques that utilize the
powers of hybrid methodologies is increasing. The different classifiers are trained by using
fused features of handcrafted and deep features [53]. The KNN with SVM classifier is
employed for GIT disease classification [54]. For disease classification, the k-Nearest Neighbor
(KNN) with SVM classifier is employed [55]. The CNN with multi-scale feature fusion
approach is applied for colon cancer identification [56]. VGG16 and VGG19 are employed
with handcrafted methods in hybrid mode for GIT disease classification [16].

The existing literature reveals that researchers employ a hybrid approach for the classifica-
tion of GIT diseases and obtained less accuracy. The technique that deals with the fusion of
deep features is used very rarely. So, there is still a need to design a framework that can more
accurately differentiate endoscopic frames of GIT diseases.

3. Proposed methodology

The proposed approach comprises five stages are presented in this section. In the first stage,
the technique AGCWD is used for image enhancement. A new CNN-based GITNet model is
designed in the second stage and deep features are obtained by the CNN-based pre-trained
InceptionNetV3 and GITNet models. Features are optimized in the third stage by the ACO
method. The serial feature fusion procedure is adopted in the fourth stage. In the last fifth
stage, classifiers are used to classify the diseases of GIT using fused feature sets. An impression
of the proposed GIT disease classification approach is depicted in Fig 1.

Input AGCWD Preprocessing

RGB HSV | ¢ S v

Image ... ... .... )

InceptionNet

A
L/
-

Selection

Features extraction Features Classification

Serially
Fused
features

Fig 1. The proposed method of disease classification.

https://doi.org/10.1371/journal.pone.0292601.9001
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Algorithm: The Proposed Approach for GIT disease classification
Input: Inp(x,y) // Endoscopic Input frame
N: Total number of images in the dataset
Output: Out(x,y) // Classified Output Image
Step 1: START
Step 2: // AGCWD image method
Enhance the dataset images using AGCWD method
See Egs (1) to (5)
Step 3: // Extract Deep CNN features of GITNet and InceptionNetV3
Model
for K to 1—N do
FV1 = InceptionNetV3(K) //Features are extracted from fc7 layer
FV2 = GITNet (K) //Features are extracted from fcl2 layer
End for
Step 4: //Feature selection using Ant colony optimization (ACO)
for K to 1—N do
Ofsl[m] = ACO(FV1)
Ofs2[m] = ACO(FV2)
End for
Step 5: //Feature Fusion
fusedFeatureVector = Ofsl[m]+0fs2[m]
Step 6: //Classify the output of Step 5
Prediction = SVM(fusedFeatureVector)
Step 7: STOP

3.1 Preprocessing

Preprocessing is essential for improving the visualization of the frames of endoscopy. So, the
enhancement of the contrast of images is a significant and vital stage for disease classification.
This phase’s major benefit is that it offers more powerful and relevant features for accurate
classification. In this work, an Adaptive-Gamma-Correction (AGC) is employed with the
weighting distribution (WD) function referred to as AGCWD, which enhances the intensity of
the frames [57]. In the AGCWD method, the transformation of color space is performed from
RGB to HSV color space. The color contents in the HSV are specified by the hue (H) and the
saturation (S) that are preserved, whereas the luminance intensity (V) component is tweaked
for color contrast enhancement as shown in Fig 2.

HSV

Fig 2. Transformation of the output from RGB to HSV color space and increasing intensity of V channel.

https://doi.org/10.1371/journal.pone.0292601.g002
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The function of WD is to marginally alter the statistical histogram and reduce the develop-
ment of negative consequences. The function of WD is formulated as:

pdeD(I) = pdfmax <Pdfmax _ pdfmin

(1)
where pdfyp(I) is the probability-density-function (pdf) of the weighting distribution of the
input image; A term « is the adjusted parameter. The pdf,,.x and pdf;, are the maximum and
minimum pdf of the statistical histogram respectively. The cumulative-distribution-function
(cdf) is dependent on pdfand is expressed as:

cdfyp(D) = " (pdfy (/Y pdf,p) 2)

where the quantity pdfyyp is stated as follows:

Z pdfy,, = Zj:ipdeD(I)

The plot of the pdf and pdfyp is illustrated in Fig 3.
AGC function uses cdf and pdf for the intensity transformation. The formulation of the
AGC s given as:

(3)

P(1) = L (/1) = L (/10" (4)

where I,,,, presents the maximum intensity of the input and P(I) is the transformed intensity
of each pixel of the image. The main advantage of the AGC is to gradually increase the inten-
sity of low-intensity pixels while avoiding a major decrease in the intensity of high-intensity

pixels. The gamma parameter is formulated as follows:
7 = I—cdfy,,(I) (5)

The plot of the Luminance intensity, the output of the AGC function P(I), and the enhanced
image after the gamma operation is depicted in Fig 4.
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Fig 3. The plot of the pdf and weighting distribution pdf.
https://doi.org/10.1371/journal.pone.0292601.9003
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Fig 4. The output of the adaptive gamma Correction with WD.
https://doi.org/10.1371/journal.pone.0292601.9004

The AGCWD preprocessing method is utilized over the KVASIR dataset. Some enhanced
frames of the KVASIR dataset are illustrated in Fig 5.

