
AUTOMATED DETECTION AND CLASSIFICATION OF POLYPS IN

COLONOSCOPY VIDEOS

PRADIPTA SASMAL

TH-2722_156102005



TH-2722_156102005



AUTOMATED DETECTION AND CLASSIFICATION OF

POLYPS IN COLONOSCOPY VIDEOS

A

Thesis submitted

for the award of the degree of

DOCTOR OF PHILOSOPHY

By

PRADIPTA SASMAL

DEPARTMENT OF ELECTRONICS AND ELECTRICAL ENGINEERING

INDIAN INSTITUTE OF TECHNOLOGY GUWAHATI

GUWAHATI - 781039, ASSAM, INDIA

APRIL 2022

TH-2722_156102005



TH-2722_156102005



Certificate

This is to certify that the thesis entitled “AUTOMATED DETECTION AND CLASSI-

FICATION OF POLYPS IN COLONOSCOPY VIDEOS”, submitted by Pradipta Sasmal

(156102005), a research scholar in the Department of Electronics and Electrical Engineering, Indian

Institute of Technology Guwahati, for the award of the degree of Doctor of Philosophy, is a record

of an original research work carried out by him under my supervision and guidance. The thesis has

fulfilled all requirements as per the regulations of the institute and in my opinion has reached the

standard needed for submission. The results embodied in this thesis have not been submitted to any

other University or Institute for the award of any degree or diploma.

Dated: Prof. M.K. Bhuyan

Guwahati. Professor

Dept. of Electronics and Electrical Engg.

Indian Institute of Technology Guwahati

Guwahati - 781039, Assam, India.

TH-2722_156102005



TH-2722_156102005



To

The Almighty Lord Shiva

for His blessings

My guide Prof. M.K. Bhuyan

for his guidance and inspiration

&

My parents

Mr. Birendra Kumar Sasmal & Mrs. Puspanjali Sasmal

for their blessings and support

&

My wife Suchismita

for her love and sacrifice

TH-2722_156102005



TH-2722_156102005



Acknowledgements

I am obliged to GOD for his divine guidance and blessings. I dedicate my thesis to lord Shiva and my

family. This thesis would not have been possible without several people’s immense help and support

in various measures. I would like to convey my acknowledgment to all of them.

First and foremost, I express my sincere gratitude to my research supervisor, Prof. M.K. Bhuyan,

for providing me with an opportunity to work under his guidance. It is very difficult to describe

my feelings in words to acknowledge my supervisor for his continuous guidance, constant motivation,

and support throughout the doctoral studies. I am very much thankful to him for helping me with

my research and other issues. It would be impossible for me to bring the research and thesis to

this form without the ample facilities he provided in the IPCV laboratory and the freedom to work

independently.

I am thankful to my doctoral committee members, Dr. P. Guha, Dr. S. Sundaram, and Dr.

A. Anand, for their encouragement and valuable suggestions on my work. I would like to thank

faculty members and the office staff of the Department of Electronics and Electrical Engineering,

IIT Guwahati, for their help in carrying out this research work. I sincerely thank Prof. Y. Iwahori

for his valuable suggestions on my research work. I would like to thank him for accepting me as

an intern to work with him at Chubu University, Japan. I would also like to thank Prof. Kunio

Kasugai of Aichi Medical University Hospital, Japan, for providing materials useful for my research

work. I am thankful to my friends Tilendra Choudhary, Debajit Sarma, Shikha Baghel, Vinneta Das,

E Prabhakararao, and Vanshali Sharma for their assistance in writing my thesis. I am thankful to

Aniruddha Mazumdar, Nayan Moni Baisya, Rijjuban Rangslang, Saquib Mazhar, Pallab Jyoti Dutta,

Allen Pattnaik, Avinash Paul, and all other members of the IPCV Laboratory. I am thankful to my

wife, Suchismita, for her sacrifice and support. She stood by me and helped me keep solid and patient

during the research journey. I am also thankful to my younger brother for his support.

I attribute this achievement to my parents and parents-in-law for their constant blessings, support,

and silent prayers for my success and making me stand in this position.

Pradipta Sasmal

TH-2722_156102005



TH-2722_156102005



Abstract

Continuous assessment for an early and accurate diagnosis of colorectal cancer (CRC) is

most important for better prognosis and clinical management. CRC is considered one of the

leading causes of death worldwide. Polyps are the precursor to such cancer. Colonoscopy

is the medical screening modality used to detect polyps in the mucosa of the colon. Firstly,

the doctors detect and localize the polyps using the captured colonoscopy video frames.

Then the polyps are resected, i.e., the region of interest (ROIs) are segmented out from the

normal mucosa. Subsequently, useful features of the polyps are analyzed for dysplasia grad-

ing. Therefore, a typical colonoscopy procedure includes polyp detection and localization,

segmentation, and classification. However, manual inspection and annotation of the polyps

are cumbersome and inefficient due to similar pathological manifestations of the diseases

on the hugely acquired frames. The polyp features may not be visible to the naked eye,

making it difficult to diagnose the abnormalities. Therefore, Our current work proposes

automated and efficient frameworks for polyp analysis using the colonoscopy video frames.

The proposed approaches can do a virtual biopsy in detecting dysplasia in polyps. These

may help lessen the burden on the clinicians, provide early and quick diagnosis, better

decision-making, and telemonitoring. The automated diagnostic systems proposed by our

methods can be adopted in the medical setup to diagnose diseases in polyps effectively.

In the proposed first method, important polyp cues like color, shape, and texture are in-

corporated into the modified particle filtering framework to track and localize the polyps

in each frame of the colonoscopy video. Subsequently, the polyps are segmented using

active contour (AC). This method can handle specularity and occlusion, which are gen-

erally encountered during colonoscopy. Our second approach simultaneously detects and

localizes the polyps in the colonoscopy videos for real-time analysis. The proposed method

is based on a deep learning-based attention YOLOv4 architecture. The proposed spa-

tial and channel attention blocks are incorporated into the YOLOv4 framework. Results
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suggest that the the proposed model performs better than the state-of-the-art methods,

and the generalization and robustness of this method could be validated. The localized

polyps are further classified into malignant (cancerous/adenomatous) and benign (non-

cancerous/hyperplastic). Delineation or segmentation of the polyps leads to 3-D visual-

ization, better resection, and classification. As a preliminary work, clinically significant

frames are extracted using the depth information of the polyps, followed by their segmen-

tation. However, this approach cannot be applied to flat and serrated polyps. Therefore,

we proposed two segmentation approaches utilizing the dominant polyp cues for different

polyp structures. The first approach is based on an unsupervised adaptive Markov-random

field (MRF), which encapsulates the polyp’s global texture and spatial information. Most

of the existing methods in this domain are supervised. Our approach provides a compet-

itive polyp segmentation performance while the requirement for massive labeled data is

avoided. The third approach uses a saliency map guided geometric shape compactness

prior for better polyp segmentation. Textural information and shape information is used

for polyp segmentation. For the classification of the polyps, three methods are proposed.

The first method uses the local texture and the polyps’ shape information, which the doc-

tors generally study for cancer detection. The second method combines shape features

and the deep embedded features learned via a deep siamese network. In this work, poly

ROIs obtained using our proposed attention YOLOv4 are used. The proposed spatial

shape descriptor, pyramid histogram of oriented gradients (PHOG) features, extracts the

local shape and spatial layout information of polyp images of each class. In contrast,

the embedded features extract the discriminating features from each category’s samples.

Sometimes, the clinicians analyze the histopathology of the polyps for grading of cancer.

In this view, we proposed a semi-supervised approach based on a generative adversarial

network (GAN) for CRC grading using histopathological images. Experimental results

validate the proposed method’s efficiency even in a minimal data environment.

Keywords: Colorectal cancer (CRC), polyps, attention YOLOv4, active contour (AC),

Markov-random field (MRF), modified particle filtering, generative adversarial network

(GAN).
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1. Introduction

Objective

This chapter describes the importance of early and accurate diagnosis of colorectal cancer (CRC),

which is considered one of the leading causes of death worldwide. The need for an automatic diag-

nostic assistance system (DAS) for cancer detection using colonoscopy videos is highlighted. This

chapter discusses the existing polyp analysis frameworks and motivates solutions for achieving better

performances. The framework’s objectives are automated detection, localization, segmentation, and

classification of polyps found during a colonoscopy. Polyps are defined as the overgrowth of tissue gen-

erally found in the mucosa of the colon region and are the precursor to cancer. Early diagnosis of such

cancer is crucial for better prognosis and clinical management. Doctors generally detect and segment

the polyps from the mucosa and do a comprehensive study on them for cancer detection. Therefore,

this chapter discusses the strategies to automate these processes with near-accurate diagnosis. Existing

works on these tasks using colonoscopy videos are reviewed, and the advantages and limitations of these

methods are elaborated. Primarily, the source of motivation originates from the fact that the polyp

region’s image characteristics are different from the non-polyp area. Similarly, benign (non-cancer)

polyp features differ from cancer (malignant) polyp features. Therefore, effective feature learning holds

the key to developing an effective DAS. The chapter then defines the research issues to be addressed

for the development of a DAS for each of the tasks. The chapter concludes with a brief description of

the organization of the thesis.

1.1 Colon Cancer

Colorectal cancer (CRC) is one of the major health crises globally. The high mortality of CRC

contributes significantly to the total deaths, and it is considered to be the third most frequently

occurring cancer [1]. It is the fourth leading cause of death worldwide (9.4%) [2]. The global CRC is

estimated to reach 2.2 million new cases and 1.1 million deaths by 2030 [3]. Such cancer in its initial

state is called polyp and is generally benign. Polyps are abnormal tissues and are usually found in

the mucosa of the colon [4]. Therefore, improvement in early diagnosis, screening, and pre-clinical

intervention of colonic lesions would help in better prognosis and clinical management of the disease.

When colorectal cancer is found early, the five-year survival rate rises to 90 percent, compared to 15

percent when it is detected at an advanced stage 1. Figure 1.1 shows the 5-year relative survival rates

1https://seer.cancer.gov/statfacts/html/colorect.html
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1.1 Colon Cancer
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Figure 1.1: Five-year survival rates of the colorectal cancer for each stage. (a) localized (stage I), i.e., confined
to its initial site, (b) regional (stage II), i.e., spread to nearby lymph nodules, (c) distant (stage III), i.e.,
metastatis happened, (d) unknown (unstaged).

Figure 1.2: Acquisition of colonic video sequences for polyp detection. (a) different screening modalities, and
(b) analysis of colonic video frames.

for cancer. From Figure 1.1, it can be seen that the rate of survival increases with an early diagnosis.

Therefore, regular and timely screening of the colon region can significantly reduce the risk of cancer

substantially [3].

Endoscopy is the modality used in medical setup for screening the entire gastrointestinal (GI) tract

for polyp detection. During endoscopy, the clinician inserts the cable (scope), having a flexible camera

and light to capture the internal images of the GI tract. There are two types of endoscopy in practice:

upper endoscopy and lower endoscopy. The lower endoscopy can further be classified in categories

like sigmoidoscopy, colonoscopy, etc., based on the portion of the digestive tract under scrutiny. Since

colon cancer is the most frequently occurring and prevalent cancer, our current study is limited to

3
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1. Introduction

analysis of colon cancer only. Colonoscopy is considered the gold standard in colon cancer screening [5].

The endoscopist navigates the scope to find abnormalities like bleeding, ulcer, polyp, etc., in the colon

region. Wireless Capsule Endoscopy (WCE) is another modality to monitor the conditions in the tract.

It is a capsule-like device swallowed by the patient, and images are recorded and transmitted wirelessly

to a nearby recording system. During the colonoscopy, doctors comprehensively analyze the detected

polyp regions to find dysplasia in them. Depending on the condition of the polyp nature, they may

opt for laparoscopic surgery. However, the number of frames captured during the entire colonoscopy

process is so humongous that it challenges the surgeon to infer useful clinical information. Therefore,

video summarization techniques are adopted that only retain the clinically informative frames. Figure

1.2 illustrates the general pipeline for colonoscopy image analysis. Other non-invasive modalities for

colon screening include computed tomography (CT) and color Doppler ultrasound. The CT, otherwise

called the virtual colonoscopy, produces 2-D or 3-D reconstructed images of the colon. Though the

method takes very little time to detect lesions, the usual colonoscopy procedure must be done for

biopsy and resection of such detected lesions. Therefore, colonoscopy is the most adopted procedure

in a clinical setup for anomaly detection in the colon. Abnormalities like polyps may be neoplastic or

non-neoplastic. Non-neoplastic polyps are normal tissues, whereas neoplastic or adenomatous polyps

are cancerous [6]. These polyps are over-growth of tissues and look like tumors. These polyps become

cancerous if left untreated. Ideally, the endoscopists review the captured colonoscopy frames to detect

them. After finding the frames having polyps, the doctors extract the Region of interest (ROI), i.e.,

the polyp regions. Then, they analyze different characteristics of these regions, such as geometry

(shape and size), the surface of the polyp (texture), color (blood traces), boundary (smooth or wavy),

etc., to classify them into different classes. However, many constraints incurred during polyp analysis

make the diagnosis process inefficient and cumbersome.

1.2 Polyps

Neoplastic polyps result from abnormal cell proliferation and are benign when they are confined to

the mucosa. These lesions become malignant when they start invading the submucosa. Subsequently,

they spread through the lymph and circulatory systems, causing metastasis. The size and shape of

these polyps are related to the degree of severity of cancer. Smaller polyps (diminutive) are generally

benign, whereas big polyps tend to have malignancy properties [7]. Different classification schemes
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(a) (b) (c)

(d) (e) (f)

Figure 1.3: Paris classification of polyps. (a) pedunculate (0-Ip), (b) subpedunculate (0-Isp), (c) sessile (0-Is),
(d) slightly elevated (0-IIa), (e) completely flat (0-IIb), (f) slightly depressed (0-IIc).

based on polyp morphological features, like pit pattern, vessel pattern, surface pattern, color and

shape, and size, are available in the literature [8]. The Paris classification [8] gives a framework for the

classification of colonic polyps, which is well accepted. Figure 1.3 shows some representative images

based on Paris classification. Pedunculated and sessile polyps are easier to detect than flat polyps.

Other types of polyps are difficult to discriminate from the normal tissues through naked eyes. In

such cases, there is a need for a computer-aided diagnostic system.

Imaging technologies for polyp detection

Different imaging technologies for polyp detection have been proposed over time. Earlier, chromoen-

doscopy was used extensively to detect polyps in the colon. Dyes such as methylene blue or indigo

carmine are applied to distinguish polyp from normal tissues. Optical technologies such as narrow-

band imaging (NBI) (Olympus), flexible spectral imaging color enhancement (FICE) (Fujinon), and

i-scan (Pentax) are nowadays used. Dye-based colonoscopies are effective for detecting long-term in-

flammation. Optical imaging techniques are effective against diminutive polyp detection. White-light

(WL) colonoscopy uses the full spectrum ( wavelength: 400-700 nm), whereas NBI uses the narrow-

band blue-green light, which improves visualization of the neoplastic lesions against the adjacent

normal mucosa. The FICE and i-scan systems process reflected photons to reconstruct virtual images

of the polyp. Figure 1.4 shows representative samples acquired with different imaging techniques [9].

