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Abstract

Various diseases, such as colon cancer, gastric cancer, celiac, and bleeding, pose a significant risk to the gastrointes-
tinal (Gl) tract, which serves as a fundamental component of the human body. It is less invasive to observe the inner
part for disease recognition by using endoscopy and colonoscopy devices. Gastroenterologists consider the increased
frame rate in video endoscopy to be challenging when it comes to identifying pathological findings. The detailed
examination requires an experienced gastroenterologist. The ordinary procedure takes much time in disease classifi-
cation. A machine-learning-based computer-aided diagnostic system (CADx) is in high demand for helping Gastro-
enterologists diagnose Gl tract diseases with high accuracy (Acc). CADx takes very little time in diagnosing diseases
and supports the training of clinicians. With the assistance of a gastroenterologist, CADx has an impact on reducing
the mortality rate by finding diseases in their early stages. In an extensive examination of CADx, the focus is placed

on ailments affecting the Gl tract, various imaging methods, as well as diverse forms of CADx and techniques. These
encompass preprocessing, feature extraction (both handcrafted and deep learning features), feature selection,

and classification. In addition, future research directions in the area of automatic disease identification and categoriza-
tion employing endoscopic frames are being looked into based on the existing literature.
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Introduction
Visual data are very important and dominate over the
other forms of data. Efficient algorithms are used to
compute the visual data and acquire the necessary infor-
mation. The CADx has multiple applications, such as dis-
ease recognition and classification, recognizing faces on
social networks, assisting remote sensing, and enhancing
security systems [1]. In addition, Al-powered systems
can locate disasters in far-off locations by analyzing sat-
ellite images. Similarly, the health care system generates
significant information about diseases using visual data
promptly. Once the multimedia data is processed and
analyzed, it is essential to promptly address the results
of the challenges within the existing healthcare system.
A way of healthy living can be improved by the advance-
ments in technology in the medical industry. With the
help of advancements in technology, now a day man
can visualize and inspect the inner parts of the human
body by adopting procedures such as endoscopy and
other techniques that were unapproachable in the past.
The gastroenterologist examines the internal part of the
GI tract by inserting a camera through a long wire tube
to identify any potential diseases. The digestive system,
sometimes referred to as the GI system, which is essen-
tial to the process of breaking down and absorbing nutri-
ents from food. GI tract is composed of eleven parts. The
endoscopy procedures are categorized into two methods
upper endoscopy and colonoscopy, the procedure which
is adopted to observe the stomach, and small intestine
by inserting the tube from the mouth is known as upper
endoscopy while examining the large colon, intestine,
and rectum inserting the long tube through the rectum is
referred as colonoscopy. The GI tract is vulnerable due to
several diseases such as colon and gastric cancer affecting
the bowl and stomach respectively. The literature shows
that every year 0.7 million cases are reported related to
gastric cancer [2]. It is essential to comprehend the intri-
cacies of the gastrointestinal system in order to preserve
general health and avoid digestive diseases. A balanced
diet, adequate hydration, and proper nourishment all
support this vital physiological system’s optimal opera-
tion. Figure 1 shows the pictorial view of the GI tract.
According to the National Center for Health Statistics,
in new cancer cases, 606,880 out of 1,762,450 were death
cases in the United States. Moreover, stomach cancer is
revealed as the fifth deadliest cancer, resulting in an esti-
mated 783,000 deaths in 2018 [4]. Cancer is dominant
in central Asia and Middle Eastern countries reported
internationally. The intensity of GI diseases increased
in the United States of America where 60-70 million
people were affected by bowel cancer (colorectal can-
cer) [5] and 700,000 cancer deaths and 1.3 million new
cases were revealed in 2018 statistics [6]. World Health
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Organization (WHO) international agency declared that
colorectal malignancy is the third and second most nor-
mal disease in people. The abnormal growth of cells leads
to the development of various diseases, including can-
cer. The abnormal cells are produced from the affected
older cells that never die. When compared with normal
cells, cancer cells have different characteristics including
the growth of cells into other tissues [7]. Cancer is a very
dangerous case when the deoxyribonucleic acid (DNA)
of a cell becomes damaged which can form a cancer cell.
Types of diseases in the GI tract are illustrated in Fig. 2.

There are two possibilities when the DNA of a cell gets
damaged, In one case the damaged cell is repaired and in
the second case, the cell dies. The second case is very dan-
gerous in which new cells are produced like DNA as its
parents[8]. Bleeding refers to a medical condition in which
various abnormal conditions affect the GI tract [9]. GI tract
bleeding is the most common abnormality and its detection
is particularly very important in screening [10]. A polyp is
a very dangerous disease like cancer that leads to unusual
mucosal growth, typically benign. However, some colorec-
tal polys are diminutive and very dangerous. If Polys is not
treated in the early stage, it can affect the other regions of
the GI tract [11]. The colon and small bowel are the most
suitable places for growing polyps that grow in any region
of the GI tract [12]. Celiac disease has become more com-
plex to diagnose [13]. The small intestine contains such a
type of disorder [14]. Excessive acidity in the stomach can
cause ulcer disease in the abdominal [15]. The disease due
to cells that are damaged by gastric juices is known as a pep-
tic disease [16]. Inflammation of the gastric lining is asso-
ciated with dyspepsia and acid reflux [17]. H Pylori is the
main cause of gastric inflammation [18]. When the mucosal
surface is infected or inflamed then it is caused to Crohn’s
disease [19]. Some time Crohn’s disease can also damage the
ileum(parts of the small intestine) [20]. Normal squamous
esophageal epithelium can inflammation by BE disorder
caused by metaplastic intestinal epithelium encompassing
goblet cells [21]. A pictorial view of all discussed diseases of
GI tract is given in Fig. 3. Gastric cancer clinical conditions
are presented in Table 1.

When the disease is examined and detected in its
early stage might be possible to recover timely which
saves human life. Early examination of GI tract can put
an impact on human health. Conversely, the screen-
ing procedure is time taking and demands hefty costs
for disease diagnosing that gives rise to an unfavorable
atmosphere and discontentment. Norway and the US
have conducted tests at prices of $450 and $1100 per
case, respectively, demonstrating a similar approach
[27]. Various diseases that are visually visible, such
as gastric cancer, bleeding, and stomach ulcers, have
the potential to impact the GI tract [28]. The medical
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field encompasses a vast domain to acquire a region
of interest in GI tract. The exponential growth of
multimedia data, including videos and images, poses
challenges in terms of storage, processing power, and
bandwidth requirements. Multimedia data comes in
various formats, resolutions, and encoding schemes,
making it difficult to handle the heterogeneity of data
sources. This heterogeneity introduces challenges
in data integration, interoperability, and compat-
ibility across different multimedia platforms. Extract-
ing meaningful information from multimedia data
involves challenges in content understanding, feature
extraction, object recognition, and semantic analysis
[29]. Using modalities of different companies, varying
specifications, the orientation of diseases, cleansing,
and illumination effects are founded in the frames of
endoscopy and colonoscopy. Different types of image
modalities are discussed in the following section.
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Images modalities

The medical image acquisition procedure is adopted
without any biopsy renowned as modalities. Therefore,
screening of the GI tract is performed using endoscopy
as an invasive method. In addition, an endoscope consists
of a long wire-attached instrument with a camera [30].
Endoscopy techniques are being found with diversities.
Several types are introduced but major categories are
traditional wired video endoscopy and wireless capsule
endoscopy, both are used for screening of GI tract. Some
of these types of endoscopy procedures are discussed as:

a) Traditional wired video endoscopy (WVE): WVE
is composed of different parts including the light
source, charged couple camera (CCD), liquid crys-
tal display (LCD) screen, flexible wire, light source,
and monitor to observe the individual frame of an
image. The WVE is a less invasive method where a
secondary channel is used for biopsy or taking tissue
samples from the lesion areas [31]. This procedure
needs accurate control by gastroenterologists over
the movement of the endoscope during the cleansing
process using the accessory channel [32]. The wired
endoscopy procedure having the camera with its
front end is shown in Fig. 4.

b) Wireless capsule endoscopy (WCE): The more
secure, convenient, and efficient way is the wireless
capsule endoscopy for observing the GI tract. WCE
faces some challenges such as capsule cost with the
cost of an expert, screening without camera control,
and lack of a secondary channel. The one noninvasive
procedure is the WCE, but its field of view (FOV)
is out of control for visualizing small bowel when
compared with WVE. However, WCE still provides
painless solutions when compared with WVE [34].
The advantage of WCE over other techniques is its
capturing long-length videos, such as in the case of a
single patient 45 min to 8 h are taken and more than
50000 frames are generated. The process of manual
screening takes time with a specialist endoscopist
and the specific region of the GI tract which is being
observed [35].

c) High-definition video endoscopy (HDVE): The den-
sity of transistors in a single chip is cumulative as
enhancement in technology is being made. The
microscopic view can be magnified by using HDVE.
The targeted area can be visualized 150 times mag-
nified in HDVE and the microvascular structure of
mucosal can be visualized more visible and clearly by
the HDVE instance of WVE [36].

d) Zoom/magnifying endoscopy (ME): The improved
endoscopy technique is known as ME in which a lens
is used to the magnifying the mucosal surface. HDVE
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Table 1 Gastric cancer clinical conditions

No Name Clinical conditions

1 Normal The mucosa is free from irregular structure and abnormal lining.

2 Metaplasia The existence of gastric-type mucus-secreting cells is described by the gastric metaplasia in the mucosa of the epithelium of the duo-
denum. The gastric foveolar epithelium caused limits the syndrome to a duodenal bulb and includes the replacement of normal
absorptive and goblet cells [23].

3 Dysplasia  When the cells of the gastric mucosa are transformed into abnormal then stomach epithelial dysplasia appears. The most common
type of stomach cancer adenocarcinoma forms when this cell irregularity appears[24].

4 Sparce Integrin beta and MMP-2 protein levels and SPARC are upregulated in stomach tumors examined with adjacent noncancerous tissues
[25].

5 Atrophic  Atrophic type cancer is also known as Type A or Type B gastritis. Atrophic is the process of persistent gastric lining, pointing to the loss

of gastric epithelial cells and their future replacement by intestinal and fibrous tissue [26].

e)

and ME both have similar features such as magnify-
ing the microvascular structure of mucosal [37]. The
standard WVE with some filter of the lens is used for
magnification [38].

Chromoendoscopy (CH): Chromoendoscopy is
the process used traditionally for investigating the
mucosal structure wherein spraying dyes are instilled
into the GI tract during visualization that makes dis-
ease area or cancerous area more clear and reported
useful in many cases [39].

Virtual chromoendoscopy (VCH): The VCH is more
user-friendliness as compared to the CH. The CH is
primarily utilized alongside image processing algo-
rithms and bandpass filters, which produce a dye-like
effect. Furthermore, other endoscopic procedures
conducted with the VCH do not require the appli-
cation or removal of dye through spraying and suc-
tion. VCH and HDVE are used alternatively and con-
trolled with a single switch for on/off which makes
them more sophisticated and user-friendly [40]. The
term digital, electronic, and dye-less is used for VCH
in the literature [41].

g) Narrow band imaging (NBI): The mucosal irregulari-

ties are highlighted using NBI associated with polys
and dysplasia [42]. The NBI is a more convenient and
refined procedure because it uses filters and makes
the microvascular structure, vein, and capillaries
more highlighted without using dye [43].

h) Confocal laser endomicroscopy (CLE): CLE is a

novel gadget in the endoscopist armamentarium. It
contains closed histological information. The limit
of gastroenterologists is to disentangle the infini-
tesimal pieces of information which appear in vari-
ous screening procedures in the GI tract. Starting
late, the field of utilization has reached out to give
hepatobiliary and intrastomach CLE imaging. CLE
licenses"sharp,"coordinated biopsies, and can con-
trol endoscopic interventions. Regardless, CLE is in
like manner translational in its system and licenses
commonsense imaging that put impacts our percep-
tion of gastrointestinal diseases. Subnuclear imaging
with CLE licenses acknowledgment and depiction
of wounds and may even be used for the desire for a
response to centered treatment [44]. The illustration
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of all discussed endoscopy apparatuses is given below
in Fig. 5.