3.2 Deep feature extraction

Deep features are very important for computer vision tasks that are acquired from the endo-
scopic frames. Deep learning is an emerging technology that is participated with computer
vision and image processing for disease classification [58]. A CNN consists of different layers
(Input, Convolutional, Batch Normalization, Fully Connected, and ReLU layers). The convo-
lutional layer gets the data from the CNN input layers and the weights of the network are cal-
culated. The inactive neurons are detached, and the activation functions are used via the ReLU
layer. In this work, two CNN models, InceptionNetV3 and GITNet, are employed for feature
extraction. The following sections describe the deep learning architectures.

3.2.1 InceptionNetV3 model. The InceptionNetV3 is a deep learning architecture that
performs well for categorization. The architecture consists of a directed acyclic graph (DAG)
having 316 layers, 350 connections, and 94 convolutional layers [59]. The different significant
features are obtained by applying several masks on different layers of the model. As compared
with conventional CNN models, InceptionNetV3 is a diverse model that allows the

Fig 5. Preprocessed images (a) original images (b) Enhanced images.

https://doi.org/10.1371/journal.pone.0292601.g005
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implementation of different sizes of masks on different layers. The InceptionNetV3 was
trained on a challenging dataset such as ImageNet. It contains millions of images and over
1000 classes. The size of 299x299x3 was the input of the InceptionNetV3 model. The whole
network was composed of nine Inception modules that allow the operation of pooling and
convolution with varying filter sizes.

In this manuscript, the approach of deep learning is employed. A new deep learning model
takes a much time for training a model while a pre-trained deep learning model saves time for
feature extraction. The input images are fed to the convolutional layer to get the feature maps
in the training phase. Different filter sizes are employed in the model, including 1x1, 3x3, and
5x5 filter sizes. The large kernel size is considered suitable for collecting information that is
distributed globally in the frames, while the small kernel size collects information locally. The
activation functions are performed for scaling data and features are derived from the different
blocks of the model. The InceptionNetV3 characterizes the convolutional block (CB) and large
convolutional blocks (LCB) respectively, where feature maps from distinct paths are
concatenated as the following module’s input. The features with a dimension of (4000x2048)
are taken from the fc7 layers. These features are optimized and fused before the training of the
classifiers. By the end of the inception module, this network additionally employs global aver-
age pooling and fully connected structures. The softmax layer is used at the end of the model
with a 1000-way global average pooling layer and fully connected layers. The correlation statis-
tics are assessed step by step as the best network topology is built, resulting in highly correlated
outputs when formulated as:

X

InceptionNet

= {sls € R™) (6)

where X,,ceptionner describes the feature set and the dimension of the feature set is kept MXN.
Fig 6 illustrates the InceptionNetV3.

3.2.2 Proposed GITNet model. GITNet is the proposed model in our work that is
designed based on the CNN method for deep feature extraction. The endoscopic frames are
used as input for the model. The input image size for GITNet is kept at 227x227x3. The model
contains a 50-layer network which contains different layers such as convolutional (C) layers,

dJ @ [
waor

Convolution

Block (CB)
MaxPool D Fully connected
— ‘ L\ Input
) IConcat I Softmax CH 229x229 Output
) Large B B 4000x2048
: Convolution I AvgPool 4000

Block (LCB) :

L E mm
Fig 6. The architecture of the InceptionNetV3 Model (redrawn with a new style from [60]).
https://doi.org/10.1371/journal.pone.0292601.9006
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Fig 7. The proposed GITNet model.
https://doi.org/10.1371/journal.pone.0292601.9007

ReLU, Batch Normalization (BN) layer, Leaky ReLU layer, addition (A) layer, and two convo-
lutional blocks (CB). Each CB of the GITNet model comprises three parallel networks that are
composed of C layer, BN layer, Leaky ReLU layer, and an A layer. Each layered network in the
CB gets the same input and derives dissimilar feature windows. The feature maps are obtained
from the CB and summed up by the adding layer and forwarded to the following layers and
CB for deriving more deep features. Feature maps determine disease information about GIT.
The features are acquired from the fc12 layers of the GITNet. The proposed GITNet model is
depicted in Fig 7.

The dimensionality of the extracted feature from the fc12 layer is achieved as 4000x4096.
The complete feature set obtained from the GITNet is formulated as follows:

Yime = {t|t € RMXN) (7)

where Yrrne: describes the feature set with MXN dimension. The variants of filter sizes,
including filter depth, max-pooing, and stride size over the network are used for dealing with a
large variety of objects having features in the frames. The GITNet explores semantic informa-
tion and mutual information by employing varying depths of filter and filter size. The layered
summary of the complete GITNet model is depicted in Table 1. The different filter sizes of 5x5,
1x1, and 3x3 are used with changing padding and stride size such as [4 4], [1 1], [2 2] and pad-
ding [0], [same], [2] and [1]. Similarly, the number of filters (filter depth) is changed by convo-
lution layers such as 96, 48,256, 384, and 256. Fully connected layers (fc12, fc13) comprise
1x1x4096 and the fc14 dimension is 1x1x100. Pooling window size or other values are set to
scale 0.01 and Max pooling 3x3 is set. The complete GITNet model is composed of 50 layers
network.