WL and NBI techniques are mostly used during the colonoscopy procedure. The publicly available
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(a) (b) (c) (d) (e)

Figure 1.4: Colonoscopy image acquisition using different imaging modalities. (a) NBI, (b) corresponding
ROI, (c) WL, (d) corresponding ROI, (E) Dye.

colonoscopy images and videos datasets are mostly acquired using WL and NBI modalities.

1.3 Challenges in Polyp Analysis using Colonoscopy

During the regular colonoscopy, the CCD sensors and the camera are under the influence of involuntary

muscle movement. In WCE, on the other hand, the capsule moves under the peristalsis movement, and

it is challenging to control the motion and orientation of the camera. Thus, redundant and clinically

non-significant frames are generally obtained in a video sequence. WCE takes nearly 8 hours, capturing

close to 50000 frames. A large part of the data is clinically not relevant and needs to be removed [10].

The captured frames are, therefore, susceptible to some of the degradation factors discussed below:

• Black mask and text: The black mask formed around the frame conveys no clinical information.

The text that gives the test information may lead to the hindrance of polyp, which may lie along

the border of the mask.

• Ghost colors: The improper synchronization of color channels may lead to ghost colors. This

phenomenon degrades the quality of captured frames.

• Motion blur: The colonoscopy frames are often susceptible to motion blur and produce a hazy

and blurred image.

• Specularity: Specular highlights are saturated portions of an image. It hinders the useful con-

textual information of an image’s ROI.

• Low illumination: The considerable variation of lighting is expected in the colonoscopy proce-

dure. This may add to the polyp miss detection rate.
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(a) (b) (c) (d) (e) (f)

Figure 1.5: Issues in manual analysis of colonoscopy frames. First row frames are consecutive frames of a
video sequence conveying the same information, (a) polyp is obstructed by mask, (b) ghost colors, (c) motion
blur, (d) low illumination, (e) specular highlights, (f) waste materials and bubbles.

• Other tissues and materials: The presence of water bubbles, waste materials, normal tissues

mimicking the abnormality, etc., may reduce the efficiency of polyp analysis.

An effective clinical interpretation of the polyp features becomes very difficult with the presence of

such factors. The representative images illustrating such elements are shown in Figure 1.5. Image

frames shown in the first row of Figure 1.5 belong to some consecutive frames recording of a patient. It

can be seen that the frames contain almost similar information. Generally, in colonoscopy, redundant

and duplicate frames are often captured.

Therefore, reviewing each frame manually for polyp detection from a hugely acquired colonic

frame is very difficult and inefficient. The features of polyps are so indistinctive that sometimes it is

challenging to distinguish them from the normal colon tissues. Also, the maximum polyp detection

rate, which can be achieved through colonoscopy, is less than 50 % as it is highly operator dependent

[11]. Therefore, it is essential to reduce the miss detection rate of polyps. However, manual inspection

and annotation of polyps are cumbersome and inefficient due to the big medical images acquired

through colonoscopy and similar pathological manifestations across diseases. Sometimes, the polyp

features may not be visible to the naked eye, and also, the diagnostic information is sometimes

overlooked, which makes it very difficult in decision making.

The application of new technologies in health care applications is on a constant rise. With the

advent of new modalities, efforts have been made to enhance the efficiency of colonoscopy. Recently,

optical endoscopic modalities using narrow-band imaging (NBI) have been developed for improved
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colorectal lesions detection [12, 13]. NBI imaging enhances the lesion’s vascular pattern, thereby

increasing their discriminating ability. Blue light imaging and i-Scan endoscopy are also used for

better polyp detection [14,15]. Another endoscopy modality that acquires high definition (HD) images

is linked color imaging (LCI). This imaging technique uses color as an important cue for lesions.

Generally, the color of a malignant (Adenomatous) polyp looks reddish, and the color of a non-

adenomatous polyp is whitish [16]. LCI enhances the red and white color and makes the red area

look more reddish, and the white area looks more whitish during colonoscopy. Thus, LCI helps in

lesion detection and helps in their classification. Other techniques adopted to improve lesion detection

include better bowel preparation, use of the broad field of view camera, flattening of colonic folds,

etc. [17]. However, the diagnosis using these techniques for better polyp detection during colonoscopy

needs a highly experienced and trained expert in this domain [18]. Another problem that arises during

lesion detection in colonoscopy frames is the high variability in the polyp characteristics. Typically,

small or serrated polyps, diminutive and isochromatic flat polyps, are missed during manual inspection.

Also, device and patient-specific colonoscopic frames will have different image characteristics [19].

1.4 Diagnostic Assistance System (DAS) for Colonoscopy Image
Analysis

To adress the above mentioned challenges, automated diagnostic systems have been adopted and

investigated for colonoscopy images. These methods have shown effectiveness in the pathological

interpretation of diseases. Our current work focuses on dysplasia grading of the polyps detected during

colonoscopy. Therefore, the steps generally followed by an endoscopist are very crucial in determining

the polyp grades. These steps are now defined as follows: As discussed earlier, the doctors try to

classify the polyps after a vivid analysis of the polyps. Firstly, they detect and localize the polyps in

the frames. Not all the captured frames are clinically significant. Therefore, frames having polys are

retained for further analysis. After polyp detection, they try to segment the polyp, i.e., the region

of interest (ROI), for extracting clinical information from them. After feature extraction, polyps

are classified into various grades according to the carcinoma stages. Therefore, typical analysis of

colonoscopy images includes polyp detection and localization, segmentation, and classification. Other

applications include 3D visualization and reconstruction of polyp surfaces which enables doctors to

have a better understanding of the polyps. The automated system does a virtual biopsy in detecting

dysplasia in polyps.
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1.4 Diagnostic Assistance System (DAS) for Colonoscopy Image Analysis

Figure 1.6: A typical colonoscopy image analysis framework.

These systems have made significant progress in medical image analysis based on machine learning

and deep learning algorithms. The foundation work for the development of computer-aided diagnosis

(CAD) for cancer diagnosis using chest radiography began around 1980 [20]. In the early stage, these

models were based on hand-crafted feature extraction. Also, the lack of inefficient image acquisition

modalities contributes to poor image analysis. These models have effectively performed image and

video analysis with advancements in machine learning approaches. Deep learning model-based CADs

have been extensively used in polyp detection and diagnosis of cancer [21–23]. These systems help

in achieving better adenoma detection rate (ADR) and assist in polypectomy of hyperplastic polyps

[22,24,25].

A lot of works proposed in this domain are available in the literature. But, several different defini-

tions have been used in literature for detection, localization, segmentation, and classification. In this

thesis, the meaning of the aforementioned tasks is as per the terminology used by the Gastrointestinal

Image Analysis (GIANA) challenge 2. Figure 1.6 illustrates a typical pipeline for the classification of

polyps. Polyp detection is the task of identifying polyp frames from the non-polyp frames. The left

block of Figure 1.5 shows some of the acquired colonoscopy video frames. The top row of this block

shows some consecutive frames captured for a patient in real-time. It can be seen that some uninfor-

mative frames are also captured during image acquisition. Therefore, selecting the polyp frames out

of the hugely acquired frames is vital. This step is called the polyp detection stage. Subsequently, the

position of the polyp in these corresponding detected frames is localized to find the ROI. ROIs are

the clinically significant regions. These ROIs can be used to extract features for polyp classification.

For polyp classification, only polyp regions are sufficient. Therefore, finding the exact polyp boundary

2https://giana.grand-challenge.org/Tasks/
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to delineate is also preferred. This task is called segmentation. It is also helpful in the resection of

polyps. Finally, the malignancy in polyp is detected. Broadly, it is classified as adenoma (malignant)

and non-adenoma (benign). Further, polyp grading like Tubular adenoma (TA)- TA low grade and

TA high grade, Tubulu-Villous adenoma (TVA)- TVA low grade and TVA high grade, hyperplastic

(benign), etc., are also found in the literature [26]. In this thesis, our analysis is based on an auto-

mated polyp classification design. It is to be noted that all the intermediate steps are vital for the

final polyp classification.

1.5 Colonoscopy Image Analysis: A Review

Much work on polyp analysis using colonoscopy images can be found in the literature. The critical

stages shown in Figure 1.6 are discussed with different degrees of exploration. A particular proposed

method may address any of the steps or steps in integration to achieve an accurate diagnosis of polyps.

Since our thesis explores to address all of them, a systematic review of each task is important. Firstly,

we will review the existing polyp detection approaches available in the literature. These proposed

techniques for all these tasks are elucidated in chronological order.

1.5.1 Polyp detection in colonoscopy images

Colour, texture, and shape are essential cues for polyp detection. These features have been extensively

used in polyp characterization by hand-crafted based methods. Foundation works on polyp detection

are on CT colonography or virtual colonoscopy images. Most of the research works are based on

geometric features for polyp detection [27–30]. Karkanis et al. [31] used color wavelet features as

the texture features to detect polyps. However, the performance in terms of sensitivity falls for

polyps having little texture. One of the earliest works on automatic detection of polyps was done by

Kodagiannis et al. [32]. They extracted color texture features by utilizing spectrum from six channels

(red-green-blue: RGB and hue-saturation-value: HSV color spaces) with an adaptive fuzzy logic system

(AFLS) as the classifier. They achieved 97% sensitivity on a relatively very small dataset of 140 images

with 70 polyp frames. They assumed that different color spaces better represent color texture patterns

to characterize the polyp features. However, it is known that the color channels in RGB images tend

to exhibit high levels of correlation. Similarly, only color features may not be sufficient to characterize

the polyps as the non-polyp regions also show similar color characteristics. Li et al. [33] used two

shape descriptors, MPEG-7 shape descriptor (angular radial transform - ART) and Zernike moments.
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They achieved an accuracy of 86.1% on 300 test images, out of which 150 contained polyps. However,

non-polyp tissues having a similar polyp shape can be found in the colonoscopy frames. Later, they

utilized the color and shape features to obtain a better polyp detection performance [34]. In [35],

a Log-Gabor filter-based segmentation along with SUSAN edge detector and active contour (AC)

was proposed to identify polyp candidates. However, the method assumes the shape of polyps as an

ellipse, which is not the case as polyps can have different shapes and sizes. Also, a limited number

of images were tested to validate their method. Hwang and Celebi [36] used Gabor texture features

in a watershed segmentation framework to indicate polyp regions in a frame. Their method also

assumes the shape of the polyp to be an ellipse or circle. Nawarathna et al. [37] extracted the texture

features using Schmid filter bank and classified the polyp regions using SVM and K-nearest neighbors

(K-NN). Later, they added the local binary pattern (LBP) feature and Leung-Malik filter for efficient

texture feature extraction [38]. However, their models rely on texture features and do not consider

other important polyp features. A geometry-based approach based on protrusion measures for polyp

detection was proposed by Figueiredo et al. [39]. However, their model failed to detect the flat and

sessile polyps as such polys do not have protrusions. Other protrusion-based approaches for polyp

detection were proposed in [40–42]. Zhao et al. [43] proposed to use the temporal information along

with color, edge, and texture features for polyp detection. Li and Meng [44] extracted the uniform

LBP features from the image sub-patches in the wavelet transformed domain. However, their model

failed to characterize the flat textureless polyps. Yuan and Meng [45] proposed a bag of features

representation of polyps using SIFT and K-means clustering. Later, Yuan et al. [46] added other

texture features, like LBP, uniform LBP, complete LBP, and HOG features with the SIFT feature for

better polyp characterization. However, selecting patch size around the key points and finding the

best number of visual words for optimum performance is difficult to obtain. The proposed method

only gives the best results for a patch size of 8×8 and a visual word size of 120. Wang et al. [47], used

edge-cross-section visual features to track the edges along the contour of polyps from consecutive video

frames. However, their model failed to find the edges for hidden and occluded polyps in frames. The

commonality among these techniques is feature extraction, which extracts discriminative features (e.g.,

texture, shape, color) and machine-learning classification to identify polyp regions. All the methods

are summarized in Table 1.1 and Table 1.2.

Most of the techniques discussed above are based on supervised learning. However, these methods

11

TH-2722_156102005



1. Introduction

Table 1.1: Overview of handcrafted feature learning-based polyp detection and localization techniques in
colonoscopy. Abbreviations: ART—angular radial transform; BoW—bag of words; BoF—bag of features;
HMM—hidden Markov model; SIFT—scale invariant feature transform; HoG—histogram of oriented gradients;
LLE—locally linear embedding; LBP—local binary patterns; MLP—multilayer perceptron; SVM—support
vector machines; LDA—linear discriminant analysis; NN—neural networks; CRF—conditional random fields;
DT—decision tree; RF—random forest; * —no classifier used; **—not available; (*)—number of polyp images.

Method Features/Technique Feature type Classifier(s)
Dataset
Contents

[48] Curvature analysis Shape * 6(4)

[31] Color wavelet Texture NN 8

[49] LBP Texture NN 3

[50]
Energy-angular second mo-
ment, correlation, inverse dif-
ference moment, entropy

Texture, color NN 4

[51]
Area, color and shape of seg-
ments

Shape, color * **

[31] Color wavelet Texture LDA, SVM 1380

[52]
Texture spectrum histogram,
chromatic and achromatic his-
tograms

Texture, color SVM 66(54)

[53]
Gray level co-occurrence ma-
trix

Texture NN 4

[53]
Discrete wavelet transform co-
efficients, histogtam of CIE-
Lab color space

Texture, color
Ensemble
SVM, LDA

58(46)

[54]
Morphological watershed seg-
mentation

Color, shape * 100(50)

[55]
LBP, wavelet energy, oppo-
nent color local binary pattern

Texture, color SVM 15,000

[56] Curvature, RGB color Shape, color SVM 8621(815)

[57] Curvature, RGB pixel color Color SVM 35

[58] Co-occurrence matrix, color Texture, color SVM 74

[59]
Co-occurrence matrix, local
binary pattern

Texture, color * 1736

[60]
Number and size of edges, dis-
tance of edges from specular
highlights

Texture, shape,
temporal infor-
mation

CRF 35 videos

[61]
Watershed segmentation,
RGB color pixel

Color, shape * 300 videos

[62]
Edge cross-section profiles
(ECSP)

Texture, color,
shape

DT, SVM 1513

[63]
Edge normal, edge cross-
section feature

Texture, color,
shape

RF 300(300)
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Table 1.2: Overview of handcrafted feature learning-based polyp detection and localization techniques in
colonoscopy (Contd.).