However, an appropriate technique for processing
visual data due to both ongoing development and the
limited availability of training data is needed. Therefore,
effective, reliable, and scalable data processing tech-
niques are required that can handle substantial amounts
of data. In addition, within the healthcare system, visual
data necessitates parallel processing and the utiliza-
tion of elastic heterogeneous resources to achieve swift
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processing [46]. Choosing the right feature extraction
technique for CADx is an essential decision. Likewise,
the extracted features play a significant role in tasks such
as segmentation and classification. Both image preproc-
essing and image segmentation hold significant impor-
tance in obtaining image descriptors [47]. The study
focuses on several aspects related to the screening of the
GI tract, including different modalities that can be uti-
lized. In addition, the paper discusses feature selection
techniques and different classification methods employed
in this field. A generalized model of the CADx is shown
in Fig. 6.

There are enormous approaches used in CADx such
as Harshala Gammulle et al.proposed two methods for
disease recognition using handcrafted and deep learning
features methods [48]. Vajira et al. present five distinct
ML models using global features and deep NN models
for multiple disease detection and classification in the
GI tract [49]. Novel techniques with good accuracy are
employed in which data mining techniques are applied
with neural networks for GI tract disease detection
and classification [50]. The proposed model of CADx is
employed for disease classification [51]. The approach
describes the benefits of automatic disease detection
and classification over manual findings with endoscopy
images that are very fast and accurate [52]. The study
concentrates on the real-time use of CAD technologies
that give endoscopists instant feedback to make it easier
to integrate CAD systems into clinical processes [53].
Using Al-based diagnostic techniques on video data is a
crucial step in achieving this objective. In a recent study,
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NBI zoom video clips of EAC and NDBE were used to
assess a deep learning model that had been built on static
images.

Output-based CADx systems are depicted in Fig. 7.

a) Content-based image retrieval CADy: By retrieving
well-matched images or collections of images from
the database using content-based image retrieval
(CBIR) algorithms, a descriptor is produced, which
is then condensed by feature extraction [54]. CBIR is
a straightforward solution that aids Gastroenterolo-
gists in identifying abnormalities by allowing them to
choose required insights from a sequence of frames.
[55]. All data of endoscopic procedures retrieved
that hold similar pathological conditions such as
bleeding, inflammation, and ulcer [56]. Therefore,
CBIR is referred to as CADx because a query image
is fed into it after features matched by a single or set
of images are provided at its output [57]. Generally,
the discrimination between the normal or abnormal

regions in the frames is achieved by classification and
segmentation methods that are described ahead.

b) Disease classification CADy: Classification-based

CADy system classifies the lesion or nonlesion area
in the frames of the endoscopy and it can also per-
form multilevel classification further checks the
grade or severity-level of the disease so that treat-
ment started at the early stage of the disease [58].
The modern approaches for disease classification are
supervised(labeled or data-driven) and unsupervised
(unlabeled) based learning. In supervised learning,
the descriptor of each frame is extracted. It is com-
bined with the label of each class, resulting in the
attachment of the class label to every feature vector
within the entire dataset. The model predicts the
label of the relevant class after training while in the
unsupervised model, the label is not required similar
feature-based clustering is performed in the train-
ing phase and the model can classify the normal and
abnormal areas in the frames of endoscopy [59].
Disease segmentation CADy, The process of select-
ing the required area from the image based on similar
features is called segmentation also referred to as a
perceptual grouping of pixels. The pixels with similar
characteristics show the disease area also called the
subimage in the frame [60]. The segmentation-based
CADx systems take an image as input and provide
the annotated image. Detecting diseases using the
segmentation method remains a difficult undertak-
ing due to the presence of various factors in the GI
tract area, such as blood, polyps, and bubbles, which
introduce variations. Therefore, segmentation could
be performed in real time or later on recorded frames
of videos [61].

d) Summarizing endoscopic procedures CADy: Recall

(Rec), sometimes referred to as sensitivity/hit rate/
true positive rate, is one statistic used to evaluate the
effectiveness of CADx systems. Recall offers informa-
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tion on the correct identified sample relative to the
real sample of the positive class.. The term Fpy (false
positve rate) and Fyg(false-negative rate) measures
the postive and negative classes prediction. Other
metrics are included precision (Prec), accuracy, spec-
ificity (Spec), F1 score, and region of interest. These
measures scale how well the system can accurately
classify and segment data.

The complete review is organized as follows:
Sect."Preprocessing of endoscopic frames'offers a
detailed analysis of the various preprocessing tech-
niques applied in prior studies. Sect."Polyps segmen-
tation methods"outlines the approaches employed for
segmenting the affected area in the frames. The methods
for feature extraction, including both deep learning and
handcrafted techniques, are discussed in Sect."Feature
extraction methods". Sect."Features selection
methods"delves into the approaches for feature selection,
while Sect."Disease classification methods"focuses on
classification methods. In Sects."Datasets" and "Perfor-
mance measures”, the datasets used and the evaluation
metric employed are described, respectively. In the last,
Sect."Challenges and findings"offerings the conclusions
drawn from the review, and Sect."Conclusion"highlights
the challenges and potential avenues for future research.

Preprocessing of endoscopic frames

CADx includes preprocessing as an initial stage because
endoscopic frames contain a lot of challenges including
feeble cleansing, bubbles, insertion of instruments, dis-
tortion of lenses, illumination invariance, and the exist-
ence of food particles [62]. Likewise, endoscopic images
are suffered from various factors such as poor contrast
and disease orientation [63]. Thresholding techniques
are utilized on parts of the frames to eliminate noise in
the images, while image clipping methods isolate particu-
lar regions and break down the background into small
noise elements such as edges, points, and lines. Simple
and median filters reduce the noise from the frames by
designing an affecting noise filter [64]. Preprocessing
deals with various operations including image resizing,
noise removal, median filters, color space transformation,
and histogram equalization for improving the visualiza-
tion of the frames. The image enhancement is performed
for making the image more appealing and revealing the
contents of the image that are not perceived by the naked
eye [65]. Furthermore, image enhancement is done by
adjusting the contrast, pixel color value, removing noise,
and normalizing the endoscopic frames [66]. The tech-
nique brightness preserving dynamic fuzzy histogram
equalization (BPDFHE) is employed for enhance the
brightness of the images [67]. The different color spaces
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which include RGB, CIEXYZ, CIELAB, YIQ, HSV YUV,
and HIS are used for improving the quality of the frames
[68]. The implementation of the CLAHE preprocessing
technique enhances the outcomes in the classification of
colorectal cancer conditions. [69]. The available frames of
endoscopy come with RGB color space. Histogram equal-
ization improves the visualization of RGB frames [70].
The preprocessing techniques including HSV, CIELAB,
and other color spaces support color feature extraction
[71]. Statistics of color and moments are used as color
space. There are three color space channels hue, satu-
ration, and intensity that are transformed in HSI color
space [72]. Three channels are used with radial basis fil-
ters also known as the kernel. Disease detection and clas-
sification need to be considered using endoscopy-based
images. Only a few frames of images own abnormalities
during capturing the images in the GI tract. Sometimes
the abnormal areas in the image cannot be identified
by the human eyes due to the lack of the image captur-
ing standard [73]. For improving image quality, the pro-
cess where image enhancement, color space selection,
size, and texture adjustment is performed. Hence, exist-
ing techniques can be accommodated by handling all
these issues [74]. Color utilization variation in the image
frames may cause false detection of abnormalities in the
image classification [75]. A low colorspace is used during
the capturing of frames from the GI tract by endoscopic
procedures. Hence for improving the Acc, several pre-
processing methods are conducted to show images more
appealing for the detection of abnormal areas [76]. The
random rotation occurs in the endoscopic frames due
to variation in the field of view. Several methods are dis-
covered that determine the variations in the visual area
of the endoscopic frames [77]. The changes in light and
distance to the mucosa in the gastroscopy images may
cause scale invariance in the endoscopic frames [78]. The
preprocessing helps to segment the abnormal area of the
GI tract. Polyps are detected by CNN-based approaches
using annotated image datasets that are prepared by an
experienced colonoscopist. In the following section, dif-

ferent segmentation approaches are comprehensively
described.

Polyps segmentation methods

In the recent times, the field of automatic disease detec-
tion, particularly in areas such as polyp detection and
segmentation, has become an important research
area. Consequently, numerous algorithms and effec-
tive approaches have been devised to detect polyps [79].
The analysis of polyp is done based on texture and color
methods. utilization of manually designed descriptors to
capture and learn the distinctive characteristics from the
images [80]. In the research industry, CNN has gained
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considerable prominence due to its notable achievements
in public challenges. [81]. Novel software modules and
algorithms are specifically developed for the detection of
edge and polyp shots, employing CNN [82]. Moreover, a
range of methods is utilized for detecting polyps in colo-
noscopy data. The CNN models are employed in transfer
learning and postprocessing approaches [83]. Similarly,
the model’s ability to detect polyps has been enhanced
and the production of polyp images occurs by using gen-
erative adversarial networks [84]. A high-sensitivity algo-
rithm utilizes to identify the real-time pattern from the
images is known as you only look once (YOLO) to detect
and pinpoint polyps [85]. A SEM-supervised method is
used to segment the abnormal area of the illness [86].
Moreover, the Spec and Sen of these systems are high in
terms of performance [87]. In recent times, the standard
of computer vision approaches has improved using data-
driven methods, including the method of segmentation,
where feature maps are acquired from the layers of deep
CNN models [88]. Different deep-learning models are
employed in the literature for disease segmentation as
shown in Table 2.

The initial introduction of the segmentation approach
relies on a fully convolutional network (FCN) [96]. The
FCN architecture has been modified and expanded to
create UNet [97]. Furthermore, UNet is composed of two
pathways known as the encoder and decoder, which serve
as the analysis and synthesis components, respectively.
The encoder explores the information deeply using differ-
ent depth of filters and also, decreased the dimensions of
the feature maps while the decoder combined the infor-
mation and provide segmented output. The encoder—
decoder architecture, exemplified by UNet and FCN,
holds great importance in the realm of semantic segmen-
tation [98]. In the literature, various versions of UNet
have been documented for biomedical segmentation.
Among the pretrained networks utilized, both VGG16
and VGG19 are included which are trained by the Ima-
geNet dataset that can also be replaced by the encoder

Table 2 A summary of results compiled over the Kvasir-SEG

dataset

Refs Years Methods Dataset Results

[89] 2022 Graft-U-Net Kvasir-SEG 96.61% mDice
[90] 2022 AMNet 91.20% mDice
[91] 2022 BSCA-Net 91.00% mDice
[92] 2022 SwinE-Net 93.80% mDice
[93] 2021 MSNet 90.70% mDice
[94] 2021 SANet 90.40% mDice
[95] 2021 UACANet 90.50% mDice
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for segmentation tasks [99]. As a result, ResNet50 and
similar residual networks have achieved remarkable
success in transfer learning [100]. As described in the
upcoming section, the process of extracting features
holds significant significance in disease segmentation and
classification.