The visualization of features in different layers of the GITNet model is shown below. The
features are obtained from group convolution and convolution layers for visualization. The
layers are stated as GC2 (C6), C7, C9, and GC3 (C10) of the GITNet model. The visualization
of features of the InceptionNetV3 is illustrated below, as the list of layers (conv2d_90,
conv2d_75, conv2d_93, and conv2d_94 layers). Fig 8 shows the picturing of the features of
both deep learning models, including GITNet and InceptionNetV3.

The gradient-weighted class activation mapping (Grad-CAM) is employed for the evalua-
tion of the deep learning model. The Grad-CAM shows how well the GITNet model has been
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Table 1. The detailed layered information of GITNet Architecture.

Layer No Layers Details of Feature maps Filter information Stride Size Padding size Pooling layers size
1 Input 227%227x3 11x11x3x96 [44] [0000] -
2 C1 55x55%x96 - - - -
3 R1 55x55%x96 - - - -
4 C4 55x55%x96 5%5x96x96 [11] Same -
5 C2 55x55x48 1x1x96x48 [11] Same -
6 BN4 55x55%x96 - - - -
7 LR2 55x55%x96 - - - Scale 0.01
8 BN1 55x55x48 - - - -
9 C3 55x55%96 11x11x48x96 [11] Same -
10 BN3 55x55%x96 - - - -
11 LR1 55%x55%x96 - - - -
12 BN2 55%x55%96 - - - -
13 LR3 55%55%96 B, B ; Scale 0.01
14 ADD1 55%x55%96 - - - -
15 CN1 55x55%x96 - - - -
16 P1 27%27%96 - [22] [0000] Max pooling 3x3
17 BN5 27%x27%x96 - - - -
18 GC1(C5) 27%27x%256 Two groups of 5x5x48x128 [11] [2222] -
19 R2 27%x27%x256 - - - -
20 CN2 27%x27%x256 - - - -
21 P2 13x13x256 - [22] [0000] Max pooling 3x3
22 BN6 13x13%256 - - - -
23 GC2(C6) 13x13x384 3x3x256x384 [11] [1111] §
24 R3 13x13x384 - - - -
25 C7 13x13x%192 1x1x384x192 [11] Same -
26 C9 13x13x384 3x3x384x384 [11] Same -
27 BNS8 13x13x384 - - - -
28 LR6 13x13x384 - - - Scale 0.01
29 BN10 13x13x384 - - - -
30 LR5 13x13x384 - - - Scale 0.01
31 BN7 13x13x384 - - - -
32 C8 13x13x384 5x5x192x384 [11] Same
33 BN9 13x13x384 - - - -
34 LR4 13x13x384 - - Scale 0.01
35 ADD2 13x13x384 - - - -
36 GC3(C10) 13x13x384 Two groups of 3x3x192x192 [11] [1111] -
37 R4 13x13x384 - - - -
38 GC4(C11) 13x13x256 Two groups of 3x3x192x128 [11] [1111] -
39 R5 13x13%256 - - - -
40 P3 6X6X256 - [22] [0000] Max pooling 3x3
41 BNI11 6x6X%256 - - - -
42 FC12 1x1x4096 - - - -
43 R6 1x1x4096 - - - -
44 D1 1x1x4096 - - - 50% Dropout
45 FC13 1x1x4096 - - - -
(Continued)
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Table 1. (Continued)

Layer No Layers Details of Feature maps Filter information Stride Size Padding size Pooling layers size
46 R7 1x1x4096 - - - -
47 D2 1x1x4096 - - - -
48 FC14 1x1x100 - - - -
49 SOFTMAX 1x1x100 - - - -
50 OUTPUT - - - - -

https://doi.org/10.1371/journal.pone.0292601.t001

learned by the feature pattern. It is visually confirmed by observing the network and ensuring
that it has the right patterns in the image and activating around them. The gradients of the pre-
diction score concerning the final convolutional feature map that is used in the Grad-CAM
interpretability technique. Parts of an image with a high Grad-CAM map value have the most
impact on the network score for that class. Fig 9 shows the high Grad-CAM map value in the
images.