Method Features/Technique Feature type Classifier(s)
Dataset
Contents

[32] Texture spectrum Color Neurofuzzy 140(70)

[32] Texture spectrum Color Neurofuzzy 140(70)

[33]
ART descriptor, zernike mo-
ments

Shape MLP 300(150)

[34]
Chromaticity histogram,
zernike moments

Shape, color MLP, SVM 300(150)

[35]
Log-Gabor filter, SUSAN
edge detector

Shape * 50(10)

[36]
Gabor filter, watershed seg-
mentation

Shape * 128(64)

[37]
Filter bank based texton his-
togram

Texture K-NN, SVM 400(25)

[39] Curvature analysis Shape - 1700(10)

[64] Color moments, LBP Color, texture SVM 2 videos

[43] Color, edge, texture, HMM Color, texture weak k-NN
400(200),
1120(560)

[44] LBP, Wavelet Texture SVM 1200(600)

[65] Color, edge, texture, HMM Color, texture Boosted-SVM 1200(600)

[66] Color + Gabor filters + BoW Color, texture SVM 250(50)

[40]
Local polynomial approxima-
tion + geometry

Shape SVM
3
videos(40)

[41] HOG, color Shape, color MLP 30540(540)

[42]
Geometry, color, Monogenic
LBP

Shape, color, tex-
ture

SVM 400(200)

[45] Saliency, SIFT, BoF Texture SVM 872(436)

[67]
Gabor filter + monogenic
LBP + LDA

Texture SVM 872(436)

[68] LBP + HOG Texture, shape Regression
27984
(12984)

[69] RGB, Variance, radius Color, shape SVM 359

[70] SIFT + BoF + K-means Texture SVM 800(400)

[46] SIFT, complete LBP, BoF Texture SVM 2500(500)
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provide inferior performances as features learned during the training of a supervised model may not be

sufficient to generalize the unseen test datasets. The considerable variation of image features among

the acquired data from different colonoscopy modalities gives unsatisfactory performances. Charac-

terization of polyps using hand-curated features needs immense domain knowledge and expertise. The

difference in the critical features like sizes, shapes, textures, colors, and orientations of these polyps [19]

is a challenge. Therefore, all various challenges have to be addressed. Recent advancements in the

learning paradigm show significant progress in this domain. The deep learning technique generally

performs well because of its ability to extract hidden image features. Some of the deep learning-based

approaches to polyp detection are discussed below.

Recently, deep learning-based automated polyp detection systems have been proposed for real-time

polyp detection [71–74]. Ahmad et al. [75] gave a brief on the clinical applications of computer-aided

diagnosis in colonoscopy. Convolutional neural networks (CNNs) based methods have been deployed

in medical imaging for various tasks [76–80]. Shin et al. [81] proposed a transfer learning approach for

polyp detection in colonoscopy. They used Inception ResNet and proposed a region-CNN for the task.

Shin et al. [82] proposed a conditional generative adversarial network (cGAN) to generate synthetic

colonoscopy images for improved detection performance. Lee et al. [74] employed YOLOv2 [83] for

real-time polyp detection and localization. Yamada et al. [84] deployed Faster RCNN and VGG-16 to

detect and localize lesions in endoscopic video frames. They achieved a real-time detection performance

with a minimum polyp miss rate. Table 1.3 provides some state-of-the-art methods based on deep

learning. From the above discussion, it is quite evident that hand-crafted-based methods utilize

the dominant polyp features for polyp vs. non-polyp classification. The colonoscopy polyps are

susceptible to geometric and photometric transformations. Also, noise and complex background make

it challenging to learn the discriminating features. Therefore, the missed polyp detection rate of these

methods cannot be discounted. The deep learning-based approaches provide superior performances

compared to the conventional methods. However, the requirement of extensive labeled data during

the training of these models is sometimes tough to achieve. Under such scenarios, the generalization

and robustness of the detector cannot be guaranteed. Therefore, there are many scopes for improving

the performance. The challenges and possible solutions are discussed in the corresponding chapter.

The next important analysis is polyp segmentation. The existing literature in this regard is discussed

below.
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Table 1.3: Overview of deep learning-based polyp detection and localization techniques in colonoscopy. Abbre-
viations: CNN —Convolutional network; C3dNet—Convolutional 3-dimensional network; 3D-FCN —3 dimen-
sional fully convolutional network; DCF —Discriminative correlation filter; BseNet —Binary size estimation
network .

Method Approach/Technique Architecture Datasets

[85]
Patch based feature extraction,
SVM

AlexNet (Pre-trained) CVC-ColonDB

[86] Patch based feature extraction CNN
CVC-ClinicDB, ETIS-
Larib, ASU-Mayo

[87]
Bounding box based feature extrac-
tion

AlexNet ASU-Mayo

[88] Patch based feature extraction AlexNet ASU-Mayo

[89]
Colour, shape, and temporal patch
based feature

CNN ASU-Mayo

[90]
Egde map generation and classifica-
tion

CNN ASU-Mayo

[91]
Egde map, K-Means-with-
Connectivity-Constraint (KMCC)
segmentation

AlexNet
CVC-ColonDB, ASU-
Mayo

[92] Classification CNN ASU-Mayo

[93] Spatio-temporal features BseNet, C3dNet [94] Private

[95] Spatio-temporal features
Convolutional 3-
dimensional network
(C3dNet)

Private

[96] Multi-stage frame classification
Cascaded Deep Deci-
sion Network (CDDN)

ISBI 2014 Challenge
[89]

[97] Bounding box R-CNN (VGG-16)

CVC-ClinicDB, CVC-
VideoClinicDB, CVC-
ColonDB, CVC-
EndoSceneStill

[73] End-to-end training (Bounding box)
VGG-16, VGG-19,
ResNet50

Private

[98]
Encoder-Decoder based feature
learning

Y-Net ASU-Mayo

[81]
Region proposal network (RPN)
and False positive learning

Faster R-CNN (Incep-
tion ResNetv2)

CVC-ClinicDB, CVC-
VideoClinicDB, ETIS-
LARIB, ASU-Mayo

[99] Spatio-temporal features 3D-FCN ASU-Mayo

[100] Spatial and temporal features
RYCO (ResYOLO,
(DCF))

CVC-ClinicDB, ETIS-
LARIB, ASU-Mayo

[72] Bounding-box SegNet
CVC-ClinicDB, Pri-
vate

[101]
Color wavelet and patch based fea-
ture extraction using CNN

CNN
CVC-ClinicDB, ETIS-
LARIB, ASU-Mayo

[102] Bounding-box End-to-end training YOLO
CVC-ColonDB, CVC-
ClinicDB, ETIS-
LARIB

[103] Bounding-box End-to-end training Darknet-YOLO ASU-Mayo, Private

[71]
Encoder-decoder based residual net-
work

ColonSegNet Kvasir-SEG
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1.5.2 Polyp segmentation in colonoscopy images

The localized polyps, i.e., the ROIs, are utilized in cancer detection. However, sometimes it is required

to have the exact delineated polyps for the analysis. A not perfectly localized polyp includes a

significant amount of non-clinical information, thereby inducing unnecessary features that may affect

the overall efficiency. Also, perfect boundary detection can lead to an ideal resection of the polyps.

Therefore, efforts have been made to do the localization perfectly. A significant amount of work has

been carried out on this view. Earlier works are based on handcrafted feature learning techniques

compared to the recent deep learning approaches. A systematic review of those methods reported in

the literature is discussed.

Early work on the development of a fully automated decision support system for celiac disease

diagnosis was proposed by Gadermayr et al. [104]. They extracted different image features from the

colonoscopy frames for disease diagnosis. Figueiredo et al. [105] proposed an unsupervised approach

for segmentation of colorectal polyps using a histogram-based two-phase segmentation model. They

only used a small dataset of 87 frames collected using NBI to test their model. They produced

good segmentation results, but their method’s generalizability and robustness cannot be guaranteed.

In [106], an Edge and neighborhood guidance network (ENGNet) is proposed to segment polyps.

The suggested model’s ability to capture enough spatial and texture information for efficient polyp

segmentation is determined by the polyp’s neighborhood areas. As a result, polyp regions with low

light illumination and blur have poor segmentation results.

Most of the previous techniques employed for polyp segmentation are based on supervised learn-

ing. In [107], eight texture and color features are extracted from a gray level co-occurrence matrix

(GLCM). Finally, an SVM is used to extract the region of interest. In [108], texture features and Color

wavelet covariance (CWC) features are used for polyp non-polyp classification. Earlier, we proposed

an active contour model using the Chan-Vese level set method (CV-LSM) after pre-processing the

colonoscopy frames using principal component pursuit (PCP) [109]. However, the method produces

low polyp segmentation performance in low illumination conditions. Bernal et al. [61] proposed a

region descriptor for polyp segmentation. In [110], a shape-based approach is proposed to mark out

the polyp regions. However, the approach generated unsatisfactory segmentation results in specific

scenarios due to the polyps’ uneven shape.

In [77], a deep learning approach based on a fully convolutional neural network (CNN) is employed
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for polyp segmentation. The Jaccard index (IoU) was not evaluated to show the performance of

the algorithm, which is an important measure [111]. Vázquez et al. [77] proposed a Fully connected

neural network (FCN) for endoluminal scene segmentation. Yu et al. [99] suggested a 3D online and

offline CNN for polyp localization. Their approach, however, fails to detect polyps in overexposed and

blurred areas in the colonoscopy frame. Depth information is incorporated with the transfer learning

frameworks in [112]. Their approach fails to locate polyps that are flat or obstructed. Nguyen et

al. [113] proposed a deep encoder-decoder network for polyp segmentation. On the same dataset,

they trained and tested their approach. Guo et al. [114] developed a deep hybrid model for polyp

identification, namely Dilated ResFCN and SE-Unet. This approach, however, necessitates a high-end

computation. Using V-GAN, Pogorelov et al. [115] presented pixel-wise polyp localization. Their

approach solves the problem of generalizability in the limited data environment. On the other hand,

the article is missing the qualitative performance of the segmentation results. Banik et al. [116]

proposed polyp-Net for polyp segmentation. However, the robustness of their method cannot be

judged as they used the same dataset for training and testing. Yang et al. [117] proposed mask regions

convolutional neural network (MRCNN) for polyp detection and segmentation.

From Table 1.4, it can be seen that different techniques have been proposed for polyp segmentation.

The proposed approaches are broadly categorized as (1) handcrafted feature-learning (shape, texture,

color, edge, etc.), (2) transfer-learning (pre-trained model), (3) end-to-end learning, and (4) adversarial

learning. The handcrafted feature learning approaches do not provide a good polyp segmentation

performance similar to the detection problem. The high intra-variations among the polyp features

make it challenging to characterize the polyp for segmentation. The challenge of polyp segmentation

has been addressed using transfer learning techniques. The learned features of the established models

are incorporated in the transfer learning approach, and they are fine-tuned for polyp segmentation.

However, because the real-time patient and device-specific colonoscopy images are not suited for

transfer learning, the method is not generally suitable for colonoscopy polyp segmentation. As a

result, while any model can perform admirably during training, it may fail miserably when it comes to

real-time polyp segmentation. The established models like VGG, AlexNet, ResNet, etc., are trained

with outdoor natural images. Therefore, the already learned features are sometimes become less

valuable while processing the colonoscopy images for segmentation. Therefore, deep models having

end-to-end learning supervised learning have been proposed for better feature extraction using varieties
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Table 1.4: Overview of existing polyp segmentation approaches in colonoscopy. Abbreviations: LSTM —Long
shot-term memory, V-GAN —Variational generative adversarial network

Method Approach/Technique Features/Architecture Datasets

[56]
ellipse fitting techniques based on
image curvature, edge distance, and
intensity values

Shape
colonoscopy video
(Private)

[118]

Multi-scale filtering for noise re-
duction, suppression of small blood
vessels, and enhancement of major
edges

Shape Private

[119] Edge detection using active contour Edge detection Private

[31] Color wavelet Texture Private

[120] End-to-end semantic segmentation
Enhanced FCN-8, En-
hanced variant of Seg-
Net (ESegNet)

CVC-
EndoSceneStill

[121]

Pixel-wise initial polyp region can-
didates prediction by FCN followed
by polyp boundaries modeled by
texton

FCN-8s CVC-ColonDB

[76]
Convolution and Transconvolution
for feature extractionn followed by
reconstruction of prediction map

FCN, U-Net CVC-ClinicDB

[122]
Information of polyp location and
feature

DeepLabv3+LSTM CVC-ClinicDB

[112]
Transfer learning and End-to-end
learning of the existing deep mod-
els

FCN-VGG, FCN-
GoogLeNet, FCN-
AlexNet

CVC-ClinicDB,
ASU-Mayo, ETIS-
LARIB

[103] Adversarial learning V-GAN
CVC-ClinicDB,
Kvasir

[71]
Encoder-decoder that uses residual
block with squeeze and excitation
network

ColonSegNet Kvasir-SEG

[116]
Dual-tree wavelet pooled CNN (DT-
WpCNN)

Polyp-Net
CVC-ColonDB,
CVC-ClinicDB

[123] multi-scale patch-based CNN CNN CVC-Clinic DB
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of polyp structures. However, getting massive labeled datasets for training such models is very difficult

in colonoscopy imaging. Therefore, other learning methodologies like semi-supervised and adversarial

learning have been recently proposed. In all, there is a vast scope to explore fairly efficient and robust

methods for polyp segmentation.

After polyp segmentation, the doctors finally classify them based on the features they exhibit. They

look for geometry features, texture, and color information for detecting cancer in them. Therefore,

these image features are extensively used in the proposed automated polyp classifier systems available

in the literature.

1.5.3 Polyp classification in colonoscopy images

Handcrafted feature learning-based methods for classification are inevitable when the dataset is in

paucity. In [124], Stehle et al. used vascularization features for colon polyp classification in en-

doscopic images. Condessa et al. [125] used curvature features for detection and classification of

colorectal polyps. Fu et al. [126] used texture features taken from both the spatial domain and spec-

tral domain. They applied principal component transform (PCT) and extracted the texture features

from the first component of the PCT. A reduced feature dimension set was prepared using sequential

forward selection (SFS) and sequential floating forward selection (SFFS) algorithms for classification

using SVM. Hafner et al. [127] proposed local texture properties using a 1D histogram using the sim-

ilarity of neighboring pixels. The compact color vector features were classified using the k-nearest

neighbor classifier. Mesejo et al. [128] used a combination of features for a better representation of

polyp features. They used texture features and 3D features for the classification of polyps. In [129],

Wimmer et al. used wavelet-based features for polyp classification. Engelhardt et al. [130] proposed

Color-GLCM features and an SVM classifier for the task. In [131], Bag of words (BOW) descrip-

tors with spatial pyramid matching (SPM) were used. Some deep-learning-based methods and their

performances are elaborately discussed in the contributing chapter. These methods discussed above

mainly used global features for polyp classification. In most of these methods, a particular feature de-

scriptor is used, which may not be sufficient to characterize polyp features. Also, Most of the existing

techniques are validated on a small dataset. The performances of these methods are not satisfactory

and cannot be generalized.

Deep learning-based methods can handle such variations better and provide a great generalization.

Therefore, there has been a growing interest in using such models in medical image and video pro-
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cessing. Byrne et al. [132] used CNNs for the real-time classification of polyps in colonoscopy videos.