Feature extraction methods

The color information (pixel intensity) is transformed
into numeric data which shows the pattern and represen-
tation of instances in the images known as features. The
recent literature reports the methods how to extract the
descriptors (most important information/features) from
the frames using different feature engineering methods.
The required low-level information about the diseases is
extracted that is employed by the classifiers [58]. It is dif-
ficult to explore the descriptor of lesions in the frames of
the GI tract explicitly because of even conspicuous vari-
ations in shape and color [101]. The important features
are color, texture, geometric, hybrid, and deep learn-
ing features. There are three classes of feature extrac-
tion including the spatial domain which deals with pixels
directly, the frequency domain works using a frequency
of the specific information including Fourier transform
and wavelet techniques, and deep features learn automat-
ically using deep models. Moreover, The spatial domain
deals with pixel intensities while the frequency domain
describes the rate of change in the intensity of the pixels.
The spatial-temporal domain has some feature extrac-
tion methods [102]. The process of extracting features
is categorized into four groups, namely color features,
geometric features, texture features, and feature learn-
ing. Texture and color information is commonly used to
characterize the features of GI tract diseases. Texture fea-
tures are categorized into three types such as local binary
patterns (LBP) that capture local information using 8 x 8
sliding windows, filter-based features, and shape-based
which are crucial for GI tract disease identification [103].
Frames of video endoscopy are transformed into HSI
color space for feature exploration [104]. The feature sets
are made by splitting the images into patches with chro-
maticity movements calculation [105]. The CIELAB color
space methods are used for detecting abnormal regions
using local patches [106]. The texture and shape of the
image help to find an interesting region in the image
frame [107]. A single frame of image is subdivided into
small partitions to extract insights from each patch. Tex-
ture analysis is used in finding abnormal parts of the
frames, it is used as a descriptor for pattern analysis of
gastric tumors or malignancies [108]. Feature extrac-
tion methods utilized for texture analysis encompass
histogram-oriented gradient (HOG) that apply thresh
hold and extract information using 9 bins based over



Ramzan et al. European Journal of Medical Research (2025) 30:674

gradient (magnitude of the rate of change) and orienta-
tions (angles), scale-invariant feature transform (SIFT)
[109], segmentation-based fractal texture analysis (SFTA)
[110] collects the fractal information from the images,
LBP, and Otsu’s methods [111]. Homogeneous textures
are used for the identification of lesions in the endoscopic
frames [112]. The texture is computed using Discrete
Fourier transform method and statistical analysis of nor-
malized gray-level co-occurrence matrices is calculated
that represents the texture of the images [113]. Discrete
wavelet transform (DWT) based features are combined
with LBP features to extract texture information from
WCE frames and classifiers are trained on these features
[114]. Features extraction methods are depicted in Fig. 8.

Spatial domain

Spatial features refer to the intensity of local pixels in
the image. Moreover, spatial features are used to ana-
lyze the features including texture analysis (Texture
analysis involves identifying patterns and structures
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within an image), color analysis (Color analysis involves
identifying the colors present in an image and their dis-
tribution), and shape analysis (Shape analysis involves
identifying the shapes of objects in an image). The spa-
tial features are extracted by domain experts who design
a specific technique according to their knowledge. It is
difficult to extract complex patterns using handcrafted
techniques. Feature extraction is a predominant and
important method like preprocessing and segmenta-
tion that are used for GI tract disease findings. Feature
extraction methods in the spatial domain are depicted
in Fig. 9. Feature extraction is a key emphasis for Ail-
ment detection. The processing of feature extraction in
the spatial domain deals with direct pixels manipula-
tion. Every pixel of the endoscopic frames is precisely
investigated for abnormalities recognition [108]. Sev-
eral methods of feature extraction are developed for
infection finding and getting perceptual information.
The multiple methods of feature extraction in the spa-
tial domain are discussed in the following section.

Features Extraction Methods
+ . +
Spatial Domain Frequency Domain | |Features Learning Methods

Fig. 8 Features extraction methods
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Fig. 9 Overview of feature extraction methods using a special domain
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Color characteristics

The basic visual features that are extracted from the
endoscopic frames are the colors that show the visual
spectrum of the mixed light with various bandwidths.
The mucosal surface is visualized by using color infor-
mation of gastric frames acquainted using NBI and CH.
Colors are considered very important in clinical pathol-
ogy finding such as inflammation, bleeding, ulcers, etc.
Endoscopic frames contain colorful information where
each color information is recognized as the color chan-
nel (RGB). However, gray images are made with a single-
intensity channel. Mostly colon and gastric frames have
low contrast color space [115]. Endoscopic frames are
represented by different color spaces such as CIE-LAB,
CIELUV, CIEXYZ, HSV, and RGB in various applica-
tions but which one is more important for any particular
malignancies could not be determined.

a) Color histograms: The histogram is the basic infor-
mation that can be derived from an image’s channel
[116]. A histogram indicates a pixel strength proba-
bility and provides information on the color distribu-
tion. In the zoom endoscopy, the study of the differ-
ent channels in a single color space is carried out and
the individual channel is combined as a single frame
[117]. Likewise, the two-color channels histogram
including RGB and HSI are utilized. The features of
the color histogram and RGB histogram are used to
detect the specific region of the disease. Besides, the
HSV color histogram is considered better than the
RGB color histogram in some experiments. There-
fore, the conversion of RGB color space into other
color spaces is performed for improving results. Clas-
sification of bleeding frames is performed by using
HSV color space that shows greater uniformity of
colors [118]. HSV color histograms gain more impor-
tance than image histograms of the local RGB color.
The primary colors are used to compute thresholds
for the segmentation of the colonoscopy images, and
the segmentation error is reduced by using the CIE-
LAB color space [119].

b) Color moments: Colors are very sensitive to lighting.
These are changed in a complex GI tract during data
acquisition under different lighting conditions that
offer new challenges when using colors as descriptors
to identify gastric anomalies. Due to lighting changes,
color moments are meant to cope with color varia-
tions. The basic function of the methods of polyno-
mials and HSI color space is to detect diseases such
as bleeding and ulcers in endoscopic frames. The
bleeding regions are identified and classified by using
color arrangements [120]. Several methods of feature
extraction are developed using different statistical
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approaches to describe the color characteristics in
the RGB frames. The diseases including precancer-
ous lesions are identified by statistical characteris-
tics using endoscopic frames [121]. The technique
optimum multithresholding flattens the boundaries
of diseases and morphological operations are per-
formed to fill the holes for disease detection [122].
Owing to a lack of control over camera movement in
the WCE procedure, the major problem is the cam-
era distortion in various systems. The camera’s vari-
able distance from the mucosal wall creates unde-
sirable effects. Uniformly spaced channels and light
reflections are distinguished by the CIE-LAB color
space. Kurtosis, variances, and entropy are the color
moments that are calculated to detect the Ulcer and
bleeding from image channels [123]. Color features
are extracted by HIS color space for visual percep-
tion [124]. Similarly, the numerical statistical meas-
urements of various composite channels for bleeding
detection in WCE frames are computed over a vari-
ety of color attributes.

¢) Salient color features: salient color features mean
specific patterns in the frames. A process of conver-
sion from RGB to other color space (CMYK, CIE-
LAB) is done to detect the salient regions such as
polyps, and bleeding [125]. First-order moments
are determined to shape the collection of features.
Moreover, in CIE-LAB color space, characteristics of
particular pixels are defined for the identification of
affected regions where the transformation of RGB to
HSV is done [126]. Furthermore, HSV color space is
inverted to RGB color space for the detection of the
bleeding regions [46].

d) Local color features: By splitting any image into small
patches, the information on local color is obtained
from images. Using the patches, valuable features
(descriptors) are extracted [127]. The local informa-
tion from the frames is determined and analyzed.
Descriptors can also be included the pixel spatial
position and as well as color information. Similarly,
the distance between color pixels is considered for
computing the abnormalities using CH frames [128].

Texture features

A recurring pattern in an image is recognized as a tex-
ture that provides information about surface characteris-
tics including roughness and flatness. Texture in frames
is classified by employing a difference-based micro-block
technique in which multiscale symmetry is discrimi-
nated [129]. Pixel-level and dense macroblock changes
are referred to as local features that combine the K-rota-
tion with Gaussian distribution. A descriptor based on
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a higher-order local feature-based method is proposed
that processes the local information to encode global
descriptors [130]. An average spatial pyramid pooling is
merged using a multiscale difference (MSD) and micro-
block difference (MD) based texture descriptor which is
created by multiscale SDMD [131]. A novel multiscale
frequency-based classification approach is proposed
by including the color difference-based representation
(CDR) method for texture exploration. The local and dif-
ferential excitation vectors are used for extracting a vari-
ety of textural formations. The combination of the CDRs
is used to create various texture features [132]. Similarly,
texture analysis is very famous and gained a lot of sig-
nificance in medical imaging such as cancerous regions
detection and representation of texture methods using
endoscopic frames.

a) Local binary pattern: A very helpful texture describ-
ing the method by using images is LBP where all
neighboring pixels are compared with the cen-
tral pixel and binary code is assigned to every pixel
that determines the simple LBP pattern and later
on binary codes are converted into decimals. A his-
togram is created by computing the occurrence of
binary codes where the local texture in the images
is represented. There are numerous developments
made to increase the representational power of the
LBP. Here, illumination variations are dealt with by
multiscale LBP [133]. The LBP deals with the various
structure of neighboring pixels (8,16,24) and is also
employed with various other LBP variants (LBP59,
LBP256, LBP10) that extract features for the problem
of image classification [134]. Similarly, vector quan-
tization is used with uniform LBP for abnormalities
detection [135]. Refined local pattern features-based
LBP is introduced for the grouping of texture and
a more advanced technique is reported to extract a
refined completed LBP (RCLBP) combined to create
a JRLP texture descriptor [136].

b) Statistical texture features: To represent the texture
of pictures, statistical measures are commonly used.
Statistics on intensity distribution provide details
about the texture of the image. GLCM is introduced
in which pixels in pair form are found whose fre-
quency is measured. Besides, from these matrices,
several statistics including contrast, energy, simi-
larity, and correlation are determined to describe
the texture of images [137]. Similarly, anomalies are
detected by the texture of the endoscopic images
using Haralick’s features [138]. Moreover, YIQ color
space with statistical features is employed to approxi-
mate the diseases in the GI tract. Texture informa-
tion is obtained for disease classification by comput-
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ing GLCM. Texture features involve the computation
of entropy, an inverse moment of difference, energy-
angular second moment, and correlation are used
for the analysis of GI tract diseases [139]. In short,
statistical metrics (mean, standard deviation) are
used for texture features analysis. Some common sta-
tistical texture features such as LBP, and gray-level
run length matrix (GLRLM) features. Gray-level
co-occurrence matrix (GLCM) features describe
the second-order statistics of an image, which cap-
ture the spatial relationship among a couple of pix-
els. LBP features describe the distribution of local
binary patterns within an image, which captures the
texture information in a more local and fine-grained
way than GLCM features. GLRLM features describe
the distribution of pixel runs of the same gray level
within an image, which captures information about
the length and orientation of texture patterns.