3.3 Feature selection and fusion

The extracted features from the GITNet and InceptionNetV3 are optimized by the ACO
method which diminished the redundant features in the Xi,ceprionner Yorrne: feature sets. The
extracted features contain a lot of redundant information which causes a reduction in the
model performance. Features are optimized by the ACO algorithm which eliminates the
unnecessary information in the sample set by using the probabilistic technique. The advantage

a | . ¢ ' d |
€ f g h

Fig 8. Deep features visualization of GITNet model from a to d with layers name (a) GC2(C6) (b) C7 (c) C9 (d) GC3(C10) and deep features visualization of
InceptionNetV3 model from e to h with layer name (e) conv2d_75 (f) conv2d_90 (g) conv2d_93 (h) conv2d_94.

https://doi.org/10.1371/journal.pone.0292601.9g008
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(2)

Fig 9. Grad-CAM map value of KVASIR dataset frames (a-d) Original and (e-h) Output.
https://doi.org/10.1371/journal.pone.0292601.9009

of using an optimizer is that it reduces the computation cost of the classifier. The mathematical
formulation of the two-deep learning models is as follows:

gIm:eytionNet = ACO (XlnceptianNet) (8)

Sormvet = ACO(Y1ne) )

where the notation ¢y,ceptionner and Girrnve: are the optimized features of InceptionNetV3 and
GITNet that are obtained from the ACO method. After that, the optimized features are fused
serially and mathematically as follows:

(I) = CIm:eptianNet + CGITNet (10)

® = {t|r € R*™"} (11)

where the symbol @ describes the combined form of the features of two-deep learning models
with the dimensions MXN. The detailed form of the feature fusion method is depicted in Fig
10. The same input image with a different size is given to both deep learning models. The GIT-
Net and the InceptionNetV3 explore the deep features by using the CNN method. The
extracted features are optimized by the ACO method and fused serially. The classifiers are
trained on these features.
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Deep Feature Extraction

by CNN Models

Fig 10. Proposed deep model for GIT disease classification using KVASIR dataset.

InceptionNet
7 ¢
/7 4046 ﬁ 2048
4000 4000x4096
4000x2048
! -
Features Selection by Serially Features Fusion Features Selection by
ACO ACO
0 500 2 g 0 500
P
4000 4000x500 4000 4000x1000 4000 4000x500
4
Classification by the Classifiers
Linear SVM Coarse Gaussian Cubic SVM Quadratic SVM
Classifier SVM Classifier Classifier Classifier

https://doi.org/10.1371/journal.pone.0292601.g010

Table 2. The detail of the KVASIR and NERTHUS datasets.

3.4 Classification

The classifiers are trained on the optimized feature set and classify the diseases of GIT. The
four classifiers that are considered in this research work are CSVM, CGSVM, QSVM, and
LSVM. The multiple-dimensional space support vectors are generated by the SVM which clas-
sify the disease in the frames of endoscopy using 5-fold cross-validation. The best performance

Ref/Dataset/year Origin Image modalities | No of frames | No of Classes | Frames per class File Access | File type
[61] KVASIR (2017) | Simula Research Laboratory Norway Endoscopy 4000 8 500 Free jpg
[63] NERTHUS Simula Research Laboratory Norway Colonoscopy 5525 4 500, 2700, 975,1350 Free jrg
(2017)
https://doi.org/10.1371/journal.pone.0292601.t002
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Fig 11. The samples of the KVASIR dataset with 8 classes (a) Dyed-Lifted-Polyp (b) Dyed-Resection-Margins (c) Esophagitis (d) Normal-Cecum (e) Normal-
Pylorus (f) Normal-z-Line (g) Polyps (h) Ulcerative-Colitis.

https://doi.org/10.1371/journal.pone.0292601.9011

is acquired by the QSVM in the form of 99.32% accuracy using KVASIR dataset. The parame-
ters of all classifiers are arranged such that the kernel is adjusted automatically, where

box constraint level 1 is adjusted with the true value of the standardized data, and the multi-
class method of each classifier is set to one-vs-one.

4. Results and discussion

The best three experiments are illustrated in this manuscript from several experiments. A
detailed description of the KVASIR and NERTHUS datasets is given in section 4.1. The differ-
ent methods of SVM are used for classification, where QSVM and CSVM provide better results
as compared with other SVM classifiers. The classifiers are trained and tested by using 5-fold
cross-validation. The experiments are carried out using the model NVIDIA GTX 1070 GPU.
The Core i5 machine has 8GB of inbuilt RAM with the Windows 10 platform. MATLAB
2021a is exercised for overall experimentation. This section describes the detailed description
of the datasets and performance evaluation method with numerical results and visualizations.