Ribeiro et al. [133] used image patches to train the CNNs for this task. Later, they fused the hand-

crafted features, deep CNNs, and transfer learning features for the task [134]. However, this method

would increase the computational burden, and classification accuracy of 93.22% was achieved. The

model is also tested on a dataset derived from a high-definition modality, in which numerous image

properties such as contrast and tone of vascular tissues are distinguishable, which may not be present

in frames captured by standard endoscopic modalities. In [135], to address an imbalanced class dis-

tribution, per-class data augmentation is used to improve classification and, as a result, classification

accuracy. Golhar et al. [136] proposed a semi-supervised learning system for endoscopic image lesion

classification. They incorporated a jigsaw puzzle solver into a semi-supervised learning model that

generates discriminative features using an encoder. Their approach has a classification accuracy of

79.76 % when evaluated on their own dataset. We earlier adopted a synthetic image augmentation

approach using GAN, followed by a conventional CNN for polyp categorization [137]. The classifica-

tion accuracy of 88.33% cannot be adequate in this task. This also shows that classical GAN cannot

generate authentic colonoscopy-like images. The challenge of polyp categorization has been addressed

using transfer learning techniques. The learned features of the established models are incorporated

in the transfer learning approach, and they are then finetuned for polyp classification. However, the

method is not generally suitable for endoscopic image categorization because the real-time patient and

device-specific endoscopic images are not suited for transfer learning. As a result, while any model can

perform admirably during training, it may fail when it comes to real-time polyp categorization. Some

of the works using the transfer learning approach [138–140], though were deployed, but the desired

performances have not been achieved.

Other researchers worked on histopathological images for colorectal polyp classification. Korbar

et al. [141] offer a patch-based framework for classifying different types of colorectal polyps from

whole-slide images, which was deployed using a ResNet architecture [142]. Wei et al. [143] created

a hierarchical classification approach to match the nature of the classification problem for the deep

learning model to infer the overall diagnosis of a whole-slide image. Using a sliding window algorithm,

each slide was first split down into several patches, and the deep ResNet-like neural network then

classified each patch. Song et al. [144] offer a patch-based fully convolutional technique for adenomas

classification and grading, with a significant emphasis on model interpretability. From Table 1.5, it can
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Table 1.5: Overview of existing polyp classification approaches in colonoscopy. Abbreviations:
VAR—variance, EVAR—energy variance, DCT—discrete cosine transform, SSD—Single Shot MultiBox De-
tector, CNN—Convolutional neural network

Method Features Approach Datasets Remarks

[124]
Blood-vessel cap-
illaries (vascular-
ization)

Texture
NBI,(37 A + 19
H), Private.

Bleedings or performation
cause misclassification

[126]
cooccurrence
matrix, VAR,
EVAR, DCT

Textural, spa-
tial and spec-
tral domains

No dataset de-
tail

Poor accuracy

[127]
local color vector
patterns operator
(LCVP)

Textural, color 716 images
Applicable to chromoen-
doscopy

[130] Color-GLCM Textural
NBI, Dye, 466
diminutive
polyp images

methylene blue staining and
magnification of vascular tis-
sues.

[145] Blood vessel Texture NBI, 434
Not real-time, optical magni-
fication used may not be avil-
able always

[129] Wavelet based Texture
11 different
endoscopic
databases

Covariance of features ex-
tracted from subbands of dif-
ferent color channels seems to
be inadequate for the classifi-
cation of colonic polyps.

[131]
curvature-based
feature descrip-
tors , BoW

Texture
CT Colonogra-
phy images

No quantitative results

[128]

Invariant Gabor
texture, Rota-
tional invariant
LBP, MPEG-7,
Shape-DNA,
Kenel-PCA

Texture, color,
shape (3-D)

76 colonoscopy
videos
(NBI,WL)

framework specific and not in-
dependent of aparticular tech-
nology. Also, validated on
small dataset.

[138] Deep CNNs
Transfer learn-
ing

1476 A + 681 H,
Private

Low accuracies

[140] AlexNet
Transfer learn-
ing

500 polyp im-
ages, Private

Low performances

[132] Deep CNN
End-to-end
training

158 consecutive
polyps, Private

Tested on consecutive frames
having diminutive polyps.

[133] CNN
Color, shape
and texture

100 images
Lack experimental results
comparision

[135] ResNet50
Per-class data
augmentation
and CNN

172 A and 31 H
Limited experiments to vali-
date the results

[136]

ResNet-18 and
Jigsaw puz-
zle solver with
Siamese network

Semi-
supervised

Private Low accuracies
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be seen that a small number of works have been done in the domain of polyp classification. Majority

of the works are based on handcrafted deature learning approaches. The non-availability of labeled

data limits the exploration of deep learning techniques.

Apart from classifying polyps from 2-D image features, other colonoscopy frames features can be

utilized to understand the disease better. The 3-D features of the polyp region can give better polyp

surface characteristics. AR and VR applications in this domain can assist the endoscopist in assessing

the lesions better. A 3D volume of a polyp in VR is presumably more easily to classify using the

Paris classification instead of a 2D image [146]. It can help in accurate resection of the polyp from the

normal tissues as it helps in surgical navigation [147]. It provides surgeons with additional anatomical

and positional information [148]. The 3-D features are also important in polyp classification [128].

An endoscopic modality generally captures thousands of frames. In this scenario, it is essential to

discard low-quality and clinically irrelevant frames of an endoscopic video while the most informative

frames should be retained. Therefore, a key-frame selection strategy becomes so important as it saves

a lot of reviewing time. Therefore, some works related to automatic key-frame selection have been

adopted before poly detection or segmentation. It could assist medical experts and reduce the burden

on the clinicians, and helps in better diagnosis. The key-frames have better image features and are

thus helpful in better prognosis. A recent work focusing on video summarization is proposed by Li

et al. [149]. Clustering-based methods for video summarization in colonoscopy videos are presented

in [150, 151]. However, clustering-based methods are not suitable in noise environments. Endoscopy

frames are generally susceptible to noise. Also, redundant frames are captured during the endoscopy,

making clustering methods perform poorly. Saliency maps for finding key-frames of videos were

presented in [152,153]. A color histogram comparison-based method was adopted by Mendi et al. [154].

They compared the color histogram of successive frames in a video sequence, and key-frames were

selected using k-means and PCA whenever a significant change in content was observed. However,

this model does not fit into endoscopic videos as most of the frames have similar color information.

Recently, dictionary learning-based approaches have been proposed for video summarization [155].

In [156], a gastroscopic video summarization technique based on a dictionary learning approach is

proposed.

Considering the importance of these aspects in polyp analysis, we also investigated some prelimi-

nary works in this thesis. This thesis proposes key-frame selection using depth information of polyps
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and subsequent polyp segmentation. The 3-D view of the polyp can be achieved using the selected

key-frames. The 3D view gives shape and size information of a polyp. Depth estimation of endoscopic

images is a challenging task as the endoscopic images are monocular.

Attempts have been made to solve it as a per-pixel regression problem, however, supervised learning

methods require a lot of training data. It isn’t easy to acquire depth data without using stereo

cameras or expensive depth sensors, as with endoscopy videos. Thus unsupervised methods are being

given more importance. Depth estimation in endoscopic video frames imparts clinical relevance to a

physician. 3D reconstruction of the monocular images helps in diagnosis and surgical planning.

With this, we try to solve some of the issues related to developing an automated polyp analysis

system. The thesis broadly discusses methods for polyp detection, segmentation, and classification.

Limitations of the existing techniques and approaches to tackle these problems are discussed. Before

going into the objectives and outline of the thesis, the details about the databases available for the

studies and for validating the proposed algorithms are worth mentioning. Datasets provide the basis

of the methods available in the literature and guide to devise new frameworks best suited. Therefore,

the following section discusses the available colonoscopy datasets used for these studies.

1.6 Datasets Description

All the datasets described in Table 1.6 were developed mainly in the late part of the last decade. Also,

the datasets made available earlier have limited samples and ground-truth information. Therefore,

early existing techniques are primarily based on the hand-crafted feature learning framework. Recently,

datasets with a fair amount of labeled image samples have been made available publicly. Therefore,

deep learning-based approaches have been newly devised in this domain. CVC-ClinicDB and the

Kvsir-SEG are the most used datasets for segmentation found in the literature. The classification

dataset [128]3 contains polyp video sequences from three classes, namely, Hyperplastic, serrated, and

adenomatous. The UniTOPatho dataset4 contains polyp histopathological images for colorectal cancer

classification and dysplasia grading. The Aichi medical dataset is a private dataset developed for

the study of polyp classification5. More detailed information about the datasets is provided in the

experimental results sections of each approach discussed. Other endoscopic datasets available in this

3http://www.depeca.uah.es/colonoscopy_dataset/
4http://ieee-dataport.org/open-access/unitopatho
5The Aichi Medical University ethical committee has approved this clinical study (January 15, 2018; Approval No.

2017-H304)
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Table 1.6: Details of datasets. Abbreviations used: A—Adenomatous, H—Hyperplatic, S—serrated,
WL—White light, NBI—Narrow band imaging, VS—Video sequences, H&E —Hematoxylin and Eosin,
WS—Whole slide, N—Normal lesion.

Dataset Organ Source Findings Contents Purpose

Kvsir-SEG [157]
Large
bowel

WL Polyp 1000 images Segmentation

SUN Colonoscopy
Video Database [158]

Large
bowel

WL
Polyps/non-
polyps

49,136/109,554
Localization,
Detection

ETIS-Larib [78] Colon WL Polyp 196 images Segmentation
CVC-ClinicDB [159] Colon WL Polyp 612 images Segmentation
CVC-ColonDB [61] Colon WL polyp 300 Segmentation
CVC-VideoclinicDB
[160]

Colon WL
Polyps/non-
polyps

36 VS
Segmentation,
Detection

76 Colonoscopy Videos
[128]

Colon WL, NBI Polyp
A-40, H-21, S-15
VS and frames

Classification

Aichi Medical Univer-
sity (Private)

Colon
WL, NBI,
and Dye

Polyps
H-373, A-208 im-
ages

Classification

UniTOPatho [26] Colon
H&
E-stained

Polyp
Histopathology

292-WS, 41-H,
21-N, 230-A
images and 9536
patches

Classification

domain are not useful and are beyond the scope of the current works presented in this thesis.

1.7 Motivation and Objectives

Automated analysis of the colonoscopy images and videos is essential for its usage in a clinical set-

ting. However, colonoscopy frame analysis is a challenging research problem. The task is even more

complex and difficult as the images are susceptible to degradation and the presence of high inter-

and intra variations of the polyp structures. Most of the state-of-the-art methods are supervised;

therefore, they need a lot of labeled samples with variances among the image samples. In addition,

many clinical parameter extraction methods focus on estimating the polyps’ prominent features. They

mostly use important polyp cues like texture, shape, color, etc., features for polyp analysis. However,

these global features are sometimes intricate to characterize the polyp features accurately. The local

features are vital as they show critical clinical information manifested by the polyp surface. Moreover,

the effects of occlusion, geometric transformations, and the impact of noise needed to be analyzed

as they may influence the colonoscopy images’ characteristics. The constraints of not having large

annotated datasets for the training of models must be leveraged by the proposed methods without

much performance degradation. Also, approaches best suited for practical applications of polyp anal-

ysis are encouraged. Therefore considering these issues and motivated by the above study points, the
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objectives of the thesis are given as follows:

• To devise stand-alone methods for automated detection, localization, segmentation, and classi-

fication of colonoscopy polyps. To develop integrated frameworks capable of doing one or more

tasks simultaneously.

• To detect and localize the polyps in the frames of colonoscopy videos using critical clinical

features, temporal information, and geometric features. To provide a method that can perform

well for test datasets having different polyp shapes, sizes, textures, and complex backgrounds.

To devise systems that can work on stored images and real-time data.

• To devise a method that can be a pre-processing step to polyp detection/segmentation. It will

give additional advantages in saving clinicians reviewing time and helps in better diagnosis.

• To propose unsupervised polyp segmentation frameworks that can work on any number of polyp

images in case of labeled data scarcity, commonly seen in colonoscopy.

• To devise reliable and data-efficient classifiers for CRC detection from polyp frames and histopatho-

logical images. To develop efficient methods that have good generalizability and robustness

abilities.

• To integrate all the individual tasks of automated detection, localization, and classification

framework and devise an efficient polyp diagnostic assistance system.

1.8 Thesis Outline

To address the issues mentioned in the previous section, this thesis work is organized into six chapters.

The contribution of the present thesis is illustrated in Figure 1.7. It includes two major blocks: image

acquisition and analysis of the colonoscopy images/videos. Most of the data used in our studies are

publicly available. We developed one dataset for polyp classification; the contributing chapter gives

the details. The second block represents a flow chart showing different stand-alone and integrated

methods for CRC detection. Finally, an approach for further grading of dysplasia in polyps using

histopathological polyp images is proposed. The content of each chapter is summarized as follows:

• Chapter 1 discusses the need for automated polyp analysis systems in colonoscopy videos.

Existing works in this view are discussed, highlighting the advantages and limitations of these
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methods. The review is broadly divided into three sections: polyp detection and localization,

polyp segmentation, and polyp classification. A summary of the proposed techniques and the

scope of the thesis work is highlighted.

• In Chapter 2, the polyp detection and localization problem are tackled. The first approach

uses the dominant polyp features in a modified particle filtering framework to localize polyps.

Texture and color information is used in an unsupervised learning approach. Occlusion and

specularity, which are commonly seen in colonoscopy, are handled effectively by our algorithm.

Finally, active contour (AC) is employed to segment the localized polyps. However, this method

gives poor performance for flat and serrated polyps. To circumvent this, our second approach

uses both spatial and contextual information—the attention in a YOLOv4 architecture for better

polyp detection and localization. Extensive experimental results demonstrate the robustness and

generalization of the proposed method.

• In Chapter 3, methods for polyp segmentation are devised. The first method is based on

the segmentation of prominent and bulged-out polyps, which often show malignancy. This

work also discusses various applications of polyp segmentation for better diagnosis. We present

an unsupervised polyp segmentation approach using local and global features in the following

method. The spatial and contextual information is encapsulated in a proposed adaptive Markov

random field (MRF) framework. A shape prior is imposed on the saliency map to generate

segmentation masks for polyps in the subsequent work.

• In Chapter 4, methods are proposed to classify polyps broadly into benign (hyperplastic) and

malignant (adenoma) categories. Local shape and texture features are extracted using efficient

descriptors for classification. A fuzzy entropy-based feature selection approach is employed to

retain the dominant features. Further, shape features and embedded features extracted using

siamese architecture using a triplet network are combined to characterize the polyp features

better. Finally, tissue level (histopathological) polyp images are further investigated for cancer

grading. In this view, a semi-supervised approach based on a generative adversarial network

(GAN) is proposed. This approach is suited to a limited data environment and provides a good

classification performance.