Geometric features

Geometric features contain information about edges,
corners, points, lines, blobs, ridges, image texture with
salient points, and shape bases features as addressed in
the following sections.

a) Edge-based features: Normally, colorectal cancer has
no distinctive form or scale. However, features (edges
or contours) of some lesions like polyps and tumors
are detected by using a geometric model [140]. Simi-
larly, Sobel which is famous for sharp variation detec-
tion, and Canny edge detector are used to design a
model that finds the shapes and edges of the pol-
yps [141]. The features of Gastric cancer disease are
extracted using edge-based features [142]. Celiac dis-
ease tissues of normal and abnormal are examined by
the geometric feature extraction approach [143].

b) Shape-based features: The shape-based modeling
including smooth spiral, fractal dimension, and
Koch-snowflake efficient methods are performed
using frames of NBI [144]. Based on the optical
colonoscopy images, very important features are
extracted from multiscale objects [145]. Some geo-
metrical features of polyps are determined by the
HLAC method [146]. HLAC technique uses the
product—sum formula over auto-correlation for fea-
ture extraction using endoscopic images [147]. Fea-
tures of the elliptical pattern are used to recognize
the polyps abnormalities in the colonoscopy frames
[148]. Geometric features that make 3D trajectory
construction using frames of endoscopy by using
fuzzy logic [65].
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Hybrid features

In the spatial domain, frames are processed to extract
the various descriptors. In some particular conditions,
these methods of feature extraction may work well, for
example, color features for bleeding detection). How-
ever, these characteristics have minimal discrimination
power to identify complicated anomalies (e.g., cancer,
polyps, and Ulcers) when used separately. Hybrid fea-
tures deal with environmental problems such as varia-
tions of rotation, size, and illumination in the images.
To achieve stronger discrimination against accidents,
two or more forms of characteristics are combined.
Below are hybrid methods that are used for the auto-
matic diagnosis of lesions.

a) Color texture features: The inflammation region in
the GI tract is illustrated by applying combined char-
acteristics of the colors such as red color and filter-
based texture are utilized [149]. The composite char-
acteristics of the edge-based, texture, and colors help
to recognize the diseases in the GI tract [150].

b) Local binary pattern and color texture features: A
composition of RGB and HSV introduces modified
LBP features from the endoscopic frames [151]. The
combination of color and texture detail is used in var-
ious research works such as HV histogram from HSV
and similarly, HIS contains detailed information in I
channel, RGB, and RG histogram combined, same as
hue histogram are used in combination fashion [152].
Super pixels are raw materials to extract LBP texture,
color histogram, and PHOG. Multiple color chan-
nels in a mixture fashion support the extraction of
more refine texture detail from the images. Gaussian-
filtered LBP (GF-LBP) combined features are used
to extract texture from endoscopic images [153].
The pyramidal histogram is used in the extraction of
texture information. In the same way, texture-based
patches are isolated from the LBP characteristics for
classification by using patch information [154]. LBP
texture is arranged in the paired form with moments
of color. Texture color information is acquired by the
use of color histogram and LBP texture in a com-
bined fashion [155]. The explanation of color features
and texture descriptors in combined form is reported
where various components are fused including color
histogram, HSV, and LBP components [156]. Fur-
thermore, the LBP of 8 and 16 pixels with the central
neighborhood pixel is extracted to combine texture
and color information. LBP and uniform features
are combined and used for getting information from
endoscopic frames [157]. The chrominance is deter-
mined by the histogram in which RGB to HIS trans-
formation is executed using endoscopic images.
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c) Statistical color texture features: An imaging histo-
gram is utilized to compute the statistical moments
(entropy, standard deviation) that represent the HIS
and RGB color spaces. The dominant colors with
eight in quantity are computed from GLCM frames
where texture and color characteristics are combined
[158, 159]. In the same way, color characteristics are
presented by the bi-dimensional ensemble empirical
mode decomposition approach where computation is
made by intrinsic mode functions (IMFs) using endo-
scopic frames [160].

d) Color and geometric with texture features

Geometric texture features: Texture features (LBP,
SIFT, and HOG, etc.) are combined with geomet-
ric (PHOG function) and color information (RGB) to
describe the descriptor where significant deep unmoni-
tored features are extracted [161]. SIFT is used to classify
the endoscopic frames combined with shape-based HOG
and LBP features [162]. Statistical moments support
determining the topological characteristics in the picture
[163]. The physical (geometric) characteristics are deter-
mined to classify any potential for the affected region
from NBI images [164]. Using the high-order kernel to
design an algorithm named graph matching algorithm for
clustering the information of the frames [165]. The com-
bination of the edges and nodes is recognized as a graph
where nodes and edges are referred to as pixels and rela-
tionships between nodes have similarities respectively.

Geometric and color features: standard deviation and
mean statistics are calculated for polyps detection using
frames of endoscopy [166]. Heterogeneous, colors and
point-based SIFT characteristics are combined to seg-
ment the lesion in frames of endoscopy [167]. Salient
features are extracted using SIFT techniques in person
re-identification [168]. For segmenting disease, visual
data (edges, colors, and textures) is used and an edge-
based model is suggested as an ACWE [169]. The follow-
ing section describes the feature extraction approaches
used in the frequency domain.

Frequency domain

Images are used without transformation in most cases
for disease prediction. Frequency domain procedures
are performed based on pixel intensities and the rate of
change in intensities. The features are extracted using
exponential Fourier analysis that determines the rate
of changes in pixel intensities. The transformation (z,
Laplace, and Fourier transformation) into the frequency
domain is done before the feature extraction in most
cases [170]. The feature extraction methods in the fre-
quency domain are shown in Fig. 10.
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Fig. 10 Overview of features extraction methods using frequency domain

There are multiple methods of frequency domain such
as hybrid, color, and texture feature extraction. The color
texture method is further classified as Gabor and GLCM-
based color texture, LBP, and statistical color texture in
the wavelet domain. Similarly, geometrical color, tex-
ture, and combined form are used as color texture meth-
ods. The frequency domain methods for texture feature
include LBP in the wavelet domain and statistical texture
are used for disease identification and classification [146].
Color feature methods of frequency domain are DWT-
based and Fourier filter-based.

Color features

a) Discrete wavelet transform-based color features: Dif-
ferent methods are used to transform endoscopic
frames into color features (color information). The
coefficient of wavelets is employed to extract the
color information from the endoscopic frames by the
transformation of pyramidal discrete wavelets [171].
The statistical methods including mean, standard
deviation, scale, and rotation are utilized to extract
features by the dual-tree- discrete wavelet transform
(DT-DWT) approach [172]. A novel method pro-
duces feature vectors by computing six complex ori-
entation sub-bands in every breakdown scale [173].
Color eight sub-bands are proposed to extract fea-
tures. Stationary wavelet transform represents the
de-correlated detail sub-bands by computing vari-
ance and shows better performance in contrast with
DT-DWT-based features. Before DWT computing,
images are transformed into CIE-LAB color space

for feature extraction [174]. Fourier filters support to
extract colors features for disease identification.

b) Color features based on Fourier filter: Frames of
endoscopy are filtered using ring filters after the
transformation into the Fourier domain [175]. The
method of ring-shape band-pass filters utilizes ring
width sizes of minimal (1) and maximal (15) for the
analysis of multiscale objects. Using different size
ring-shape filters, RGB frames are filtered for get-
ting statistical information [176]. The information
is obtained by splitting individual channels of RGB
space into R, G, and B separately. The Fourier filter
is applied on any separate channel of any color space
like RGB, LAB, and CIELAB [177].

Texture features

Image surfaces and super-pixels are analyzed statistically
for texture features (softness or stiffness) extraction in the
frequency domain. Whereas an image is transformed into
the frequency domain before extracting texture informa-
tion. Generally, the computation of statistical measures
represents texture in the outcome of the operation.

a) Statistical features: Image classification tasks are per-
formed by the wavelet sub-bands statistical methods.
Adjacent sub-bands descriptors are represented and
modeled using linear regression that makes a dif-
ference between the sample and texture of the class
[178]. In the wavelet sub-band, four local features are
used to define the texture descriptors where wavelet
coeflicients model the heterogeneous and incremen-
tally generated histogram (HIGH). The techniques
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of texture concatenation of all sub-band create the
image vector (non-negative multiresolution vec-
tors (NNMYV)). The low-dimension WCE frames are
employed to compute the linear subspace of NNMVs
[179]. DFTs are computed for transforming the
frames of the WCE [180]. Operation of the log trans-
form is conducted using changing magnitudes for
co-occurrence matrices normalization. Various sta-
tistics are computed using co-occurrence matrices of
WCE images to represent the texture features. Differ-
ent patches are found in the images that are utilized
by DWT for lesion detection where four statistical
measurements of GLCM are used [181]. The Gabor
wavelet transforms (GWT) with the based compari-
son between DT-DWT and DWT is performed to
get texture features [182].

b) Local binary pattern: The transformation of images is

done and texture features are extracted by the curve-
let transformation. The image texture for Ulcer classi-
fication is represented by implementing uniform-LBP
features based on the coefficient of the transformed
domain [183].

Texture analysis based on Gabor filter: Likewise, the
log of Gabor filters are applied to WCE frames after
the contour-let transformation. The result of the fil-
ters is computed by the mean and standard deviation
to represent the texture features [184]. Gabor texture
features are represented by applying the properties
of scale, rotation, and illumination variations shift-
invariance [185].

Hybrid features

Supplementary discriminative power is achieved by com-
bining the various types of features referred to as hybrid
features. Hybrid features are widely used in both spatial
and frequency domains. The combination of color and
texture features is employed in the frequency domain
which provides better results than the spatial domain.
The hybrid methods in the frequency domain are
described below.

a) Color and texture features based on Gabor filters:

Texture features based on Gabor are fused with
color components by taking the mean and variance
of each sample. A random forest classifier is trained
using color texture features based on Gabor [186].
The ratios of various color components are utilized
to analyze the frames of the WCE. The differentia-
tion between cancerous and noncancerous cells is
done by extracting texture, shape and intensities
based features in the diseases classification [187].
Both color and texture information is obtained by
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combining the homogeneous texture features where
the log of Gabor filters (LoG) is employed based on
RGB color space. The composite fashion of Gabor-
based texture and scalable colors makes a partition of
the WCE frames of the GI tract. The classification of
WCE frames is performed by using MPEG-7 features
[188]. MPEG-7 features are used from where edge
histogram features and dominant color descriptors
are extracted that help to detect the abnormal region
in Crohn’s.

b) Color and texture based on grey-level co-occurrence

c)

matrices: Texture and color features are extracted by
LUV color space with WCC matrices and Gray-level
co-occurrence matrices (GLCM) are extended where
from sub-bands of wavelets, statistics of GLCM are
computed [189]. RGB color channels are exploited by
combining GLCM-based texture features and color
information. In the transformation of every channel,
GLCM-based characteristics are presented by sub-
bands of DWT. WCE frames are used in the DWT
process where GLCM features are extracted, and
later using RGB images and HSV color spaces, sta-
tistical measures are computed [190]. The combined
methods GLCM and color moments are employed to
compute features from images and channels respec-
tively for making a complete set of features [191].
Local binary pattern and color features in wavelet
domain: The transformation of RGB to CIE-XYZ
color space and from contour-let to LBP is made
for feature extraction from the WCE images [192].
Bleeding is identified in the testing phase of HSI and
RGB color. The transformation to CIE-XYZ color
space response is better than other color spaces. The
new approach is introduced where first DFT uses
color channels and later, using wavelet domain and
GLCM is calculated [193]. Intera-color histograms
and color channel support extract features with the
help of the opponent color-local binary pattern (OC-
LBP). By using texture information from images,
DWT and LBP features are extracted from middle-
level sub-band images. WCE images are captured
with RGB and HSI format from where DWT-based
LBP is extracted for classification [194]. YCbCr
color space having color information is employed to
extract DWT-based LBP features that have texture
information [195].

d) Statistical color texture using wavelet domain: In gen-

eral, statistical measurements including skewness,
mean, standard deviation, variance, and kurtosis sta-
tistics are used to calculate the sub-bands of images,
while energy, inverse difference, entropy, moment,
covariance, and contrast are used to calculate the
sub-bands of images'features. DCT transforms color
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curve-let covariance (3 C) images RGB to HSV color
space and 3 C of images is used to compute second-
order statistics. Leukocytes are categorized using
wavelet decomposition approach [196]. A set of fea-
tures is formed by the 3 C for the detection of tumors
in small bowel [197]. HSI color space is used by tex-
ture features, same as texture and color features are
fused that are recognized as statistical features [198].
Likewise, the integration of Hu moment and Fourier
descriptors creates the final feature set. The transfor-
mation from DT-CWT to ME frames that are used
in texture feature computation using frames of sub-
band having six-level. Irregularities in the form of
pit-pattern features are represented and computed by
statistics or Weibull parameters [199].