4.1 Datasets

In this study, KVASIR and NERTHUS datasets are employed for assessment. The KVASIR
dataset consists of 4000 images comprising 500 images of each class [61]. The labeling of these
images was carried out by an expert endoscopist. Each labeled class consists of 500 images,
which makes for a balanced dataset. The deep models required a large dataset for better feature
extraction. The data augmentation approach is carried out in the proposed work. The classes
that are part of the KVASIR dataset include "Z-line", which is the area where the esophagus
transits to the stomach; "Pylorus,” which refers to the site of the stomach-duodenum entry;
and the proximal segment of the large intestine is known as "Cecum". These three classes
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belong to the anatomical landmarks section. Accurate classification of these classes provides
substantial help in materializing efficient navigation inside the GIT. Three more classes labeled
"Esophagitis" (an abnormal condition of the esophagus), "Polyps" (lesions affecting the bowel),
and "Ulcerative Colitis" (inflammatory conditions of the large bowel) consist of images related
to pathological findings. Besides these six classes, two more classes belong to Endoscopic
Mucosal Resection (EMR) related conditions. These are labeled as "dyed and lifted polyps"
(lesions before removal and injected with blue-colored saline) and the "dyed-resection-mar-
gins." The resolution of the frames varies from 720 x 576 pixels to 1920 x 1072 pixels in the
KVASIR dataset. NERTHUS dataset is produced by colonoscopy (endoscopic examination of
the bowel). NERTHUS comprises four classes with 5525 frames of bowel from 21 videos [62].
The detailed information on the KVASIR and NERTHUS datasets is specified in Table 2. The
sample of the KVASIR dataset comprises eight classes, as illustrated in Fig 11.

4.2 Performance evaluation protocols

This study deals with a multiclass classification problem where the models are assessed by vari-
ous standard evaluation metrics. The accuracy quantifies the correct prediction over all sam-
ples. The precision determines the correct positive identified findings. Sensitivity or recall
returns the information of correctly identified real positive numbers. Similarly, the F1 is corre-
lated between Precision and recall. Geometric means indicate the central tendency. The math-
ematical expression of each evaluation protocol is given below.

T, ositve + Tne ative
Accuracy = ( e L ) (12)
(Tpositve + Tnegative) + (Fposirive + Fnegative)
Precision = _ Tooie (13)
(Tpositive + Fpositive)
Sensitivity [recall = _ Tone (14)
(Tpusitive + Fnegative)
F,score = Lyosive (15)
! Tpustive + 1/2(Fpositive + Fnegative)
. _ n 1/n
Geometric Mean = <Hi:1ﬁ) (16)
Specificity = Mg (17)
(Tnegative + Fpositive)

The rate of the correctly predicted positive class is depicted as true positive (Tyositive)- The rate
of the correctly identified as the negative class is attributed as true negative (Tpcgative). The
wrong predictions for the positive class are termed "false positives” (Fposiive). The inaccurate
estimation probability of the negative class is a false negative (Fpegative)-

4.3 Experimental setup

The convolutional networks InceptionNetV3 and GITNet are used for feature learning. The
deep models are trained by using two datasets including KVASIR and NERTHUS containing
4000 and 5525 images respectively. Extracted features from deep models are optimized and
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Table 3. Classifiers and feature combination with achieved accuracy over KVASIR and NERTHUS datasets.

Experiments Classifiers Inception GITNet Total Accuracy Prediction Speed(obs/sec)
Over KVASIR Features Features Features
Experiment 1 CSVM 100 100 200 91.10% ~2300
Experiment 2 QSVM 250 250 500 98.00% ~630
Experiment 3 QSVM 500 500 1000 99.32% ~160
Experiments Classifiers Inception GITNet Total Accuracy Prediction Speed(obs/sec)
Over NERTHUS Features Features Features
Experiment 1 CSVM 100 100 200 99.84% ~2050
Experiment 2 CSVM 250 250 500 99.82% ~780
Experiment 3 CSVM 500 500 1000 99.89% ~623

https://doi.org/10.1371/journal.pone.0292601.t003

fused serially. In this manuscript, several experiments are performed, but only the best three
experiments’ results are illustrated with 200, 500, and 1000 feature sets. Four classifiers are
considered: LSVM, CGSVM, CSVM, and QSVM provide better results in terms of Acc. The
results of models achieving high Acc are depicted in Table 3, such as 91.10%, 98%, and 99.32%
Acc. The prediction speed in terms of observation per second (obs/sec) is provided of the best
classifiers in the three experiments.

4.4 Experimental detail using KVASIR and NERTHUS datasets

The four classifiers that are considered in this research and the results of individual classifiers
are illustrated in sub-sections. The CSVM, CGSVM, QSVM, and LSVM are trained by setting
a 5-fold testing arrangement. The performance of the model is shown in the following sections,
Accuracy (Acc), Sensitivity (Sens), Specificity (Spec), Precision (Prec), F1 score (F1.S), and
Geometric means (G.M) are performance measures.