• Chapter 5 summarizes the work presented in this thesis, highlights the major contributions of
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Figure 1.7: Graphical abstract describing dissertation work-flow.

the work, and gives some directions for future research.
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2. Polyp Detection

Objective

This chapter proposes methods for developing automated systems for the detection and localization of

polyps in colonoscopy videos. Detection of polyp frames and subsequent polyp localization on video

frames are essential steps in diagnosis. This chapter presents techniques for localizing polyps in

colonoscopy videos with only polyp frames and polyp and non-polyp frames. Our first work is at-

tempted to localize the polyps in videos containing polyp frames only. It involves the generation of a

saliency map using dominant polyp features in an occlusion robust modified particle filter framework to

track and localize the polyps in the frames. Further, delineation of the localized polyps is done using the

active contour (AC). However, real-time analysis requires processing both polyp and non-polyp frames

captured during the colonoscopy procedure. Therefore, the detection of polyp frames is a pretext before

the localization of the polyps. For this, attention-based YOLOv4 architecture is proposed for simul-

taneous detection and localization of polyps. The proposed network captures spatial and contextual

information in a better way by giving more attention to the ROIs, which are the clinically significant

regions. This approach leverages the polyp miss rate for textureless and minuscule polyps, as seen by

the first method. The localized polyps can subsequently be utilized to extract useful features for their

classification.

2.1 Introduction

The state-of-the-art polyp detection techniques provide good performance when the colonoscopy im-

ages are of high quality with easily distinguishable polyps. However, colonoscopy images are sus-

ceptible to geometric and photometric transformations during the colonoscopy procedure. Also, the

colonoscope camera’s uncontrolled movement may lead to occluded and noisy polyp frames. Another

problem that arises during lesion detection in colonoscopy frames is the high variability in the polyp

characteristics. Typically, small or serrated polyps, diminutive and isochromatic flat polyps, are missed

by the automatic detector. Also, device and patient-specific colonoscopic frames will have different

image characteristics [19]. Therefore, the generalization of a particular methodology in colonoscopy

image analysis cannot be made. Therefore, all the above-discussed challenges must be considered

while proposing an automated polyp detection system.

Both handcrafted feature learning and deep learning-based methods have been proposed over the

years for polyp detection in the literature. Handcrafted-based techniques use different cues from the
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polyps’ image, viz. color, texture, shape, surface properties, etc. On the contrary, deep learning-based

methods use the hidden features of the image. Most of the works using handcrafted based feature

learning methods are based on supervised learning [61, 161–163]. However, the number of labeled

images in this domain is limited. Therefore, these methods provide inferior performances as features

learned during the training of a supervised model may not be sufficient to generalize the test images.

All the methods discussed above are supervised. These methods sometimes may not be deployed

for localization of polyps due to the requirement of big annotated training images, which is generally

difficult in endoscopic procedures. Transfer learning approaches are sometimes adopted in a limited

data scenario. During the training phase, the models are trained with large labeled datasets that are

substantially different from the test images. Therefore, fine-tuning of these models may not provide

desired results on the test images.

Considering all the challenges discussed above, we propose methods that can be suitable in different

scenarios with acceptable performances. Our proposed polyp detection systems can be employed for

offline (stored) video data. Polyps contain the clinical information for cancer diagnosis. Therefore, only

polyp frames are retained, and uninformative frames (non-polyp frames) and discarded while acquiring

images. Subsequently, the clinicians analyze the polyps (ROIs) to detect abnormalities. However,

polyps and non-polyp frames are acquired during the colonoscopy procedure in some scenarios, e.g.,

WCE captures around 50,000 images. Sometimes the doctors let the camera systems capture both

the varieties of frames and subsequently post-process to detect and localize polyps in them.

Considering all the scenarios, methods for finding polyps in colonoscopy videos with only polyp

frames and having both polyp and non-polyp frames are proposed in this chapter. The proposed

saliency map-based tracking framework for polyp detection is proposed in section 2.2. Section 2.3

describes our proposed approach based on attention YOLOv4 model. Finally, a summary is provided

in section 2.4.

2.2 Saliency Map-Based Modified Particle Filter

The proposed method uses visual saliency as the backbone for a modified particle filtering framework1.

It tracks and localizes the polyps on each frame of the colonoscopy video sequence. The proposed visual

saliency framework tries to model the human visual system and polyp features. Our method employs

1This work has been published in IEEE Transactions on Instrumentation and Measurement, 2021 (Refer List of
publications page for details).
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2. Polyp Detection

Figure 2.1: Localization of polyps in colonoscopy video frames. (a) manual ROI selection, (b) automated
localization of ROIs.

an unsupervised approach. The shape information of the polyp is also incorporated into an active

contour framework for final localization and subsequent segmentation. During the colonoscopy, the

frames sometimes suffer from occlusion and are out of focus for a few consecutive frames. Such polyps

hardly show any clinical manifestation and thus require no attention. A novel forward prediction filter

is incorporated into our framework to leverage this. This concept is reused in our previously published

proceeding [164]. Thus, a detection and localization system would be immensely helpful in managing

big medical data by assisting medical experts. It will have many application areas in this domain.

Mainly, the selected polyps are analyzed to classify them into benign and cancer types.

The summary of our proposed work is as follows: This work presents a saliency map-based polyp

region localization in colonoscopic video frames. Our method uses the saliency map or probability

map as a measurement model for the particle filtering-based tracking framework. The shape of the

polyps is used by the particles of the tracker for final refinement using an AC model.

2.2.1 Proposed ROI selection framework

Detection and localization of polyp in endoscopic video frames has a lot of medical applications.

Generally, this task is done under an expert’s intervention. As shown in Figure 2.1(a), the polyp is

localized by putting a bounding box around the ROI. Nowadays, a computer-aided diagnostic (CAD)

system is used by physicians to automate this process. The real challenges incurred for automatic

detection come from high variability in the frames, as can be seen in Figure 2.1. Variations of polyp

shape, size, geometry, and other inherent characteristics put a lot of challenges in CAD. Nevertheless,
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Figure 2.2: Overview of the proposed method for localization of polyps in the colonoscopy videos.

motion blur, high specularity, occlusion, and out-of-focus are very common during colonoscopy, making

localization difficult. In our work, the localization of ROI is considered as an object tracking problem,

as shown in Figure 2.1(b). Our method adopts a novel occlusion robust tracking framework for polyp

localization on the back-bone of the saliency map. The overview of the proposed method is shown in

Figure 2.2.

Different object tracking frameworks have been proposed over the years, viz tracking learning

detection (TLD) [165], correlation-based tracking [166], particle swarm optimization (PSO) [167], etc.

Particle filter in object tracking has been used extensively recently. Some of the tracking approaches

based on particle filtering are proposed in [168–170]. All the methods discussed have used different

measurement models of the particle filter. On the contrary, our proposed method proposes using

a robust modified particle filtering framework to handle occlusion for any measurement model. An

uncertainty factor is introduced to control the search space of the filter particles. Whenever the

particles lose the target, they gradually increase their search area until they find the target again.

2.2.1.1 Modified particle filter framework

During the colonoscopy, the captured images may suffer from blurring and occlusion. In such a

scenario, tracking an object becomes very difficult. Detection of such events during colonoscopy is
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very crucial in polyp detection. This work introduces an uncertainty factor to detect occlusions or

blurring. Cumulative measure by all the particles in the particle filter is taken for each frame of the

colonoscopic video sequence. In this work, mutual entropy as a measure is proposed. Mutual particle

entropy, H is given by:

H =
N∑
i=1

wiklog(w
i
k) (2.1)

where, wk is the weight of particle at kth instant. When the particles converge to the target, mutual

entropy tends to decrease, and it increases when the particles lose the target either because of occlusion

or blurring. Thus, an uncertainty factor is introduced, which is related to mutual entropy given by:

C = 1− e−H
γ

(2.2)

where, γ is a constant lying between 0 and 1.

2.2.1.2 Particle update

For a particle filter framework the state update equation is given by:

X⃗k = X⃗k−1 + kN⃗ (2.3)

where, N⃗ represents the measurement of noise and k is a scaling constant. In this work, the modified

framework has the state update equation given by:

X⃗k = X⃗k−1 + CN⃗ (2.4)

where, C = 1 − e−H
γ
. Thus, for a very confident measurement, the noise gets scaled down to a low

value, and the search space becomes small and vice versa.

2.2.1.3 Measurement

The weight assigned to each particle depends on the closeness to the neighborhood target features.

If the measurement is closer to the target, then higher weights will be given to the particles. These

weights give the probability of the presence of the target in the neighborhood of each particle. Dif-

ferent measurement models have been proposed in the literature. H. Yao et al. [171] proposed using

a combination of the color moment model and texture model for measurement in face tracking appli-

cations. A saliency map generated for each frame is used for measurement in our work. The weights

assigned to the particles in the neighborhood of the salient regions, i.e., the polyp regions, are higher

34

TH-2722_156102005



2.2 Saliency Map-Based Modified Particle Filter

than the weights of particles associated with the non-salient areas.

2.2.1.4 Occlusion handle

A forward prediction filter is activated when occlusion is detected using the uncertainty measure. It

predicts the next state as a combination of a few previous states. The details of the method can be

found in our paper [164].

2.2.1.5 Re-Sampling of particles

This is the final step in every iteration of the tracking algorithm using the particle filter approach.

Here, N particles are randomly picked from the existing particle set according to the updated weights.

The particles with higher weights will be picked more than once, and finally, the target will be localized.

2.2.1.6 Saliency map based ROI extraction

In the case of localization of polyp in endoscopic videos, the use of a visual saliency map as a mea-

surement model is proposed in this work. The concept of visual saliency tries to map the image in a

way the human eye would perceive. It also tries to encapsulate the inherent characteristics of a polyp

for map generation. Thus, different maps will be generated by quantifying a few of such character-

istics of a human eye and the attributes of polyps. These maps, when used together, can highlight

the salient portion of an image. Zhang et al. [172] suggested a novel method for saliency detection,

namely SDSP, that generates the saliency map by combining simple priors. Our work uses a modified

form of this concept to generate a saliency map by including a few more priors, which is explained

in brief in the later sections. The saliency map is very sensitive to specular reflections. In this work,

we suggested using particle variance from the previous frame as a prior along with the other priors to

restrict the specular surfaces around the target to affect the saliency map. This technique makes the

localization process unsupervised, i.e., no previous target is required to learn the object being tracked.

The concept of visual saliency is extensively used in the field of segmentation. Our experiments show

that this is an advantageous measurement model in endoscopic videos.

In the suggested method, the map is generated by combining frequency prior, color prior, and

location prior. All computations for the three priors are done in CIEL*a*b color space. The L

component signifies the lightness, a* signifies the green-red color component, and b* represents the

blue-yellow color component. This work incorporates a feedback system into the SDSP technique

to generate a new map that can penalize the unwanted areas highlighted by the SDSP technique.
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Our experiments show that the SDSP technique is susceptible to specular reflections. In endoscopic

videos, the specular surfaces affect the tracking performance. So, penalizing the unwanted area by

using information given by the particles in the previous frame significantly improves the tracking

performance.

Frequency prior: By nature, our eye has a bandpass filter. Thus, only a specific range of color

frequency can be allowed to pass. A log Gabor filter models the bandpass filter. The choice of this

filter is because the log Gabor filter has an extended tail at the high-frequency end, making it closer

to the response on an eye. In the frequency domain, the transfer function of this filter is given by:

G(u) = exp

(
−
(
log

∥u∥2
ω0

)2

/2σ2F

)
(2.5)

where, u = (u, v) represents the coordinates in the frequency domain, ω0 represents the center fre-

quency of the filter, and σ2F represents the variance about the center frequency. The filtered output in

CIE-La*b* color space is denoted by fL(x), fa(x), and fb(x), representing the three channels. Now,

to generate final map from the frequency prior, the three channels are combined using the following

equation:

SF (x) = ((fL)
2 + (fa)

2 + (fb)
2)

1
2 (x) (2.6)

Color prior: Zhang et al. found that some studies suggested that the human eye better perceives

warm colors like red and yellow as compared to cold colors like green and blue [172]. Generally, the

color of an adenomatous polyp (malignant polyp) is more likely to be deep red or purple, and the

color of a non-adenomatous lesion (benign polyp) tends to be yellow or white [16]. This property of a

polyp is encapsulated by our proposed color prior. In CIE-La*b* color space, the pixel with a greater

a* value would appear reddish, and a greater b* value would appear yellowish. Let fa(x) and fb(x)

denote the a* and b* channel values at the position, x respectively. Firstly, these values are linearly

mapped into values between 0 and 1, i.e. (fan(x), fbn(x)) ∈ [0, 1] by the follwing relation:

fan(x) =
fa(x)−mina

maxa−mina
, fbn(x) =

fb(x)−minb

maxb−minb
(2.7)

where, maxa, mina, maxb, minb stands for the maximum and minimum values of fa(x) and fb(x)

respectively. Finally, the target is to enhance the pixel with greater a* and b* values and penalize the
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pixels with lower values. This is done using the following relation:

Sc(x) = 1− exp

(
−
f2an(x) + f2bn(x)

σ2c

)
(2.8)

where, σ2c is a constant.

Location prior The human eye tends to get attracted to objects near the center of the image frame.

Thus, a map needs to be generated, which enhances the pixels in accordance with their distance from

the center of the frame. This can effectively be modeled as a Gaussian with its mean at c. This can

be given by:

SD(x) = exp

(
−∥x− c∥22

σ2D

)
(2.9)

where, σ2D is the variance of the Gaussian and can be treated as a parameter.

Individually these priors generate different maps. The output maps generated for each prior and

with the combined priors are shown in Figure 2.3. The final map is generated by pixel by pixel

multiplication of each map.

2.2.1.7 Feedback from particles

In this section, we suggest a way to suppress the unwanted portion that the SDSP highlights. As

mentioned earlier, the SDSP method is susceptible to specular reflections, which are very commonly

found in endoscopic frames. In the localization process, the particles tend to decrease their variance

as they converge to the target. Thus, as soon as the convergence occurs, the target will be enclosed in

an elliptical body whose major and minor axis will be given by the variance of x and y coordinates of

the particles, i.e., σ2x and σ2y centered at the centroid of the particles. The assumption of the target’s

elliptical shape is based on the fact that polyps have elliptical shapes or curved edges. Thus, in each

frame, an ellipse with the variance of the particles can be generated. The pixels lying outside the

ellipse will be penalized and carry a smaller weight than those lying inside. Intuitively, it can be said

that in the first frame when the particles are all over the image, almost all the pixels lie in the ellipse.

As iterations proceed and the particles localize, only the target pixels fall inside the ellipse, and the

unwanted regions highlighted by the SDSP technique get suppressed. Thus a pixel with coordinates

(x, y) will lie inside the ellipse if:

(x− cx)
2

σ2x
+

(y − cy)
2

σ2y
< 1 (2.10)
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(a) (b)

Figure 2.3: Final saliency map generation including the feedback structure from the original image; (a) original
image (b) saliency map.

where, (cx, cy) is the centroid of all the particles. We call the map generated from the feedback

structure as SS(x).

Now, the final saliency map is given by :

V (x) = SF (x).Sc(x).SD(x).SS(x) (2.11)

An example of the whole process is shown in Figure 2.3. It can be seen that the region containing the

polyp is highlighted in the saliency map.