Combination of geometric and texture features: A
segmentation of polyps is performed by the water-
shed method [100]. A feature combination approach
referred to as a marker is proposed where the fusion
of k-mean clustering and Gabor texture is made for
polyp shape analysis. The term motility describes
muscle contraction that unites and drives contents.
Moreover, for the classification of a specific area in
WCE frames, the contraction method is adopted by
using the Gabor filter for edge detection [200]. Crisp
segments are shaped with edge detection by LoG and
SUSAN’s edge detector in the colonoscopy frames
[201].

Combination of texture features: The discrimination
power increases when the combination of texture
with another type of feature. The sign pattern (SP)
and the magnitude pattern (MP) map the texture
and multiscale wavelet transform-based techniques
known as MRIR split texture as a step function [202].
MP having wavelet sub-bands are utilized by the step
function fitted and calculated by the SDMVs with
frequency vectors (FVs) of SP [203]. The combined
features of LBP with multiple shapes and sizes are
got by the Gaussian filters named Leung-Malik LBP
(LM-LBP) which help to detect several pathological
situations from frames of endoscopy [204]. Gener-
ally, Texture features are a powerful tool for analyzing
and classifying medical gastrointestinal frames. Tex-
ture features capture information about the patterns
and variations in intensity and contrast within an
image, which can be indicative of underlying tissue
structures and pathologies. Similarly, by simply con-
catenating the feature vectors of the various texture
features into a single feature vector, such as when
we extract the Gabor and Haralick features from an
image, merging the two feature vectors into a single
feature vector. A summary of the feature extraction
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methods that are employed for the classification of
GI tract diseases is shown in Table 3.

Feature learning methods

Features extraction methods are divided canonically
into two types, bag of features (BOF) and deep learning
approaches. Moreover, feature presentation methods are
employed for the dictionary of the visual words while
neural networks for classification and deep learning CNN
are utilized for feature extraction using visual data in the
form of images. Feature extraction methods including
BOF and deep learning methods are given in Fig. 11. The
detail of each method is shown in the coming sections.

Bag of features

The term Bag of Features (BoF) is an extension of the
Bag of Words (BoW) used in natural language processing
while BoF is applied to image representation in computer
vision rather than text. The BoF model is a feature extrac-
tion technique used in computer vision, where local
image descriptors (e.g., SIFT) are clustered into a visual
vocabulary, and images are represented as histograms of
these visual words. Although BoF generates structured
numerical representations [214]. In various classification
tasks, the BOF model or bag of the visual word is widely
used where image features representation is denoted as a
visual word. The features in the frames of endoscopy are
represented in the form of visual words that are used for
learning the dictionary or codebook. The feature selec-
tion methods include filter (variance thresholding, TF-
IDF), wrapper (e.g., SVM-RFE), and hybrid approaches
(PCA + wrapper are employed to refine BoF features by
removing irrelevant or redundant elements, improving
model efficiency and accuracy. Combining BoF with fea-
ture selection enhances performance in tasks like image
classification and object recognition by reducing dimen-
sionality, minimizing noise, and optimizing discrimina-
tive power [215]. As a feature vector, the histogram is
used for every frame [216]. SIFT features distinct visual
words that are obtained and referred to as dictionaries
[217]. Characteristics are represented in vector quantiza-
tion by computing the histogram of visual words. These
features are used for the classification and clustering
of the diseases in the frames. SIFT features are used to
extract dense features for disease classification [218]. The
k-mean clustering algorithm produces visual vocabulary
and quantized features set to recognize cancer tissues
in the endoscopic frames. BOF methods are employed
with big-scale SIFT and dense detectors for producing
pCLE imagery [219]. Visual word-based color histograms
and the frames of endoscopic are tested by techniques
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Table 3 Summary of feature extraction methods and Gl tract disease classification
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Refs Years Methods Datasets Modality Results
[205] 2023 Feature Engineering methods are employed for Gl tract disease detection and clas- 8000 images VE 99.24%
sification. Acc
[206] 2023 Hybrid approach is used for Gl tract disease classification. 8000 images VE 97.25%
Acc
[207] 2022 Deep features are extracted for Gl tract disease identification. 8000 images VE 97.00%
Acc
[29] 2021 Transfer learning approaches are used with variants of SVM classifiers Gl tract diseases 4000 images VE 95.02%
are categorized. Acc
[161] 2020 (CS-LBP and auto color correlogram are employed for feature extraction and 200 images WCE 95.00%
K-mean and SVM classify the frames of endoscopy. Acc
[208] 2020 GLRLM-based features are used for colorectal polyp findings using SVM. 86 videos VE 98.83%
Acc
[209] 2020 Color and texture features are employed for Polyps identification and classification 300 WCE 86.00%
using an SVM classifier. Images Rec
[210] 2019 ASWSVD is used for feature extraction and multiple classifiers classify the diseases 5,293 and 8,740 images WCE 86.00% Pre
of Gl tract
[211] 2019  An ulcer is classified by an SVM classifier using color and texture features. 9000 images WCE 99.00%
Acc
[212] 2018 Cancer is identified using GLCM and Gabor texture methods and disease classification 176 CH 87.20%
is performed by multiple classifiers. Images Acc
[106] 2018 Cancer identification and classification are performed by RF and KNN methods using 280 images VE 86.00% Sen
Fourier, HIS, and Statistical techniques for feature extraction.
[213] 2017 Polyps are detected using super pixel-based clustering and SVM classifiers. 39images WCE 94.00%
Acc

Featwres Learning

Methods
T
! 1
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Fig. 11 An overview of feature learning methods

including LAB, CMYK, RGB, HSV, and YCbCr color
spaces for bleeding detection [220]. Moreover, two-
level of saliency detects the bleeding area in GI tact, and
homomorphic filters are used to normalize the colors
and illuminate the component L for filtering. Similarly,
an adaptive color histogram produces vocabulary in the
form of visual words [221]. The deep feature methods are
discussed in the following section.

Deep learning methods for feature extraction

The existing deep learning models and their architec-
tures are discussed comprehensively in this section. The
models are employed for detecting and classification
of GI tract diseases (Ulcers, polyps, bleeding, stomach
cancer, colorectal cancer, and colon disease). The lit-
erature reports that the supervised CNN-based models
use the labels (name of the classes) for classification. In

unsupervised learning, clusters are created by the model
as it learns from the data itself. The unsupervised learn-
ing models known for data creation, picture encoding,
and augmentation in the medical field are GANs and
auto-encoders (AEs). Generally, for the unsupervised
model, annotated image datasets are intractable to obtain
features.

a) Artificial neural networks: It is a part of ML where
neurons are connected with a cascade style called a
neural network that comprises input, hidden, and
output layers. Furthermore, the layer which is located
between the input and output layers is known as
the hidden layer which consists of more than one
layer, adding more layers leads to a deep neural net-
work (DNN) [222]. Disease segmentation is done by
using DNN and CNN for feature extraction [223].
Likewise, the combined fashion of all layers makes a
fully connected artificial neural network (ANN) and
the model of ANN is found in changed structures
according to the problem [224]. The general model of
ANN is shown in Fig. 12.

The model of ANN is bioinspired which is math-
ematically formalized the behavior of the biological
neurons [226]. Multilayer perceptron(MPL) is used
for image analysis and classification [227]. However,
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Fig. 12 Architecture of artificial neural network [225]

for analysis and efficient training, the MLP model is
considered hard due to its dense structure [228].

b) Convolutional neural networks: Deep CNN is the

primary model for feature extraction and classifica-
tion as a supervised learning model in computer
vision. Convolutional, pooling, and soft-max lay-
ers make up the majority of the layers that make up
CNN, but they also serve as their fundamental build-
ing blocks. More convolutional layers give the images
more detail [229]. The feature maps are down-sam-
pled before being followed by the convolutional layer
using average and maximum pooling. In addition,
using the max-pooling layer, a dense CNN model is
built for feature classification tasks [230]. The back-
propagation and stochastic gradient descent methods
are very crucial to training the CNN model [231].
Model train on the label images dataset and predict
and generate the class label and compute the model
Acc [232]. The results of classification are compiled
using 5-fold cross-validation. In the same way, each
input image is convolved at each convolution layer
1 with a set of n kernels x! = X{,xé,xé,..., X,ﬁ and
added biases b = b, b, ..., b, each producing a new
feature map &', the transformation process of nonlin-
ear features is carried out at each convolution layer 1
(“*” denotes the convolutional operation).

wﬁfl = a(x,i * wil + bfl) (1)

The models of TL including LeNet, AlexNet, VGG
—16, etc., extract features and classify the diseases
using frames of endoscopy [233]. Benign and malig-
nant diseases are segmented and classify by using TL
techniques for feature extraction and serially fusion
[234]. The deep models including ResNet, DenseNet,
and GoogleNet contain a more complex network

c)

that improves the efficiency and training procedures
[235]. TL is a technique where the dataset can be
attached and features can also be extracted from the
layers of the modified model [230].

Region-level CNNs: The selection of a particu-
lar region in the images for disease analysis using a
bounding box is a very famous research area in the
medical domain. In the same way, the prominent
deep models with a little bit of improvement include
region-CNN (R-CNN) [236], fast R-CNNJ[237], and
Faster R-CNN [238] detect diseases by selecting a
specific area from the image. Furthermore, a well-
known selective searching method of the R-CNN
model functions like a region-level recognition by
generating thousands of object proposals [239]. The
Swin-transformer method is employed for deep
feature extraction [240]. In addition, the region is
selected by the bounding box in classification prob-
lems where regression refines the bounding box
[241]. Generally, the Fast R-CNN model identifies
features of the proposal and extracts features for dis-
ease identification and also warps them into squares
[242]. The deep learning models perform better in
terms of clinical diagnosis including cancer segmen-
tation [243]. The new proposed Region-of-Interest
(RoI) pooling layer where after reshaping the propos-
als into fixed-size are fed into CNN which perform
classification operation [244]. The region proposal
network (RPN) is adopted by R-CNN where class-
specified objects or nonobjects are classified by fea-
ture extraction [244]. Like RPN, the new model finds
the class probability and various bounding boxes
simultaneously known as a single-shot detector
(SSD) [245]. Similarly, YOLO and RetinaNet show
their performance with a faster prediction speed
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[246]. The YOLO model detects the knobbles in the
lung using CT scan images [247].