4.4.1 Experiment 1: Results with 200 features on KVASIR dataset.

In test experiment 1,

classifiers are trained and tested by using 200 optimized features. The CSVM classifier provides

100
90
80
70
60
50
40
30
20
0
Acc (% Sen (%) Spe (%) Pre (%) F1.S (%) G.M (%)
u CSVM 91.01 80.21 92.66 60.94 69.26 86.21
u CGSVM 90.28 78.01 92.03 58.31 66.72 84.72
= QSVM 90.61 79.61 92.17 59.23 67.92 85.66
= LSVM 90.55 7741 92.43 59.36 67.19 84.58
Fig 12. Evaluation of the model using 200 features.
https://doi.org/10.1371/journal.pone.0292601.9012
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high accuracy in experiment 1 as compared with other classifiers, as shown in Fig 12. The
results of the CSVM are illustrated as the Acc is measured as 91.01%, Sens is calculated as
80.21%, Spec determines the value as 92.66%, Prec is estimated as 60.94%, the F1.S is evaluated
as 69.26%, and the value of the G.M is assessed 86.21% that shows the superiority of the pro-
posed work. The results of the CGSVM are illustrated as the Acc is found 90.28%, the value of
the Sens is determined as 78.01%, Spec is measured as 92.03%, Prec is calculated as 58.31%, F1.
S is measured as 66.72%, and G.M is founded as 84.72%. In the same way, the results of the
QSVM are illustrated as the Acc is determined as 90.61%, the value of Sens is as79.61%, Spec is
specified as 92.17%, the score of the Prec is as 59.23%, F1.S is as 67.92%, and G.M is evaluated
as 85.66%. The results of the LSVM are illustrated as the Acc is measured as 90.55%, Sens value
is as 77.41%, Spec determines as 92.43%, Prec number is as 59.36%, F1.S is delivered as
67.19%, and G.M informs about the value is 84.58%.

4.4.2 Experiment 2: Results with 500 features on KVASIR dataset. In test experiment 2,
classifiers are trained and tested by using a 500-optimized feature set. The QSVM classifier pro-
vides high accuracy in experiment 2 as compared with other classifiers as shown in Fig 13. The
results of the CSVM are illustrated as the Acc is 97.32%, Sens shows the value as 96.41%, Spec is
measured as 97.46%, Prec is calculated as 84.41%, F1.S is achieved as 90.01, and G.M is attained
as 96.93% that shows the progress of the proposed model over the other classifiers in experiment
2. The results of the CGSVM are illustrated as the Acc is determined as 93.03%, Sens is founded
as 85.81%, Spec is measured as 94.06%, Prec is obtained as 67.35%, F1.S is measured as 75.46%,
and G.M is acquired as 89.83%. The results of the QSVM are illustrated as the Acc is attained as
98.01%), Sens is taught as 98.21%, Spec is determined as 97.97%, Prec is achieved as 87.37%, F1.
S is calculated as 92.47%, and G.M is obtained as 98.09%. The results of the LSVM are illustrated
as the Acc is measured as 97.15%, Sens number is shown as 97.21%, Spec is calculated as
97.14%), Prec is taught as 82.94%, F1.S is quantified as 89.51%, and G.M achieved as 97.17%.

4.4.3 Experiment 3: Results with 1000 features on KVASIR dataset

In test experiment 3, classifiers are trained and tested by using a 1000-optimized feature set.
The QSVM classifier provides high accuracy in experiment 3 as compared with other

Acc (%)

97.32
93.03
98.01
97.15

Sen (%) Spe (%) Pre (%) FL.S (%) G.M (%)
96.41 97.46 84.41 90.01 96.93
85.81 94.06 67.35 75.46 89.83
98.21 97.97 87.37 92.47 98.09
97.21 97.14 82.94 89.51 97.17

Fig 13. Evaluation of the model using 500 features.

https://doi.org/10.1371/journal.pone.0292601.9013
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mCSVM
u CGSVM
= QSVM
= LSVM

Acc (%)

98.91
9237
99.32
99.11

|

Sen (%) Spe (%) Pre (%) FLS (%) G.M (%)
99.01 98.89 92.71 95.74 98.94
80.21 94.11 66.06 72.45 86.88
99.21 99.23 94.88 97.37 99.61
99.81 99.23 94.87 97.27 99.51

Fig 14. Evaluation of the model using 1000 features.

https://doi.org/10.1371/journal.pone.0292601.9g014

classifiers as shown in Fig 14. The results of the CSVM are illustrated as the Acc is founded as
98.91%, Sens is measured as 99.01%), the figures of the Spec are as 98.89%, Prec is determined
as 92.71%, F1.S calculated as 95.74%, and G.M is assessed as 98.94% that shows the better
results of the classifier over the other classifiers. The results of the CGSVM are illustrated as
the Acc is determined as 92.37%, Sens value is as 80.21%, Spec improved as 94.11%, Prec
shows the value as 66.06%, F1.S is measured as 72.45%, and G.M reflects the value 86.88%. The
results of the QSVM are illustrated as the Acc shows the number as 99.32%, Sens is calculated
as 99.21%, the assessment of the Spec is determined as 99.23%, Prec is figured-out as 94.88%,
F1.S is as 97.37%, and G.M values comes as 99.61%. The results of the LSVM are illustrated as
the value of the Acc is acquired as 99.11%, Sens is achieved as (99.81%), Spec is determined as
(99.23%), Prec is attained as 94.87%, F1.S is as 97.27%, and G.M is obtained as 99.51%.