2.2.1.8 Measurement model

Any method that can learn some target features and classify between target and non-target can be a

measurement model. Traditional hand-crafted features do not characterize the polyp across frames.

Thus, a probability map-based ROI selection is proposed. As we know that polyp is a visual anomaly,

the saliency map will highlight the polyp by giving the pixels in the affected area a higher weight. In

the framework, the particles can pick the values returned by the saliency map and treat them as the

measurement value. The values can then be normalized to give the final updated particle weights.

The variance of the particles in x and y directions will also give the size of the bounding box where

the ROI lies.

2.2.1.9 Segmentation using adaptive mask formation for active contour

The deformable model is one of the most promising object detection, segmentation, and localization

methods, especially in medical imaging. This method exploits image features like location, shape, size

of the object apriori. Such type of model gives better results in medical image segmentation as the
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prior knowledge about the shape and size of the object is known apriori. In this work, a region-based

model is adopted, which is known as Chan-Vese Model using the level set formulation [173].

The performance of active contour depends quite a lot on the initial mask. Better the initial

approximate better will be the convergence. The particle filter framework with a visual saliency map

as a measurement model localizes to the required section of the image. The initial shape of the mask

is assumed to be elliptical, whose major and the minor axis will be given by the variance of x and y

coordinates of the particles, i.e., σ2x and σ2y centered at the centroid of the particles. With subsequent

iterations, as the particles converge, so does their variance in both directions. Thus, after a few

iterations, we get a close approximation to the original shape, and thus the performance of the active

contour improves. Figure 2.4 shows the results of segmentation using active contour at each level of

mask generation. The input image is the same as the image given in Figure 2.3. But, as the iteration

of the particle filter proceeds, the elliptical mask starts evolving around the polyp structure, giving

the best approximate of the target. Thus, much better segmentation results in the final frames are

obtained.

The energy function used in AC is iteratively evaluated until the difference between the previous

and current segmented area becomes stable. In our experiment, it was seen that there was not much

change in convergence after some initial iterations. The number of iterations that can be reliably

taken is 12 for the final convergence of the AC, as can be demonstrated with an example shown in

Figure 2.4.

Figure 2.4: Results of segmentation in 12 iterations of adaptive mask formation using particle filter.

39

TH-2722_156102005



2. Polyp Detection

2.2.2 Results and discussion

For the experimental work, the video sequences used in this work are taken from a publicly available

dataset [128] which can be found in the following link: http://www.depeca.uah.es/colonoscopy dataset/.

It contains video sequences from three polyp classes; adenoma, hyperplastic, and serrated. The dataset

contains NBI and WL images.

For evaluation and comparison of the segmentation performance of the proposed method, the CVC-

ClinicDB database [159] is used. This publicly available dataset contains 612 colonoscopic frames from

29 video sequences. The tracking of polyps with the proposed individual priors and combined priors

is shown in Figure 2.5. The green and the yellow-colored arrows of Figure 2.5 represent partially

tracked polyps when all the priors are not combined to generate a saliency map. Finally, refinement

in localization is further achieved by fusing the feedback prior to these priors followed by the AC.

Parameters for the generation of saliency maps were empirically tuned. The tracking results and

extracted ROI of some of the frames of [128] are shown in Figure 2.6.

Figure 2.5: Saliency map generation and tracking results using different priors; 1st row: only color prior; 2nd

row: only frequency prior; 3rd row: both color and frequency priors; 4th row: combination of all the priors
which shows that every prior is important for polyp localization.

Each video sequence consists of several frames captured with 30fps. Our algorithm takes a frame

as an input, generates a saliency map, and subsequently localizes poly in the images. To validate the

performance of our method for different imaging modalities, we tested our method on this database as

it has long video sequences of colonoscopic polyp frames of both NBI and WL imaging. The average
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Figure 2.6: Tracking results on a few frame with its corresponding extracted ROI in the second row.

41

TH-2722_156102005



2. Polyp Detection

Table 2.1: Tracking efficiency for some video sequences of NBI

– Video V1 Video V2 Video V3 Video V4

Efficiency 98.3108% 91.9159% 96.3210% 99.2521%

– Video V5 Video V6 Video V7

Efficiency 92.6910% 49.3023% 97.8902%

Table 2.2: Segmentation score for each video sequences of NBI

– Video V1 Video V2 Video V3 Video V4

Score 75.74% 81.99% 83.62% 47.83%

– Video V5 Video V6

Score 70.00% 30.34%

processing time in second(s) for processing a 256×256 image frame by our algorithm is 32.27 sec/frame.

The experiments were performed on a system with an Intel i5-4570 CPU @ 3.20GHz×4 and an 8 GB

RAM. Our proposed system can provides different outputs like tracking score, ROI, saliency map, and

segmentation score for each of the polyp frames.

Our work aims to return the ROIs from each frame so that the output images can be used to

classify polyps. For this task, 50% area of the ROI must contain the polyp. In this work, tracking

efficiency is used as the measurement for performance. The tracking efficiency is calculated by counting

all the ROIs whose 50% is filled with the polyp. Thus, tracking efficiency is the ratio of that number

to the total number of frames in the video sequence. Table 2.1 and Table 2.2 show a quantitative

measure of the tracking performance and segmentation performance of some of the video sequences

of NBI, respectively. Similarly, Table 2.3 and Table 2.4 show these measures on the frames of WL

imaging. The consistency in performances for both of the imaging modalities shows the robustness of

our method.

Table 2.3: Tracking efficiency for some video sequences of WL

– Video V1 Video V2 Video V3 Video V4

Efficiency 96.033% 97.556% 97.34545% 94.4566%

– Video V5 Video V6 Video V7

Efficiency 93.5657% 63.466% 97.466%

From the visual results given, we can infer that specular reflections play a vital role in the local-
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Table 2.4: Segmentation score for each video sequences of WL

– Video V1 Video V2 Video V3 Video V4

Score 72.23% 85.99% 81.62% 45.83%

– Video V5 Video V6

Score 68.45% 40.34%

ization process. Specular surfaces are generally classified as salient regions. The main motive of using

the feedback structure in the saliency map is to remove the wrongly classified regions.

The average segmentation score is generated for each video sequence as quantitative analysis. This

is the Jaccard index (J) which can be computed as follows:

Dice (D) =
2 ∗ TP

2 ∗ TP + FP + FN
(2.12)

Jaccard index (J) =
D

2−D
(2.13)

where, TP, FP, and FN are True positive, False positive, and False negative, respectively. These

metrics are calculated based on the pixels. A GUI designed using the proposed algorithm for automatic

polyp tracking and segmentation in an endoscopic video sequence is shown in Figure 2.7.

our proposed method is the first to detect polyps in endoscopic video frames in a particle filtering

framework to the best of our knowledge. Though the segmentation score is less than the current

deep model-based methods, our model is advantageous. The deep model-based methods have many

limitations. All the deep models are trained with the same datasets and tested with the same datasets.

Also, computational complexity is very high for these models. All the models can only be applied to

stored endoscopic images. On the contrary, our method is unsupervised and needs no prior learning.

It can be applied to online endoscopic video sequences for polyp detection and segmentation. The

dataset used for the comparison is the CVC-ClinicDB database [159].

Dice coefficient and Jaccard index are used as the segmentation performance measures. Figure

2.8 shows a qualitative performance of some samples of the CVC-ClinicDB database. Table 2.5 shows

the dice score of different baseline models used in the medical image processing domain and other

individual models on the CVC-ClinicDB database. From Table 2.6, it can be seen that our proposed

work gives a competitive performance with most of the state-of-the-art methods. We also validated

our method with another publicly available dataset, which is ETIS-Larib. This dataset contains 196
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Figure 2.7: Designed GUI for detection and segmentation of Polyps; an example endoscopic frame of a video
sequence showing performance of the proposed automatic detection system.

colonoscopic frames. The average mIoU achieved in polyp segmentation using our method is 46.28%.

Our proposed model can be used as a DAS in polyp analysis. After polyp segmentation, an endo-

scopist analyzes image features like texture, color, geometry, and shape to detect polyps malignancy.

In this direction, we earlier proposed an automatic polyp classification system with the help of

features extracted from the segmented polyp [174]. The polyps were first detected and then segmented

by Prof. Kunio Kasugai of Japan’s Aichi medical university and hospital. Another application of our

method could be the selection of keyframes of a long colonoscopic video on the basis of segmented

polyps.

Table 2.5: Comparision of segmentation performance with differfent baseline models and other individual
models on CVC-ClinicDB database

Method Dice (D)

DT-WpCNN [116] 0.809

LGWe-LSM [116] 0.754

U-Net [175] 0.767

Resnet50 [142] 0.718

Hybrid-CNN [114] 0.834

Polypnet [116] 0.839
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Figure 2.8: Segmentation results on some of the frames of CVC-ClinicDB database. col 1: pre-processed
image, col 2: ground-truth mask, col 3: saliency map, and col 4: obtained segmentation mask.

Table 2.6: Comparative analysis with state-of-the-art methods on the CVC-ClinicDB Database

Method
Dice

Coefficient (D)
Jaccard index

(IOU)

MSA-DOVA [176] 36.27 22.13

SA-DOVA [159] 55.33 37.93

FCN8 (2 class) [77] 67.44 50.85

Shape-UCM [161] (87 polyps) 65.77 49.00

GPB-OWT-UCM [177] (87 polyps) 61.11 44.00

Proposed (612 polyps) 66.06 49.25

2.2.3 Conclusion

This work proposes to use a saliency map in a tracking framework for polyp localization and segmen-

tation in colonoscopy videos. A new measurement model is proposed, which is the visual saliency

map. This work also shows how the saliency map can be used to choose particle weights and makes

the tracking process faster. The inherent features of a polyp are used for the generation of such maps.

The shape of the polyp is used for refinement of the ROI using an active contour model. It thus

helps in discarding the specular regions and converges towards better delineation of polyps. The ex-

perimental results show that our method is competitive with the state-of-the-art techniques in polyp

segmentation. An experimental study on the CVC-ClinicDB database using the proposed method

shows that our method can be used effectively in polyp localization. Our approach is used for offline

endoscopic video processing. The proposed method sometimes fails to localize small patchy polyps

and polyps in highly over-exposed regions. As discussed earlier, a better saliency map can achieve

a better localization performance; Therefore, in our subsequent work, we propose using the hidden

discriminating features from various polyp structures to generate the saliency map for polyp detection.

Also, we aim to achieve real-time colonoscopy video processing for clinical applications.
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2.3 Attention based YOLOv4 Framework

Because of the generalization property, deep learning-based approaches have been extensively used in

medical image analysis, especially colonoscopy image analysis. Many deep-learning-based approaches

for polyp analysis using colonoscopy videos are available in the literature, showing promising perfor-

mance. A detailed analysis of different deep learning approaches for colon cancer is available in the

literature [178]. They discussed the methodologies, advantages, and disadvantages of these techniques

in five separate studies: polyp detection, classification, segmentation, survival prediction, and inflam-

matory bowel diseases. However, This work discusses the importance, advantages, and disadvantages

of deep-learning frameworks for polyp detection.

Polyp detection systems based on deep learning have improved overall performance in video frames

of colonoscopy [72]. One significant advantage of the deep learning-based techniques is that we can

establish the generalization ability of these models. In medical procedures, especially in polyp detection

and localization systems, the following features are desired: 1) consistency in performance, i.e., the

DAS must reliably produce the performance independent of imaging modalities and patients. 2)

minimum polyp miss rate, i.e., a high detection rate, and 3) real-time application, which could help

early diagnosis.

Considering all these requirements for devising an automated polyp detection system, we propose

an attention based YOLOv4 framework. The main contribution of our proposed method can be

summarized as follows. This work presents an attention mechanism in the YOLOv4 framework for

improved polyp detection. Our approach proposes to use spatial and channel attention modules in the

YOLOv4 framework. The attention modules give importance to the region of interests (ROIs), i.e., the

polyp regions in the colonoscopy frames. A comparison of performance based on important matrices

with state-of-the-art methods is presented in this work. The performances evaluated on two databases

validates the robustness and generalization capability of our approach. The detailed analysis of this

approach is presented in section 2.3.1. The rest of the work is organized as follows: Section 2.3.1

presents the proposed methodology. Experimental results are given in section 2.3.4. Finally, section

2.3.5 concludes the proposed work.
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2.3.1 Proposed method

Before proceeding to the methodology, details of the datasets are essential. As discussed earlier,

training the model with varieties of polyp structures is crucial to reducing the detector’s polyp miss

rate. Also, it assures achieving the generalization and robustness capability of the proposed model.

2.3.2 Dataset

We used two databases, viz. 1) Kvsir-SEG [157] and 2) SUN Colonoscopy Video Database [158] for

polyp detection. The Kvsir-SEG database is a freely available open-access database. SUN (Showa

University and Nagoya University) Colonoscopy Video Database is the dataset designed to evaluate

an automated colorectal-polyp detection system. This database is also publicly available. It comprises

49,136 polyp frames taken from 100 different polyps using a high-definition endoscope (CF-HQ290ZI

and CF-H290ECI; Olympus, Tokyo, Japan). Similarly, the Kvsir-SEG dataset contains 1000 image

frames acquired using ScopeGuide, Olympus Europe, endoscope. Some of the samples from both the

datasets are shown in Figure 2.9. The details of the datasets are given in Table 2.7.

Figure 2.9: Some of the representative images from the trained databases. First-row image samples are from
the SUN Colonoscopy Video Database, and second-row images are from the Kvasir-SEG dataset. (a) 18 mm
high-grade adenoma. (b) 2mm hyperplasic diminutive polyp. (c) 10mm low-grade adenoma polypoid polyp.
(d) 4 mm distant diminutive polyp. (e) flat polyp.

Table 2.7: Details of the datasets.

Dataset Organ Findings
Dataset
Contents

Size/ Polyp morphology

Kvsir-SEG [157]
Large
bowel

Polyp 1000 images
Large polyp: 700 (> 160 × 160 pixels)
Median polyp: 323 (> 64 × 64 pixels
and ≤ 160 × 160 pixels)
Small polyp: 48 (≤ 64 × 64 pixels)

SUN Colonoscopy
[158]

Large
bowel

Polyps/non-
polyps

49,136/109,554
Median (IQR) mm: 5 (3-7)
Diminutive polyp (< 5mm): 60
Morphology (Protruded/ flat): 66/ 34
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Figure 2.10: Proposed algorithm.

2.3.3 Proposed polyp detection method

Figure 2.10 shows the overall schema of our proposed methodology. The last block, i.e., the polyp

classification network, is used to classify the detected polyps. This part of the work is presented in

the next chapter. During the colonoscopy, the captured video frames are stored in a computer system

for further analysis in the future. However, real-time analysis of colonoscopy video frames can lead

to better diagnosis and early treatment. Also, the decision support system must automatically detect

any abnormality in the frames. Therefore, the first stage of our current work focuses on handling

real-time data for the automatic detection of polyps in the colonoscopy frames. A deep learning-based

attention YOLOv4 model is proposed in this work2. The architecture of the proposed model is shown

in Figure 2.11. Furthermore, the localized polyps are classified as adenoma or non-adenoma employing

our suggested classification network. The classification approach is explained in further detail later in

this thesis.