Deep learning models outperform as compared to
the handcrafted methods where segmentation tasks
for pixel-wise recognition achieve great develop-
ment. Segmentation tasks are performed pixel-wise
with FCNs and U-Net where features are extracted
by down and up-sampling and pixel-to-pixel spatial
correspondence is achieved [248]. Low-level and
high-level features are combined in U-Net to get
accurate predictions. Similarly, 3-D image analysis
is performed by U-Net which is based on the model
of volumetric CNN [249]. The key element of pixel-
wise segmentation that increases the spatial dimen-
sion is the Up-sampling in the U-Net that overcomes
the gap between dense and coarse features map
in disease prediction. In addition, instant detec-
tion and segmentation are performed by advanced
frameworks referred to as Mask R-CNN [250]. The
advancement of Faster R-CNN is R-CNN Mask that
prediction disease using segmentation approaches
with images of ground truth (segmentation mask) in
parallel [251]. Unsupervised deep models consist of
auto-encoders and a GAN.

d) Auto-encoders (AE): In the deep models, an AE

and an encoder—decoder architecture are a part of
typical unsupervised learning. The function of the
encoder block is to encode the pixel intensities to the
low-dimensional attributes, whereas, in the decoder
block, intensities of original frames are reconstructed
from the low-dimensional learned features. Similarly,
AE discriminates the difference between learned
features and input features to low automatically by
learning discriminative image features [252]. The
various composites AE blocks increased the perfor-
mance of the stacked AE (SAE) while AE is limited,
very complicated, and has highly nonlinear patterns
by allowing for the representative power of a single-
layer [253]. The complex patterns inherent in the
frames and multiple levels of information are rep-
resented by the different layers of SAE where lower
and higher layers of the network represent the simple
patterns while inputs the SAE. Moreover, SAE-based
models are generally used as an unsupervised feature
encoders in the medical domain [254]. For example,
in the disease classification methods, the learned fea-
ture of the CNN and SAE model is used [255]. For
accurate organ segmentation, on 2-D + time, DCE-
MRI is represented with spatial and sequential fea-
tures [256]. Moreover, model performance boosts up
by 50% by applying subsequent histogram matching
and classifying tissue with SAE [257].
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e) Generative adversarial network: In unsupervised
learning, GAN is considered an optimistic model
for feature extraction and classification problems
[258]. GAN models are very crucial for image analy-
sis which is composed of two neural network models
such as a generator, and a discriminator model. The
simulated and naturally produced frames are distin-
guished by the discriminator network while images
are generated by the generator’s subsequent learn-
ing process. GAN models are found in invariants
that provide good presentation including deep con-
volutional GANs [259]. The training is performed
simultaneously by the Star GAN model on various
domains [260]. The cycle and shape consistency
method’s limitations are introduced for disease seg-
mentation which is part of the GAN model [261].
Moreover, in the MRI process, radiation planning
with contextual information to synthesize CT images
is performed by the GAN model [262]. GANs model
is used for the analysis of intestinal mucositis which
is detected in cancer patients [263]. The strategy in
which knowledge is acquired in one task and used to
solve related several problems just by changing input
and output layers of data is referred to as TL [264].
Limited data is dealt with to transfer learning. The
deep model training directly is not possible without
annotated medical datasets images that are smaller
than natural image datasets. The deep network
demands large datasets for training and gets knowl-
edge from natural images to solve medical imaging
problems. Therefore, different diseases are classified
automatically such as stage prostate cancer is classi-
fied with multiparametric MRI and TL models [265].
GAN detects the colorectal tumor automatically
and further tumor buds are identified in the GI tract
[266]. A comprehensive study describes the meth-
ods to diagnose colorectal cancer using deep-learn-
ing approaches including GAN for feature learning
[267]. The structure of the GAN model is composed
of data generator, discriminator (categorizes real and
fake information), and selector switch which toggle
between generated data and real data. The architec-
ture of the GAN model is illustrated in Fig. 13.

The frames are given to TL models as input for obtain-
ing features and later on, the classification of tumor is
performed in the different levels [268]. The feature learn-
ing approaches are mostly targeted for disease detec-
tion and classification where deep learning models are
employed that demand more images for better feature
learning [269]. In short, the above discussion reveals that
feature extraction approaches like the feature engineer-
ing method (handcrafted and deep learning) get valuable
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Fig. 13 lllustration of the structure of the GAN model

information from the frames of the endoscopy and help
to classify the diseases of the GI tract. Feature selection
is a crucial technique that minimizes the redundancy of
the features and saves the computation cost of the clas-
sifiers [270-272]. In summary, handcrafted features are
designed by human experts to capture specific charac-
teristics of an image, while deep features are learned
automatically by neural networks [98, 205, 273-277].
Handcrafted features include edge detectors, texture
descriptors, and shape features, while deep features are
typically learned through convolutional neural networks
(CNNs) trained on large datasets. Handcrafted features
are often simpler and faster to compute than deep fea-
tures, but may not perform as well on complex tasks such
as object recognition. Deep features can capture more
abstract and complex characteristics of an image than
handcrafted features and can adapt to different datasets
and tasks. Deep features require large amounts of data
and computational resources for training, while hand-
crafted features can be designed with much smaller data-
sets and computational resources. Handcrafted features
are often used in conjunction with traditional machine
learning algorithms, while deep features are typically
used in conjunction with deep learning models. Hand-
crafted features are interpretable, meaning that they
can be easily understood and visualized. On the other
hand, deep features are often more opaque and diffi-
cult to interpret [278-280]. Deep features are shown to
outperform then handcrafted features on many image-
processing tasks like segmentation and classification.
Handcrafted features are still widely used in applications
where computational resources are limited or where
interpretability is important. The choice between hand-
crafted features and deep features depends on the spe-
cific task, available data, and computational resources.

Descrammator

Both types of features have their strengths and weak-
nesses, and the best approach will depend on the specific
requirements of the application. The important feature
selection methods are described in the following section.
Feature learning methods for computer-aided diagnoses
of abnormalities in the GI tract are presented in Table 4.

Features selection methods

The methods for selecting features are essential for
reducing the size of large datasets and enabling the model
to achieve high accuracy. In addition, they are divided
into categories according to supervised and unsupervised
concepts, including filter, wrapper, hybrid, and embed-
ding approaches. Figure 14 depicts a summary of feature
selection techniques.

Filter methods

Statistical measures are taken to score the correlation
between input variables in the filter methods. The most
relevant features are filters by applying supervised fea-
ture selection techniques. A subset of an ideal element
is chosen from the given feature set of information using
filter approaches rather than a learning method. Ordinar-
ily, certain evaluation criteria are adopted to calculate the
score of features. At that point, the best scores are picked
from the given feature vectors. The assessment stand-
ards might be multivariable or univariable measures.
Although multivariable measures think about more than
two-route connections inside the list of capabilities, uni-
variable measures assess each component autonomously.
Likewise, multivariable measures can recognize excess
features and consequently are treated as broader. The
three methods PCA, entropy, and mRMR are described
below.
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Table 4 Summary of feature-learning methods for Gl tract disease classification
Refs Years  Methods Datasets Modality  Results
[281] 2020 LSST feature-based multiple diseases of the Gl tract are classified by SVM, RBF Kernel. 50 WCE 92.23%
videos Acc
[282] 2020 The colorectal disease is classified by ANN using CNN-based features. 4000 VE 93.00%
frames F1
[283] 2020 Multiple diseases of Gl tract are classified by ANN using CNN features. 130,00 frames ~ VE 92.00%
Acc
[284] 2018 FCN extracts feature for ANN-based classification of various Gl tract illnesses 20,000 VE 78.70% Acc
frames
[285] 2018 ANN-based classification is performed using WCNN deep features. 10,000 VE 96%
frames WCE Acc
[286] 2018 Bleeding is classified by SVM using YIQ features method. 100 WCE 98% Acc
frames
Feature Selection Approaches
|
I 1 1 1
Filter approaches Wrapper approaches || Hybrid approaches Embedded approaches
e PCA e GA e Combination of o Feature learning based
* Entropy * ACO filter+wrapper methods approaches
e mMRMR ¢ ASO
e Chi-Square e PSO
e F-score

Fig. 14 An overview of feature selection Methods

a)

Principal component analysis: In the realm of feature
selection methods, some techniques utilize PCA for
dimensionality reduction [287]. Using PCA, corre-
lated variables are converted into uncorrelated ones
or clusters, and the principle components connecting
each cluster are then determined by computing the
optimized distance between each cluster. Deep CNN
features and handmade features are both analyzed by
PCA. It extracts the common structure of latent con-
tents from the dataset, which contains information
on these contents. In situations where the dataset
is extensive, PCA is widely recognized as a popular
technique for handling multivariate scenarios [288].
In general, the dimension of feature vectors is effi-
ciently reduced through the use of PCA. [289]. In
general, PCA primarily focuses on transforming cor-
related variables into uncorrelated variables, often
referred to as clusters. To establish the principal
components that connect correlated variables into
uncorrelated variables, also known as clusters, these
clusters are utilized to compute the ideal distance
between one another. By figuring out the appropriate
separation between each cluster, principal compo-
nents are drawn between them [290]. PCA calculates

and gives optimized features [291]. The dataset con-
sists of information regarding the shared structure of
latent contents, which is derived through PCA [292].
PCA is commonly regarded as the favored technique
in multivariate statistics when dealing with larger
dataset sizes [293]. PCA recognizes the principal
components that involve data variation and helps to
reduce the dimensionality of the problem that gains
frugality [288]. Nevertheless, despite employing
patch techniques for feature extraction, the approach
was unsuccessful in accurately categorizing the
abnormal section of the frames [294]. Several feature
extraction and selection methods are developed for
finding abnormalities from endoscopic procedures
[295]. The abnormalities are detected in the GI tract
by using methods that start from color descriptors to
hybrid features [296]. Each high-dimensional dataset
contains meaningless and redundant features that
may affect the performance of the algorithms, such
as in classification procedures where model perfor-
mance may deteriorate for accurate sample predic-
tion. Therefore, the important and possible best fea-
tures are required for the training of the classifier so
that the model provides better Acc.
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b) Minimal redundancy maximal relevance: The
approach, initially developed using F statistics to
measure continuous features, selects features with
high correlation to the class and low correlation
among themselves [297]. The mRMR method con-
trols the redundancy of the selected features by find-
ing mutual information between them. The scope
of “minimum redundancy maximum relevance”
(mRMR) is used in a variety of domains such as in
the medical field used for speech recognition and
cancer diagnosis. In addition, Mutual information is
calculated to measure relevance and redundancy in
the pattern classification systems.[298]. A method,
normalized mutual information feature selection
(NMIES) is a variant of mRMR where redundancy
terms are normalized by measuring the mutual infor-
mation [299]. In addition, the features are selected
using two methods include the Mutual Information
Difference (MID) criterion and the Mutual Infor-
mation Quotient (MIQ) criterion, which employs
discrimination and relevance-to-redundancy ratios
in the feature selection process [300]. The mRMR
selector is widely recognized as the top technique for
reducing dimensionality due to its exceptional accu-
racy. However, a significant challenge arises in cases
where crucial features are both correlated and redun-
dant. This poses an issue as the m best features may
not necessarily be the optimal choice for the mRMR
selector. It is a computationally expensive technique,
sharply affected by the number of features. In most
approaches, top-ranking features are selected based
on mutual information, F test, etc., without consider-
ing relationships among features.