Table 4 presents the confusion matrix obtained by QSVM with the best outcomes at 1000
features. The classes of diseases are illustrated in short form. Dyed-Lifted-Polyps (DLP), Dyed-
Resection-Margins (DRM), Esophagitis (Eso), Normal-Cecum (NC), Normal-Pylorus (NP),
Normal-Z-Line (NZL), Polyps (Pol), and Ulcerative-Colitis (UC). The AUC of the three exper-
iments is illustrated in Fig 15.

Table 4. Confusion matrix of QSVM with best outcomes with 1000 features.

Predicted Class
Actual Class A/P DLP DRM Eso NC NP NZL Pol UcC
DLP 500 0 0 0 0 0 0 0
DRM 0 499 0 1 0 0 0 0
Eso 0 0 497 0 2 1 0 0
NC 0 0 0 498 0 0 2 0
NP 0 0 0 0 498 2 0 0
NZL 0 0 0 0 3 496 1 0
Pol 0 0 0 1 1 0 493 5
19/6) 0 0 0 0 0 0 8 492
https:/doi.org/10.1371/journal.pone.0292601.t004
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Fig 15. AUC of three experiments (a) CSVM in experiment 1(b) QSVM in experiment 2 (¢) QSVM in experiment 3.
https://doi.org/10.1371/journal.pone.0292601.9015

The graph in Fig 16 shows the training time of the best classifiers of the proposed model.

4.4.4 Results of Experiment1 (200), Experiment2 (500) and Experiment3 (1000) features
using NERTHUS dataset. The intended model is assessed on the NERTHUS dataset which
contains four classes. The results are taken using different features including 200, 500, and
1000 that are fused features of deep CNN models including InceptionNetV3 and GITNet. The
outcomes are depicted in Table 5 in terms of Acc%, Sen%, Spe%, Pre%, F1.8%, and G.M%. In
experiment 1, four classifiers are trained where the CSVM classifier performs well over other
classifiers in terms of Acc(99.84%). Similarly, in experiment2 and 3, CSVM computes better
over other classifiers in terms of Acc (99.82%) and Acc(99.89%) respectively. The results on
the NERTHUS dataset show the SOTA performance of the proposed approach.

The performance of the classifiers is analyzed using a boxplot as shown in Fig 17. The analy-
sis tests are conducted using 100, 200, 500, and 1000 features for each group of the classifiers.
The variance of analysis is conducted over the two datasets. The tests of different classifiers
using features of the KVASIR dataset consisted of adjacent values as CSVM lower (90.55),
upper(98.91) and mean(94.17), CGSVM lower(90.28), upper(93.03) and mean(91.49), QSVM

160
140
R
.
£ 40
3
CSVM CGSVM QSVM LSVM
m 200 Features 129.86 149.8 107.43 66.01
m 500 Features 25.14 23.52 17.59 12.86
1000 Features 95.23 87.55 108.02 92.55

Fig 16. Classifier training time.

https://doi.org/10.1371/journal.pone.0292601.g016
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Table 5. Evaluation of the model with 200, 500, and 1000 features using the NERTHUS dataset.

No of Features
(Experiment1)

200

No of Features
(Experiment2)

500

No of Features
(Experiment3)

1000

https://doi.org/10.1371/journal.pone.0292601.t005

Classifiers

CSVM
CGSVM
QSVM
LSVM

Classifiers

CSVM
CGSVM
QSVM
LSVM

Classifiers

CSVM
CGSVM
QSVM
LSVM

Acc (%)

99.84
94.39
99.76
98.50

Acc (%)

99.82
95.15
99.73
98.84

Acc (%)

99.89
95.55
99.80
98.93

Sen (%)

99.20
83.60
99.20
97.00

Sen (%)

98.60
88.60
98.80
98.00

Sen (%)

99.40
89.00
99.80
98.20

Spe (%)

99.90
95.46
99.82
98.65

Spe (%)

99.94
95.80
99.82
98.93

Spe (%)

99.94
96.20
99.80
99.00

Pre (%)

99.00
64.71
98.22
87.70

Pre (%)

99.40
67.74
98.21
90.07

Pre (%)

99.40
69.97
98.04
90.76

F1.S (%)

99.10
72.95
98.71
92.12
F1.S (%)

99.00
76.78
98.50
93.87
F1.S (%)

99.40
78.35
98.91
94.33

G.M (%)

99.55
89.33
99.51
97.82
G.M (%)

99.27
92.13
99.31
98.46
G.M (%)

99.67
92.53
99.80
98.60

lower(90.24), upper(99.32) and mean(94.31), LSVM values of lower(90.21), upper(99.11), and
mean(93.85). The adjacent minimum and maximum values are 98.99 and 99.89, respectively,
and the mean value is 99.83 for the CSVM classifier analysis. In the CGSVM analysis test,
lower and upper adjacent values are 93.94 and 95.55 respectively with a mean value of 94.77.
The classifier QSVM is analyzed by quantifying low and upper adjacent points 98.96 and 99.80
respectively having Acc 99.75. The LSVM test contains lower and upper adjacent values of
97.89 and 98.93 with a mean value of 98.67. The Variance analysis shows that QSVM performs

well on the NERTHUS dataset.