2.3.3.1 Attention YOLO

YOLO is a single-stage object detection model and is considered superior to other deep learning models

owing to its optimal accuracy and detection speed [83]. Further, YOLOv2 [179] and YOLOv3 [180]

were proposed, which show improved detection performances. In YOLOv3, a CNN-based-Darknet53

is employed as a backbone of the architecture, efficiently extracting features from the input image.

Later, YOLOv4 was proposed by Bochkovskiy et al. [181] to enhance the detection performance and

2A revision for this work has been submitted to Scientific Reports, Nature (Refer List of publications page for details).
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Figure 2.11: A flow of polyp classification framework using our proposed detection algorithm.

speed. It integrates all the efficient approaches which are employed in different domains. The current

study discusses the ability of such models in polyp detection from colonoscopy images. Recent works

on the YOLO frameworks for polyp detection show outstanding robustness and efficiency. A real-time

polyp detection system by scaling the YOLOv4 algorithm is proposed by Pacal et al. [182]. They

introduced the Mish activation function, DIoU loss function, and transformer blocks to the YOLOv4

architecture. They employed post-processing methods to increase the speed and accuracy of the

model. However, to make the polyp detection system more generalized, Pacal et al. [183] tweaked the

YOLOv3 and YOLOv4 networks by integrating Cross Stage Partial Network (CSPNet) and adopted

advanced data augmentation techniques and transfer learning on big polyp datasets. The performance

of polyp detection was further improved by using negative polyp samples during the training of the

models. Their study also shows the effect of activation functions and loss functions of their proposed

YOLO frameworks on polyp detection performances.

However, a lack of annotated data may overfit the YOLOv4 model and make it less efficient in

polyp detection. Therefore, some changes corresponding to the polyp characteristics of endoscopic

video frames are made in the existing model for better performance. The colonoscopy frames may
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have occlusion, clutter, blur, specular noise, etc., which can degrade the detection performances.

Even though HD cameras are used to acquire colonoscopy images nowadays, a small percentage of the

images still suffer from such limitations. Also, the bounding box (BBoxes) used to localize the target

objects may fit the arbitrary contour of objects. Therefore, various methods are generally adopted to

highlight the actual target object neglecting the background. The attention mechanism is among the

solutions to these problems by enabling the network to focus more on the target object. Attention

mechanisms are coupled in deep detection models to learn key features of the object. It mimics

the property of the human visual system. Recently, the attention mechanism has shown promising

performances in various computer vision applications [184–187]. Therefore, the attention module is

embedded into the backbone of CSP Darknet to focus more on the ROI of feature maps. This module

would enable extraction of the polyp regions’ important features, ignoring the non-polyp regions of

colonoscopy frames. Our method proposes two attention modules, namely, the channel and spatial

attention modules, which are incorporated into the YOLOv4. YOLOv4 extracts feature maps to

three different branches to obtain three feature grid maps with various scales for detecting objects of

different sizes. The three YOLO heads are then trying to localize the objects with the BBoxes. Our

proposed attention modules are integrated into the feature maps before the three YOLO heads can

detect and localize polyps.

2.3.3.2 Channel attention block

The channel attention block is proposed to integrate the interaction among the inter-channel feature

maps. It is employed to enhance the vital information of a feature map of an object.

Let the input feature map be represented as M ∈ RH×W×C , where H, W , and C represent the

height, width, and depth of a feature map, respectively. As shown in Figure 2.12, a global average

pooling operation is employed across all the depth maps to extract contextual information, embedded

in the channel descriptor given as Ic ∈ R1×1×C , and the c-th element of Ic is given by:

ic =
1

H ×W

H∑
i=1

W∑
j=1

mc(i, j) (2.14)

Ic = [i1, i2, ...., ic] and M = [m1,m2, .....,mc]. Again, to further explore the inter-channel nonlinear

relationship among the channel maps, we employ a 2-layers CNN followed by a sigmoid activation

function. In order to reduce some parameters overhead, W1 is used as the dimensionality reduction

layer with a reduction factor of 16 [186]. Similarly, W2 is used to increase the dimensionality again.
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Figure 2.12: Channel attention block; Conv: Convolution, BN: batch normalization.

This process is given as:

I
′
c = σ(W2ϕ(W1Ic)) (2.15)

where, W1 ∈ C
16 × C and W2 ∈ C × C

16 .

Finally, an element-wise summation operation is adopted between the input feature map and the

generated channel attention map through residual connection to mitigate the incurred information

loss. The final feature map is given as: I
′
c ×M +M . The channel attention module is illustrated in

Figure 2.12.

2.3.3.3 Spatial attention

The channel attention focuses on what is important in a given image. On the contrary, the spatial at-

tention block learns where to concentrate for polyp detection. Therefore, the spatial attention module

extracts the complementary features compared to the channel attention. The spatial attention mech-

anism focuses on the local regions of a feature map. Thus, this module is employed to preserve the

local polyp ROI information in the feature maps. We initially used average-pooling and max-pooling

operations along the channel axis and concatenated them to build an efficient feature descriptor to

compute spatial attention. To construct a spatial attention map, we apply a convolution layer to the

concatenated feature descriptor. Figure 2.13 depicts a spatial attention module. As shown in Figure

2.13, a 7 × 7 convolutional layer is introduced to aggregate the interspatial interaction of maps to
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produce a one-dimensional spatial descriptor.

Figure 2.13: Spatial attention block.

Let the input feature map be represented as: M ∈ RH×W×C .

Then, the generated feature descriptor Is is represented as:

Is = conv7×7(M) (2.16)

where, Is ∈ RH×W×1 and conv7×7(·) denotes a 7 × 7 convolutional layer. The sigmoid function then

activates this feature map to highlight the important regions. Subsequently, it is multiplied and

summed up with the input feature maps to produce the final feature map, which is given as:

I
′
s ×M +M , where I

′
s = σ(Is).

The detailed experimental setup, training, and performances are discussed in the experimental results

section.

2.3.4 Results and discussion

2.3.4.1 Evaluation metrices

In this work, some of the extensively recommended standard metrics are used to evaluate detection

and localization performances. [71, 188].

• IoU(A,B)=A∩B
A∪B , measures the overlap between two bounding boxes A and B as the ratio be-

tween the overlapped area.
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• AP: Average precision was computed as an average APs for IoU from 0.25 to 0.75 with a step-size

of 0.05.

• FPS=#frames
sec .

True positive (TP ), False positive (FP ), False Negative (FN), and True Negative (TN) are essential

to finding other metrics, helpful to evaluate performances. Considering the problem of polyp detection,

these values can be considered as follows. TP indicates that the predicted bounding box falls on the

ground truth of the polyp. FP suggests that the predicted bounding box falls outside the ground truth

of the polyp. FN shows no predicted bounding box but a polyp of the frame. Finally, TN indicates

that no polyps are detected in images without polyps. Precision (Pre.) indicates how many of the

values estimated as positive are actually positive. Recall (Rec.) indicates how many true positives are

estimated from all positives.

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
, F1 = 2 ∗ Pre.×Rec.

Pre.+Rec.
, F2 = 5 ∗ Pre.×Rec.

4 ∗ Pre.+Rec.
(2.17)

2.3.4.2 Experimental setup and configuration

Two databases are used in our experiment for this study. The details of the databases are given in

Table 2.7. The Kvasir-SEG dataset [157] contains 1000 polyp images and their corresponding ground

truth from the Kvasir Dataset v2. The images and their corresponding masks ( The bounding box

(coordinate points) for the corresponding images) are available. According to the usability of the data

statement, it is mentioned that the data can be suitable for general segmentation and bounding box

detection research. We used 800 images for training and the remaining 200 images for the validation in

a five-fold cross-validation manner. Similarly, the SUN Colonoscopy Video Database [158] is developed

for the evaluation of automated colorectal polyp detection systems. The images are labeled by expert

endoscopists. This dataset contains 49,136 polyp frames from 100 patients with fully annotated

polyps with bounding boxes and 109,554 frames without polyps. The groundtruth information for

polyp frames are available in the form of bounding box coordinates. Therefore, in order to make

non-overlapping sets for training and test sets, we used first 80 patient’s samples for training and

the rest images from 20 patients were kept for testing. The total number of images available for

training and testing was 40,707 and 8429, respectively. Thereby we could make the training and test

ratio approximately 80:20. The sizes of the images were made 416 × 416. The model was tested
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in Google Colab (cloud GPU) with Nvidia Tesla T4 @585 MHz. The hyperparameters set for the

YOLOv4+Attention model are as follows: Learning rate: 1e−3, batch size: 64, anchors: 3, and

threshold: 0.25.

2.3.4.3 Polyp detection performance

Table 2.8 shows the polyp detection and localization performances by different baseline models on

the Kvsir-SEG dataset. It can be observed that our method achieves an average precision (AP) of

0.8971, which is the best among all. The APs achieved at multiple IoU thresholds i.e AP25, AP50,

and AP75 are 0.9485, 0.9279, and 0.7849, respectively. The IoU measures the precision at which

the bounding box localizes the target object. Our results clearly show that our method is better at

localizing polyp ROIs than the state-of-the-art deep architectures often used in medical image analysis.

A few available methods have used the Kvasir-SEG dataset to evaluate the polyp detection algorithms.

The performance of our proposed method is compared with the current state-of-the-art methods and

is presented in Table 2.9.

Table 2.8: Detection performace of baseline models on the Kvsir-SEG dataset.

Method Backbone AP IoU AP25 AP50 AP75 FPS

EfficientDet-D0 [189] EfficientNet-b0 0.4756 0.4322 0.6846 0.5047 0.2280 35.00

Faster R-CNN [190] ResNet50 0.7866 0.5621 0.8947 0.8418 0.5660 8.00

RetinaNet [191] ResNet50 0.8697 0.7313 0.9395 0.9095 0.6967 16.20

RetinaNet [191] ResNet101 0.8745 0.7579 0.9483 0.9095 0.7132 16.80

YOLOv3+spp [180] Darknet53 0.8105 0.8258 0.8856 0.8532 0.7586 45.01

YOLOv4 [181] Darknet53, CSP 0.8513 0.8025 0.9348 0.9128 0.7757 66.67

YOLOv4+Attention
Darknet53, CSP,
Attention

0.8971 0.8325 0.9485 0.9279 0.7849 50

Table 2.9: Comparision of performances with the state-of-the-art methods on the Kvsir-SEG dataset.

Method Pre. Rec. F1 AP IoU AP25 AP50 AP75 FPS

Attentive
YOLOv5 [192] 0.915 0.899 0.907 - - - - 35.71

ColonSegNet [71] - - - 0.8000 0.8100 0.9000 0.8166 0.6706 180

Proposed 0.9324 0.8457 0.8869 0.8971 0.8325 0.9485 0.9279 0.7849 50

Figure 2.14 shows qualitative results of some samples from the Kvsir-SEG dataset for polyp detec-

tion. Results from the recent state-of-the-art method, YOLOv4, and our proposed method are shown

in Figure 2.14. From the figures, it can be observed that both YOLOv4 and our proposed method
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Figure 2.14: Detection and localization results on test dataset: Kvsir-SEG.

can detect and localize polyps with high confidence. Some of the bounding boxes are annotated with

the yellow arrows to show that our proposed method is better in localizing the polyps. In YOLOv4,

most polyps are localized with wider bounding boxes than the proposed Attention YOLOv4 model.

This is also validated by the quantitative results, where the average IoU for the Attention YOLOv4

is better than YOLOv4, as shown in Table 2.8 and Table 2.9. Samples with the blue bounding boxes

are ground truths and are available with the dataset.

Table 2.10: Detection performace of our proposed method compared to the state-of-the-art methods on the
SUN Colonoscopy Video Database.

Method Pre. Rec. F1 F2 AP IoU AP25 AP50 AP75 FPS

YOLOv4-CSP 0.9387 0.8325 0.8824 0.8517 0.8597 0.8052 0.9762 0.9621 0.6408 66.67
YOLOv4
+negative samples
[183] 0.9379 0.8500 0.8918 - - - - 0.9845 - -
Proposed 0.9425 0.8274 0.8812 0.8481 0.9172 0.8179 0.9868 0.9721 0.7328 50

The performances on the SUN database with YOLOv4 and the proposed method are also shown

in Table 2.10. The qualitative localization performances on some of the samples of the SUN database

are shown in Figure 2.15. It is observed that similar performances are also achieved on this dataset.

YOLOv4 model did not detect the second image of the second-row polyp, but our proposed model
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Table 2.11: Cross dataset detection and localization performace: Trained on SUN Colonoscopy database and
tested on Kvsir-SEG dataset.

Method Backbone AP IoU AP25 AP50 AP75 FPS

YOLOv4 Darknet53, CSP 0.8597 0.7240 0.8789 0.7945 0.5287 66.67

YOLOv4+Attention
Darknet53, CSP,
Attention

0.9172 0.7667 0.9231 0.8600 0.6144 50

Figure 2.15: Detection and localization results on test dataset: SUN Colonoscopy database.

could detect and localize it. Further to validate the robustness of our model, we also cross-validated

the performances. We evaluated the performance using the test data from the Kvasir-SEG dataset

while the model was trained with the SUN database. The performance on the cross dataset is shown

in Table 2.11.

The efficiency of the algorithm in detecting polyps is also quantified by the IoU scores, which

represent how compactly the bounding boxes can localize the polyps. The state-of-the-art method

YOLOv4 has an IoU of 80.25%, whereas our method gives an IoU score of 83.25%. This validates

the fact that our proposed method could localize the polyps perfectly. Furthermore, during the

analysis of SUN colonoscopy videos, our algorithm detected not only all the polyps that were found

by endoscopists but also additional polyps that were not detected by the endoscopists. These findings
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suggest that our automatic polyp detection algorithm is practical and accurate. The algorithm’s

feasibility in real-world clinical practice is also supported by its short processing time. Because our

algorithm can process images at a speed of 50 fps for polyp detection, it can be employed for real-world

colonoscopy as colonoscopy video encodings usually have standardized rates of approximately 30 fps.

The two databases used for validating our proposed method for polyp detection suggest that the

algorithm could detect various polyp structures quite accurately. It is crucial in clinical practice as

early detection helps better prognosis and clinical management, leading to a higher survival rate.

This study has several limitations. First, there could be selection bias in the training and test dataset.

However, we believe that splitting the database was done such that the training and test datasets

contain non-overlapping images. It did not deviate from the quality of usual real-time colonoscopy

videos in daily practices. Second, the state-of-the-art YOLOv4 method showed an AP and IoU of

85.13% and 80.25% on the Kvsir-SEG database. Similarly, on the SUN Colonoascopy Video Dataset,

it shows the AP and IoU of 85.97% and 80.52%. We could increase polyp detection performances

in both databases by introducing attention blocks in the YOLOv4 framework. Though the attention

mechanism helps improve the detection rate, other attention could be coupled for further improvement.