c) Entropy: The entropy algorithm serves as an opti-
mal feature search method, effectively addressing the
issue of the initially selected population. It achieves
feature reduction by prioritizing those with the high-
est entropy, repeatedly computing and refining until
reaching the final optimal set of features. By locat-
ing the root node and evaluating all entities, entropy
facilitates the process. [301]. Entropy is defined as

Entropy = ZZJX@ j)logf(, ) @)

The entropy is applied to capture the best feature in
GI tract disease classification problem [302]. The colo-
noscopy image classification research is performed
using the entropy method for feature optimization
[303]. Fuzzy entropy plays an important role in diag-
nosing polyps using colonoscopic frames [304]. Colo-
rectal abnormalities are detected and classified by
the selection of optimized features using the entropy
method [305].
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Wrappers methods

In the wrapper methods, the evaluation of the opti-
mized feature vector is done from the given possible
feature set. The wrapper approach improves the per-
formance of the predefined feature learning algorithm
by selecting superior feature subsets. However, com-
pared to the filter method, this technique requires more
computational resources. [306]. Search techniques are
employed for getting feature subsets that reduce the
computation cost of the classifiers [307]. The quality of
the chosen feature subset is assessed through learning
algorithms [308]. This procedure is iteratively carried
out up to the given threshold [309]. The overall model
performance is significantly enhanced by optimizing
the feature set with highly renowned wrapper methods
such as ant colony optimization (ACO), genetic algo-
rithms (GA), particle swarm optimization (PSO), and
atom search optimization (ASO). GA is also used in
signature patterns feature optimization [310]. ACO and
PSO are employed for stomach illness diagnosing, iden-
tification, and categorization [311]

Hybrids methods

Hybrid methods are the integration of two methods
such as wrappers and filter methods. It performs well
as compared to individual methods [312]. Mostly two
hybridization ways are frequently employed to cross-
breed wrappers and filters together for feature selec-
tion [313]. Filter methods are used to lessen the feature
set while the wrapper approach is implemented on the
optimized set of features for getting the final best fea-
tures. The entropy coded GLEO approach is used for
feature selection [314]. The use of the filter approach as
a local search approach in the domain of the wrapper
approach [315] performs better than the feature subset
size and learning execution approach. The filter method
reduces the features by selecting the most optimized
feature from the feature set to decrease the computa-
tion cost of the classifiers. Features can also be selected
using a score of the feature vectors.

Embedded methods

Embedded methodologies are arbitration of feature
transforming hybrid methods into feature learning
algorithms by using the wrappers and filter methods
[316]. Generally, filters and wrapper methods are in
collaboration with the learning algorithm [317]. Simi-
larly, the learning algorithm requires both methods
for achieving better performance in a few times than
the wrapper methods [318]. Ultimately, the wrapper
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methods outperform the individual feature learning
algorithms in terms of performance.

Disease classification methods

Deep convolutional neural network (DCNN) architecture
detects and classifies diseases automatically [319, 320].
Moreover, CNN architecture provides optimized features
that are used for GI tract disease identification and classi-
fication [71, 162]. SVM and multilayer feed-forward neu-
ral network (MFNN) classifiers influence Acc and Prec
[285]. The statistical methods are used for the extraction
of texture features such as a colorectal lesions detector
used for polyps detection and a multilayer perceptron
is exploited for classification [321]. Therefore, to clas-
sify frames containing stomach abnormalities, various
classification techniques are employed, including SVM,
neural networks, deep learning networks, and YOLO
object detection methods [322]. The SVM technique is
applied for Crohn’s disease classification [323]. CADx
assists in diagnosing a disease that might belong to the
normal class or malignant class [324], CADx can save the
precious time of the medical experts. Some CADx after
identifying the abnormalities show the grade severity
level of the disease [325]. CADx can distinguish between
multiple types of diseases [326]. Feature fusion appraoch
is used to detect and classify the GI tract disease [327].
In the process of image classification, datasets are used
with their respective labels, these datasets are considered
the input of the CADx which may or may not preprocess
the images before being given to the system [328]. Classi-
fiers are trained by giving them vectors of numeric values
known as descriptors [329, 330]. The work is presented
for obtained information about the disease whether it is
a bleeding or other disease of the GI tract area between
frames intervals [331, 332]. It is difficult for a gastroenter-
ologist to estimate the disease during surgery or biopsy
because of the uncontrolled procedure of endoscopy
[333]. Some advanced CADx also performs the preproc-
essing itself and retrieves image frames as a dataset [334].
The captured frames from the GI tract can show similar
pathological conditions such as bleeding and Ulcer.

The existing work on the GI tract is impressive but is
not performed well with diverse image datasets and it
is not better generalized over multiple image modali-
ties with different characteristics [343]. SVM was uti-
lized to categorize the retrieved feature sets in a recent
work for the categorization of the GI tract frames. We
create feature vectors using InceptionNet and VGGNet.
The collected characteristics are classified using several
cutting-edge classifiers. A combined feature set is used,
together with a proposed Radial Basis Function (RBF)
and a kernel-based SVM classifier, to accurately catego-
rize diverse GI tract disorders. Among the 23 classes, the
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radial basis function showed the best results [344]. Hand-
crafted features are extracted by speeded-up robust fea-
tures (SURF) with a multiclass support vector machine
(M-SVM). In this study, a linear SVM (LSVM) was uti-
lized to classify these features, yielding an accuracy score
of 82.91% in the multiclass classification task. [345]. Cat-
egorization of SURF extracted from endoscopic images
was achieved using a multiclass SVM. To classify these
features, a linear SVM (LSVM) was utilized, resulting in
a multiclass classification accuracy score of 82.91%. [346].
Linear discriminant analysis (LDA) technique is used
with multi fold SVM to avoid false labeling that increases
the training time of the classifiers [347]. Table 5 provides
a comparative analysis of recently developed methods,
presenting information on datasets, image modalities,
and evaluation metrics such as Sen, Spe, and Acc. A
feature learning approach was presented to classify the
benchmark datasets Kavasir and PH2. The experiment
involved utilizing a pre-trained network for extracting
features, employing an existing architecture, and freezing
certain layers while fine-tuning the network on medical
datasets. The LSVM acts as the backbone in this pipeline
for classifying the extracted features. The method dem-
onstrates exceptional performance, achieving an accu-
racy of 93.38% for Kavasir and 91.67% for PH2. [348].

The examination of the existing literature indicates
that each stage holds significance in the segmentation
and classification of GI tract diseases. In addition, deep
learning necessitates numerous and extensive annotated
datasets, which pose challenges in terms of feasibility and
limited accessibility for use as benchmarks in deep learn-
ing approach [349]. In the upcoming section of this work,
you will find comprehensive information about several
difficult datasets that are utilized in the study.

Datasets

Researchers often rely on a wide range of open-source
image datasets to validate their proposed methods. five
datasets, Kvasir [112], Ulcer [350], Nerthus [351], Kvasir-
SEG [255], and CVC-ColonDB [352] are considered in
this study. The three datasets Kvasir, Ulcer, and Nerthus
are used for disease classification while Kvasir-SEG and
CVC-Colon DB are employed for the disease segmenta-
tion approach.

a) Kvasir dataset: Kvasir is an open-source image data-
set that has been verified and annotated by gastro-
enterologists and endoscopists, two skilled medical
professionals. The 4000 photos in the Kvasir dataset
are divided into 8 classes. The numerous anatomi-
cal landmarks, clinical findings, or endoscopic tech-
niques are represented by these classifications. A
total of 500 photos representing various diseases are
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Table 5 Summary of deep learning methods with image modalities, datasets, and classification results
Refs Years Methods Datasets Image Modalities Results
[335] 2020 (ResNet50, InceptionV3), (SVM,KNN,LDA) Videos frames VCE 97.20% Sen,
95.63% Spe
95.94% Acc
[336] 2020 SegNet (encoder-decoder) NBI images Endoscopy 98.04% Sen,
95.03% Spe
3371 2020 Deep CNN, SVM, Fuzzy Endoscopy frames WCE 82.71% Sen
87.03% Spe
[338] 2019 (DWT,PSO),(KNN,PNN,DT,SVM) SB2,SB3 VCE 88.43% Sen,
84.60% Spe,
86.45% Acc
[87] 2018 R-CNN Videos frames VCE 97.30% Sen,
98.00% Spe
[339] 2018 GAN cvC WVE 74.00% Sen,
94.00% Spe,
91.00%Acc
[340] 2018 Transfer Learning Kvasir WVE 83.00% Acc
[341] 2018 GANs GIANA VCE 88.00%5Sen,
99.90% Spe,
99.00% Acc
[342] 2017 CNN Kvasir WVE 75.00% Sen
75.00% Spe

included in each class [112]. The dataset is divided
into three separate sections with different composi-
tions. Anatomical landmarks including the Z-line,
pylorus, and cecum are included in the first section.
Endoscopic procedures and pathological findings,
including polyps, esophagitis, and ulcerative coli-
tis, are the main topics of the second section. The

(¢) Normal-Pylorus () Normal-Z-Line

Fig. 15 Kvasir dataset class-wise sample frames

third and last part of the dataset,"dyed resection
margins"and'dyed and lifted polyp,"deals with the
removal of polyps. The Kvasir dataset’s single frame
from each class is represented visually in Fig. 15.

b) Ulcer dataset: The Ulcer dataset was created at POF

Hospital Pakistan and is still kept confidential. It has
2413 total photos divided into three groups: ulcer,

() Polyps

(h) Ulcerative-Colitis
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healthy, and bleeding. There are 1086 photographs
in the class for bleeding, 709 images in the class for
healthy individuals, and 618 images in each class for
ulcers. The resolution of each image in the collection
is 381 x 321, and these measurements hold for all
three classes. The WCE technique was used to create
the dataset. Figure 16 shows visual representations of
sample frames from each of the three classes in the
Ulcer dataset [350].
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¢) Nerthus dataset: A colonoscopy, a medical procedure

that includes looking inside the body with an endo-
scope, produced the images in the Nerthus dataset.
The dataset, which includes various bowel cleansing
intensities, is open-source. This dataset is made up
of 5525 frames that were taken from 21 videos and
divided into four different classes [48]. Figure 17 dis-
plays the sample frames from the Nerthus dataset.
The summary of the datasets is depicted in Table 6.

Fig. 17 Class-wise sample frames from the Nerthus dataset a class 0 b class 1 c class 2 d class 3

Table 6 Summary of Kvasir, ulcer, and nerthus datasets

Datasets Origin Year Modality T.Fs classes FPC

Kvasir Simula Research Laboratory Norway([353] 2017 WVE 4000 8 500

Ulcer POF Hospital Pakistan [350] 2018 WCE 2413 3 1086,709, 618
Nerthus Simula Research Laboratory Norway[351] 2017 WVE 5525 4 500, 2700, 975,1350
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A summary of the three challenging datasets reveals
that these datasets are obtained using WCE and
WVE and the frames of the datasets are classified in
terms of diseases.

d) Kvasir-SEG dataset: It is difficult to do pixel-wise

segmentation of images while working with medi-
cal imaging datasets. The freely available Kvasir-SEG
dataset offers segmentation masks that correlate to
annotated medical images. The expert gastroenter-
ologists that validated this dataset with colonoscopy
were meticulous in their curation and selection. It
contains 1000 photos of polyps and is a useful tool
for assessing the Graft-U-Net’s efficiency [255]. Fig-
ure 18 illustrates a range of frame resolutions, span-
ning from 332 x 487 to 1920 x 1072 pixels, in the
original and ground truth sample frames of the Kva-
sir-SEG Dataset.
The dataset was edited by an accomplished
endoscopist from Oslo University Hospital in Nor-
way. Additionally, a cutting-edge open-access data-
base called CVC-ClinicDB was used, which contains
612 images taken from 31 colonoscopy sequences at
a resolution of 384288 [354].
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e) CVC-Clinic DB dataset: An open-access CVC-Clinic
DB dataset composed of 612 images having a dimen-
sion size of 384 x 288 pixels. The dataset is collected
by colonoscopy procedure [354]. Figure 19 illustrates
the original image samples along with their respec-
tive ground truth. CVC-ClinicDB consists of actual
frames of endoscopy and ground truth masks which
represents the polyp area in the original frames.