4.4.5 Performance comparison with existing methods. The comparison of the results of
existing SOTA approaches with the proposed work is performed, as shown in Table 6. The
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Fig 17. Analysis of Variance for evaluating classifiers’ performance.
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Table 6. Comparison with existing approaches.

Refs/Years Methods Acc%
[61] 2017 GF Random Forrest 95.90
[64] 2017 Ensemble of Inception, fine-tuning, data augmentation 91.50
[65] 2019 Inception-ResNet-v2 98.48
[66] 2021 VGG+ResNet+Inception 95.02
[67] 2022 VGG16, ResNet, MobileNet, Inception-v3, and Xception 98.30
[68] 2022 VGG,InceptionNetV3 98.00
[69] 2022 ResNet-50 95.10
Proposed InceptionNetV3, GITNet 99.32

https://doi.org/10.1371/journal.pone.0292601.t006

global features (GF) random forest approach achieved 95.9% Acc using the KVASIR dataset.
The features were integrated into InceptionNetV3 by applying the data augmentation tech-
nique and the result was 91.5% Acc. The technique of feature fusion was accomplished in 2021
with achieving 95.02% Acc. The five deep learning models were used for feature extraction
and the technique of feature fusion was applied to achieve 98.3% Acc. The features of two deep
learning models were combined with achieving 98% Acc. The resNet-50 was used for feature
extraction that attains 95.1% Acc.

The analysis of prior work indicates that existing work employed already crafted, pre-
trained transfer learning with feature fusion methods that provide less Acc as compared with
our proposed work. In our suggested work, pre-trained model inceptions are used with the
proposed GITNet model for feature extraction that achieved 99.32% Acc which is better than
existing methods.

4.5. Discussion

In this manuscript, GIT disease classification is performed. The preprocessing technique,
AGCWD performs the transformation of the pixel energy level of the endoscopic frames. Features
are extracted by the deep CNN models, including GITNet and InceptionNetV3. After that, the
features of both deep models are optimized by the ACO method, which lowers the computation
cost of the classifiers. Additionally, features obtained by the ACO are fused serially. The four clas-
sifiers are used for the GIT disease classification including CSVM, CGSVM, QSVM, and LSVM.
Correspondingly, in the proposed work, multiple experiments are carried out but only the best
three are illustrated after visual analysis using KVASIR and NERTHUS datasets. The experiments
are carried out by tuning feature values, but the best results are obtained using total features such
as 200, 500, and 1000 features. In experiment 1 using the KVASIR dataset, with 200 features, the
CSVM provides higher accuracy than other classifiers. Similarly, the QSVM classifier provides
improved accuracy in experiments 2 and 3, which are 98.00% and 99.32%, respectively. The train-
ing time of conducted experiment over the KVASIR dataset using four classifiers is depicted in
Fig 16. Grad-CAM is implemented, which represents the learning pattern of the deep learning
model. The proposed model is also evaluated using NERTHUS dataset where it performs well.
The results of conducted three experiments over the NERTHUS dataset are depicted in Table 5.
The results’ comparison over the existing SOTA approaches is done which shows that the perfor-
mance of the suggested work is better than the existing methodologies.

5. Conclusion and future work

This research work presents an approach for the disease prediction of GIT using endoscopic
images. The work is evaluated over two publically datasets including the KVASIR and
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NERTHUS datasets. The technique AGCWD is employed as a preprocessing phase for
enhancing the pixel intensity level, which helps to get better features for disease prediction.
The proposed GITNet is a CNN-based deep learning model which is trained and tested by
using a third-party dataset i.e. CIFAR [21]. The GITNet and an existing pre-trained model
named InceptionNetV3 are employed for feature extraction from the fully connected layers. A
bio-inspired approach name ACO is applied for feature subset selection. The selected features
are fused serially and given to the SVM-based classifiers for predictions. The selected classifiers
are trained on the different feature sets of 200, 500, and 1000 and higher accuracy is achieved
on 1000 features. The four classifiers considered in this research include LSVM, CSVM,
QSVM, and CGSVM which are assessed during experimentation. This SOTA approach pro-
vides a classification accuracy of 99.32% on the KVASIR dataset by using QSVM. The pro-
posed approach performed well in terms of Acc (99.89%) when evaluated over the NERTHUS
dataset. Moreover, the comparison of the result is done with existing SOTA approaches. From
the specified results, it can be concluded that the CNN-based deep learning models including
the proposed GITNet and pre-trained InceptionNetV3 with the feature fusion method give
outstanding performance for the classification of GIT images.

In future work, a different combination of hand-crafted and deep feature extraction meth-
ods can be evaluated. Different metaheuristic feature selection methods may yield better
results. The improved techniques for image preprocessing and enhancement may be inte-
grated into the existing model to improve its performance.
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