Performance measures

The important performance measures protocols are spec-
ified that determine the model performance. The term
true positive (T,,,) presents that model’s prediction is
correct over the positive class. The first term “true” shows
model decision and the second word “negative/positive”
is the type of class. Similarly, true negative (T,,) informs
about correct prediction over negative class samples. The
erroneously identified positive samples are false positives
(Fpos)- The negative class is predicted wrong showing the
term (F,,). The mathematical presentation of each evalu-
ation metric is shown in Table 7. The evaluation metric
“Rec’, which stands for sensitivity is the proportion of

LADHR

Fig. 18 Sample frames of “Kvasir-SEG dataset”a Original images b segmented mask
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Fig. 19 Sample frames of “CVC-ClinicDB" dataset a original frames b ground truth frames
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Table 7 Performance measures of the CADx
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Performance measures Mathematical representation

Performance measures Mathematical representation

Sen/Rec/hit rate/TPR Tpos
Tpos+Fneg
Prec Tpos
Tpos+Fpos
FS (2%Tpos)
’ (2%Tpos+Fpos+Fneg)
Acc Tpos+Tneg

Tpos+Fpos+Fneg+Tneg

2% Tpos
2%Tpos+Fpos+Fneg

mDice

Spec/Selectivity/TNR . Tnﬁ:
neg T pos
1
e (I f)”
SxPrexR
F25 Feprethec
—00
AUC fTPR(T)FPR/(T)dT
o0
mloU Tpos

Tpos+Fpos+Fneg

correctly predicted positive samples out of all the positive
samples that exist. The “Prec” technique referred to as
positive predictive value provides the information of cor-
rectly identified positive samples among the total sam-
ples identified as positive. Conversely, the performance
measure “Spec” is also called negative rate and informs
about correctly identified negative values among all sam-
ples of actual negative class. “Acc” is the model’s correct
prediction among all samples of positive and negative
classes. The AUC value is also used to accurately differ-
entiate between all dataset classifications. The accuracy
of segmentation findings is frequently assessed using the
evaluation metrics mean intersection over union (mloU)
and dice coeflicient in image segmentation algorithms.

The overlap between the predicted segmentation mask
and the actual segmentation mask is evaluated using
both measures. The harmonic mean of recall and preci-
sion is the F1 score. The recall is the percentage of prop-
erly predicted positive pixels out of all genuine positive
pixels, whereas precision measures the percentage of
correctly predicted positive pixels out of all correctly pre-
dicted positive pixels. Another metric developed from
precision and recall, with a stronger emphasis on recall,
is the F2 score. In situations where recall is important,
it prioritizes recall, making it more sensitive to properly
anticipating positive pixels. A statistic for assessing the
effectiveness of binary classification tasks is the geomet-
ric mean. By presenting the segmentation problem as a
binary classification problem, where each pixel is classi-
fied as either foreground or background, it can be used to
segment images.

Comparisons with existing surveys

The literature addresses various methods for identifying
diseases in the GI tract. The CADx is designed for seg-
mentation of diseases and multiclass classification tasks.
The proposed study presents different stages of CADx
that are compared to existing literature. In addition,
advanced endoscopy techniques are employed to obtain
high-definition frames. However, each survey typically

focuses on only one stage of the CADx for detecting
abnormalities in the GI tract. As a result, this compre-
hensive survey aims to address this gap by thoroughly
examining and incorporating all stages of the CADx
system. Table 8 compares the operation of the proposed
study stages with the existing literature. The short nota-
tion used in Table 8 is expressed as data sets (D), accu-
racy (A), classification (C), feature extraction methods
(F), segmentation (S), and imaging technologies (I).

Challenges and findings
The acquisition of frames or videos is done using endos-
copy and colonoscopies which are manufactured in vary-
ing technologies that causes variations in resolution and
quality of frames. The following are some challenges
related to the GI tract area.

i. Frames of endoscopy consist of poor contrast and
insufficient color space. Colors in the images are
not uniformly distributed which increases the error
rate [364].

ii. The abnormal area in the GI tract cannot be
detected due to the varying geometrical shapes,
colors, and sizes of the disease [365, 366].

ili. The quality of image visualization is affected by the
illumination, scale, rotation invariance, instrument
inclusion, poor cleansing, and presence of air bub-
bles which can also affect disease identification and
classification [221].

iv. Due to major practical obstacles, the deployment
of real-time CADx systems for the identification
of GI tract diseases in clinical locations continues
to be a challenging and difficult scientific endeavor.
The gathering and professional annotation of
extensive, varied datasets that thoroughly cover
every kind of GI tract disease is the most signifi-
cant obstacle among these. The diagnostic breadth
of current CADx systems is limited because to
their training on a small number of disease classes
(generally 5-8), and their performance deteriorates
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Table 8 Comparing endoscopy and computer-aided diagnosis (CADx) with previous surveys and review articles, the surveys either

discussed these aspects (V') or did not include them (x)

Refs/Years Description

Perperidis et al (2020) [355]
screening, position, FOV, and accuracy.

Kim et al (2021)[356]

Provides a comprehensive overview of imagescolors, noise, and modalities of Gl tract vV X X X x X

The summary of early gastric cancer screening with the notion is described includ- vV X X X X X

ing modalities advancement that is used for visualizing the micro-vascular structures.

Weigt, J,, et al (2021) [357]

The effecting parameters of the modalities such as problems in training, cost,and lesion v/ x X X X X

detection accuracy are addressed with the current improvements in modalities that pro-

vide future directions about diseases.
Kolb et al (2021) [358]
Caroppo et al (2021) [359]

Elaborate and point out the suitable imaging technology for diagnosing Gl tract diseases. v/ X X X X X
Explores the segmentation, feature extraction, and selection methods related to CADx v x v v Vv Vv

which are not addressed explicitly in earlier literature.

Adewole, S., et al (2021) [360]

A detailed overview of visual and nonvisual WCE is given where the occurrence of events X X X X VvV X

in WCE, and different Gl-tract scenarios with quantitative measures are described.

Muhammad, K., et al (2020)
[361]

Soffer, S., et al (2020) [52]

The pros and con of the WCE over other endoscopy methods used in CADx isaddressed. x v X v X X

Summarizes the imaging modalities used in Gl tract screening such as ways to diagnose v x X vV Vv X

celiac disease by using techniques of computer vision.

Xia, J,, et al (2020) [362] A detailed survey on segmentation, and classification techniques, with identification x v o x Vv x X
of major challenges in WCE.

Ali, H,, et al (2019) [295] A detailed overview including segmentation, feature selection, and classification methods x v v v X X
in the CADx system is briefly described.

Rahim et al (2020) [363] The methods and results comparison with statistical measures of CADx systems are X x v v x X
described explicitly.

Proposed work The detail of CADx system methods used for detecting and classifying the diseases v Vv vV Vv vV v

in the Gl tract is addressed as image acquisition techniques and their challenges.

when they try to expand to other classes. This con-
straint is mostly caused by the rarity of some GI ill-
nesses, data imbalance, and annotation expenses,
all of which make the development of comprehen-
sive datasets exceedingly resource-intensive [368].

v. The lack of public, multiinstitutional, high-reso-
lution, multiclass datasets, along with hardware,
regulatory, and clinical integration challenges, fur-
ther hinders the translation of these systems into
real-time hospital use. Future research must con-
centrate on developing semi-supervised and few-
shot learning techniques, creating synthetic data,
and promoting international collaborations for
data sharing. Moreover, increasing the number of
classes frequently decreases classification accuracy
because deep learning models have trouble gener-
alizing across underrepresented and visually simi-
lar conditions [369].

Conclusion

Automatic disease detection supports medical experts
in diagnosing diseases and employing them in the med-
ical domain such as clinical application and scientific
research. The advancement in deep learning enables

the detection of textural and morphological patterns
particularly using medical imaging data. Furthermore,
methods including handcrafted and deep learning are
considered SOTA methods such as region-level dis-
ease detection, image-level classification, and pixel-
wise disease segmentation. Deep learning models are
designed to possess significant power and efficiency
when it comes to automatically detecting and classify-
ing diseases. Deep learning faces some challenges such
as limitation and inequality in data, deprived evalua-
tion metrics, domain knowledge and interpretability
of the model, and video-based real-time diagnostic still
have to be addressed. Therefore, three approaches are
discussed in this article such as features extraction in
spatial and frequency domains, features learning and
selection approaches, and disease classification. In
the same way, the combination of deep models per-
forms better for challenging problems in medical and
engineering.

The increasing demand for machine learning and the
ongoing evolution of image capture techniques have
spurred a growing area of investigation dedicated to
employing machine learning in the automatic detec-
tion, analysis, and categorization of diseases within
endoscopy images. Nevertheless, a generalized model
for high accuracy and precision is required because
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existing approaches show poor results for cross-dataset
evaluation.

Future directions

In the future, advancements in GI tract disease detec-
tion and classification are expected to involve several
key areas. Firstly, molecular diagnostics will play a
significant role by analyzing genetic profiles and iden-
tifying specific biomarkers associated with different
diseases. This will enable early detection, personalized
treatment plans, and improved classification. Secondly,
noninvasive diagnostic tools, such as advanced high
resolution imaging techniques and capsule endoscopy,
will be developed to provide more comfortable and
accurate diagnoses without invasive procedures. Arti-
ficial intelligence and machine learning algorithms will
also revolutionize disease detection and classification
in the GI tract. These technologies will analyze large
datasets to identify patterns, predict outcomes, and
improve diagnostic accuracy. In addition, the analysis
of the gut microbiome and integration of multiomics
data (genomics, proteomics, metabolomics, and tran-
scriptomic) will provide a comprehensive understand-
ing of GI tract diseases, potentially leading to improved
classification and personalized treatment strategies.
Overall, these future directions hold great promise but
require ongoing research and validation before wide-
spread implementation.

Quantum computing holds tremendous potential for
transforming GI tract disease detection and classifica-
tion. With their unparalleled data processing capabilities,
quantum computers can efficiently analyze vast datasets,
including genomic information, medical records, and
imaging data, leading to more accurate disease identifica-
tion and classification. Quantum machine learning algo-
rithms, leveraging quantum properties like superposition
and entanglement, can optimize the analysis of complex
data, enabling a better understanding of disease factors
and enhancing predictive models for personalized treat-
ment strategies. Moreover, quantum simulations offer
improved molecular modeling, facilitating faster drug
discovery and development for GI tract diseases by pre-
dicting therapeutic efficacy and potential side effects. In
addition, quantum computing can optimize treatment
plans by efficiently considering multiple variables, result-
ing in personalized strategies that maximize treatment
effectiveness and minimize adverse effects. Although still
an evolving field, further research and development in
quantum computing hardware and algorithms are crucial
to fully harnessing its power in revolutionizing GI tract
disease detection and classification.
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