We suggest that additional training with a more considerable amount of training data may further

enhance the performances. The degradation of performances by our algorithm can be attributed to

colonoscopy features such as bubbles, specularity, normal mucosa , blood traces, and polypectomy

site, which visually look similar to the polyps. Third, all the images were obtained using the HD

Olympus endoscope system. Thus, the performance of our algorithm to other imaging modalities is

still to be validated. However, we believe the algorithm may function with other endoscope systems

after fine-tuning and domain adaptation. Finally, we analyzed recorded videos rather than real-

time colonoscopies, limiting the applicability of our algorithm in daily clinical practice. Nonetheless,

our algorithm can be applied to real-world colonoscopy procedures because of the short processing

time and high performance for unaltered videos, which theoretically represent real-time colonoscopy.

Furthermore, we are confident that the applicability of our algorithm to real-time colonoscopy is

supported by our meticulous validation, which involved different datasets. Also, the cross-validation

performance of our algorithm provides the relevance of our algorithm in real-time analysis.
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2.3.5 Conclusion

This work presents a deep attention-based YOLOv4 framework to detect polyps in colonoscopy images.

The attention module in the YOLOv4 encapsulates spatial and contextual information of the polyp

ROIs effectively. The attention module selectively accentuates the polyp ROIs by extracting local

and global information. The performance of the suggested algorithm outperforms state-of-the-art

approaches by a significant margin. The consistency of results across datasets also demonstrates the

generalizability and robustness of our method. We hope to improve polyp detection in the future by

training the network with features that best characterize the clinical manifestations exhibited by the

polyps. Adaptive attention and domain adaptation could be coupled in the frameworks for better

generalizability and efficiency for polyp detection. We would like to validate our model exclusively on

the sessile and diminutive polyp datasets as they are often missed. This work presents the framework

for detecting polyps using bounding box localization. However, sometimes perfect delineation of poly

ROIs is essential and can have considerable clinical significance. Therefore, in the next chapter, we will

discuss the importance of polyp segmentation and will try to develop methods for polyp segmentation

frameworks. This would be another way of looking at polyp detection from the frames by perfectly

segmenting the polyp.

2.4 Summary

The two methods discussed in Chapter 1 propose polyp detection frameworks. The first approach

uses color, texture, and shape information of the polyps to localize them in the frames. This approach

is more suitable for the offline processing of the colonoscopy videos. Also, the proposed method

sometimes misses polyps that are textureless and do not show any significant clinical manifestations

to the naked eyes. Therefore, the objective of our subsequent work was to present a strategy that

focuses more on the polyp ROIs and learn the hidden discriminating features from the non-polyp

regions. Thus, our second approach proposes using spatial and channel attention in the YOLOv4

framework to extract spatial and contextual information of polyps. This method could able to detect

and localize the small and serrated polyps. The generalization and robustness of the method can

be validated from the extensive qualitative and quantitative results on datasets having a variety of

polyp structures. This approach can also do real-time polyp detection. The localized polyps are used

to extract features to classify them into different grades of carcinoma. However, the bounding box
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around the polyp ROIs may introduce significant non-polyp tissues, which may harm the performance

of a classifier. The non-polyp tissues introduce unnecessary features in the feature extraction stage.

Also, the processing of extra pixels may affect the computational complexity of the classifier.
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Objective

This chapter proposes techniques to delineate polyps in colonoscopy videos. Polyp segmentation in

colonoscopy video frames is an essential step for effective diagnosis. It is a way of detecting polyps

perfectly by segmenting exact polyp boundaries. In this view, our first work is attempted to segment

polyps from the polyp frames needing immediate attention. Recognizing such polyp frames is achieved

by utilizing the depth information of the polyps in this work. The depth information is quite important

for polyp analysis. Therefore, the first stage of this method extracts the clinically significant frames

(key-frames) from a video by extracting depth and other information. Further, the prominent and

elevated polyps which are at higher risk of being cancerous are segmented from the selected key-frames.

However, small and serrated polyps that may develop malignancy over time must be detected early.

Therefore, our second approach tries to segment any polyp structures using color and texture features of

the polyps in an adaptive Markov random fields (MRF) framework that effectively preserves contextual

and spatial information. However, polyps may not show any color and texture characteristics in

their nascent stage. To effectively recognize such polyps, our third approach uses the polyp shape

information on a saliency map-based approach to segment polyps effectively. The deep-learning-based

U-Net architecture is used to generate the saliency map. The segmented polyps can further be utilized

to extract useful features for their classification.

3.1 Introduction

During the colonoscopy, doctors comprehensively analyze the detected polyp regions to find dysplasia

in them. Depending on the nature of the polyps, they may opt for laparoscopic surgery. However, the

number of frames captured during the entire colonoscopy process is so humongous that it challenges the

surgeon to infer useful clinical information. Therefore, video summarization techniques are adopted

that only retain the clinically informative frames. During WCE, the capsule moves under the peristalsis

movement, and it is challenging to control the motion and orientation of the camera. Thus, redundant

and clinically non-significant frames are generally obtained in a video sequence. WCE takes nearly 8

hours, capturing close to 50000 frames. A large part of the data is clinically not significant and needs

to be removed [10]. Selecting the frames having sufficient clinical information reduces the burden on

the clinicians from reviewing uninformative frames. Also, the key-frames can provide better features,

thus helping in effective diagnosis. The unnecessary polyp features extracted from the bad frames
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may degrade the performance of an automated diagnosis system. Therefore, this step is preferred and

adopted before segmenting the polyps. Preliminary work on key-frame selection and subsequent polyp

segmentation is proposed as the first approach in this chapter. The other two techniques presented

in this chapter are aimed at effective polyp segmentation from the already acquired significant polyp

frames. The rest of the chapter is organized as follows. The first approach based on polyp depth

information is presented in section 3.2. The second approach is based on the spatial and contextual

information of the polyp structures and is described in section 3.3. Section 3.4 presents the third

approach which is based on the saliency map and shape information of the polyps. The summary of

the chapter is provided in section 3.5

3.2 Key-Frames and Segmentation Using Depth Information

A recent work focusing on video summarization instead of anomalies detection like bleeding or ul-

ceration is proposed by Li et al. [149]. Iakovidis et al. [150] used clustering-based methods for video

summarization. Similar work based on the clustering technique was proposed by Avila et al. [151].

However, clustering-based methods are not suitable in noise environments. Endoscopy frames are

generally susceptible to noise. Also, redundant frames are captured during the endoscopy, which

makes clustering methods perform poorly. Researchers are working on visual attention models, like

saliency maps, for finding key-frames of videos [152]. Another visual saliency-based attention model

was proposed by Ezaj et al. [153]. They used motion, color, and texture features for hysteroscopy video

summarization. A color histogram comparison-based method was adopted by Mendi et al. [154]. They

compared the color histogram of successive frames in a video sequence, and key-frames were selected

using k-means and PCA whenever a significant change in content was observed. However, this model

does not fit into endoscopic videos as most of the frames have similar color information. Recently,

dictionary learning-based approaches have been proposed for video summarization [155]. In [156], a

gastroscopic video summarization technique based on a dictionary learning approach is proposed.

Key-frames are very important and help in better prognosis and clinical management of the disease.

Therefore, colonoscopy frames that need immediate medical attention are considered for this study.

Malignant polyps usually have a convex shape and are more textured compared to benign polyps.

Seitz et al. [193] proposed that polyp size is correlated to the degree of dysplasia. A large and convex

type polyp is associated with more severity of dysplasia. Getting a 3D view of the polyp surface can
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significantly help in resection [194]. A good 3D reconstruction of an object in an image entails dense

depth estimation. The 3D view gives shape and size information of a polyp. Depth estimation of

endoscopic images is challenging as the endoscopic images are monocular.

Attempts have been made to solve it as a per-pixel regression problem, however, supervised learning

methods require a lot of training data. It isn’t easy to acquire depth data without using stereo

cameras or expensive depth sensors, as with endoscopy videos. Thus unsupervised methods are being

given more importance. Depth estimation in endoscopic video frames imparts clinical relevance to

a physician. 3D reconstruction of the monocular images helps in diagnosis and surgical planning.

Recently, depth estimation, especially monocular depth estimation (MDE) has gained high research

interest. This is due to its application in scene understanding, robotics, autonomous driving, and

Augmented Reality (AR). Finding depth from a single image is an unconstrained problem since many

real-world scenes can give the same 2D image, resulting in the same depth maps. Humans perceive

depth from cues such as perspective, prior knowledge of sizes of objects, or occlusion. Both supervised,

and unsupervised-based methods have been employed in the literature for estimating depth.

Eigen et al. [195] introduced a multiscale information approach that takes care of both global scene

structure and local neighboring pixel information. A scale-invariant loss is used for MDE. Similarly,

Xu et al. [196] formulated MDE as a continuous random field problem (CRF). They fused the multi-

scale estimation computed from the inner semantic layers of a CNN with a CRF framework. Instead of

finding continuous depth maps, Fu et al. [197] estimated depth using an ordinal regression approach.

A space-increasing discretization method is introduced by allowing objects at larger depths to have a

lesser influence on the depth maps than the objects nearer to the observer.

Depth is generally obtained using sensors like LIDAR, Kinect, or by using stereo cameras. Sensors

are expensive, and stereo cameras are not generally used in endoscopy due to several restrictions.

Obtaining ground-truth training data for depth estimation is very difficult in endoscopic imaging,

so supervised methods are not feasible for endoscopic image classification. Finding correspondence

between two images for 3D reconstruction is also difficult in endoscopy videos. It isn’t easy to find

corresponding features across the frames.

Hence, unsupervised and semi-supervised methods are employed for MDE. Garg et al. [198] used

binocular stereo image pairs for the training of CNNs and then minimized a loss function formed by

the wrapping of the left view image into its right of the stereo pair. Godard et al. [199] improved
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this method by using the left-right consistency criterion. They trained CNNs on stereo images but

used a single image for inference. They introduced a new CNN architecture that computes end-to-end

MDE. The network was trained with an efficient reconstruction loss function. The state-of-the-art

unsupervised MDE method, i.e., Monodepth [199] model has limited application in in-vivo images

like endoscopic images. This is because most models leverage outdoor scenes [200] and a few indoor

scenes [201] for training, and they use high-end sensors or stereo cameras, while the WCE method

only captures monocular images. Hence, it is important to devise a strategy to perform MDE in

medical imaging datasets that generally do not have ground truth depth information. That is why a

transfer learning approach is adopted in our method for estimating depth. Transfer learning refers to

a learning method where what has been learned in one setting is exploited to improve generalization

in another setting [202]. Zero-shot learning is the extreme case of transfer learning where no labeled

examples are present. In our method, a zero-shot learning approach for MDE [203] is employed.

The proposed method1 consists of two main steps. The first step focuses on depth estimation, and

the second step extracts key-frames. As mentioned above, a zero-shot learning approach is adopted for

depth estimation in endoscopic videos. We propose a framework to select the most informative frames

of an endoscopic video sequence. Our method employs a three-criteria approach to identify the key-

frames. Subsequently, the key-frames can be used for 3D reconstruction. Our method is unique in the

sense that it considers depth information to find key-frames. Experimental results clearly demonstrate

the effectiveness of our method in choosing the key-frames and subsequent polyp visualization and

segmentation. The proposed methodology is elucidated in section 3.2.1. Experimental results and

conclusions are discussed in section 3.2.2 and section 3.2.3, respectively.

3.2.1 Proposed method

The polyps’ depth is extracted using a transfer learning-based approach. The key-frames are selected

using the extracted depth information and other image properties of the colonoscopy frames. The

steps of the proposed approach are described below.

3.2.1.1 Depth estimation

Due to the unavailability of ground truth depth data in endoscopy video datasets, a transfer learning

approach is adopted for MDE in our proposed method. Lasinger et al. [203] proposed a zero-shot

1This work has been published in IEEE Access, 2021 (Refer List of publications page for details).
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Figure 3.1: Proposed method of finding key-frames.

learning for depth estimation. The work of Lasinger et al. inspires our proposed work for depth

estimation as a zero-shot approach. The flow diagram showing the proposed method of finding key-

frames using depth information is shown in Figure 3.1.

This section explains how we use monocular images to learn relative depth. As demonstrated in

Figure 3.2, we model monocular relative depth perception as a regression problem. In an end-to-end

method to regress pixel-wise relative depth given a batch of input images I, we create a non-linear

function y = f(I, δ) parameterized by δ. The network is built on a feedforward ResNet architecture

that generates multi-scale feature mappings [142]. To improve predictions, a progressive refinement

technique is used to combine multi-scale variables.

The model was trained for depth maps obtained in three different ways. First, the dataset contains

depth maps obtained using LIDAR sensors. This method gives depth maps of high quality. Second,

the Structure from Motion (SfM) approach is employed to estimate the depth. The third method of

getting depth information from stereo images of the 3D movies dataset. It uses optical flow to find

motion vectors from each of the stereo images. Then, the left-right image disparity is used to find a

depth map. The dataset contains images that have varying aspect ratios. Sometimes, black bars on

frame borders appear in estimated depth maps. So, all the images are cropped to extract only the

center portion of the frame. This ensures the framework can handle images of varying aspect ratios.

Moreover, the method focuses more on the central part of the image frame. Using the distance of an

object from the camera to predict depth leads to sparse 3D reconstructions. This is because depth is
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Figure 3.2: Network architecture for Depth Estimation from colonoscopy video frames; The model is based
on a feedforward ResNet architecture.

estimated by tracking the corresponding features over a series of frames. Then, the induced parallax is

used for triangulation and depth estimation. However, the resultant parallax will be small for distant

features (like the sky) and won’t allow proper reconstruction. Thus, distant objects like the sky are

not considered while estimating depth. This addresses the issue of finding correspondences for distant

objects.

The disparity map is found by using stereo matching using optical flow. Optical flow successfully

handles moderate displacements. The horizontal component of the flow vectors is used as a reference

for finding a disparity map. Optical flow is estimated by taking either the left or right image as

a reference and finding flow from the other. Next, the consistency between both left and right is

calculated to discard the pixels with more than one-pixel disparity.

The datasets on which the model is trained are unique because they contain both positive and neg-
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ative disparities. However, training on ground truth data from different sources has some constraints:

1) The dataset contains images that have only depth (from LIDAR sensors) or disparity images; 2)

Data obtained from the SfM technique gives depth images for which scale is not known; 3) The 3D

movies dataset gives a ground truth depth which has an unknown shift.

Loss function. A shift and scale-invariant loss function is chosen to address the problems pertaining

to training on three different datasets. Let d ∈ RN be the computed inverse depth and d′ ∈ RN be

the ground truth inverse depth, where N is the number of pixels in a frame. Here s and t represent

scale and shift, respectively and, they are positive real numbers. This can be represented in a vector

form by taking d⃗i=(di, 1)
⊺ and p=(s, t)⊺, and thus, the loss function becomes:

L = arg min
s,t

1

2N

N∑
i=1

(sdi + t− d′
i)
2 (3.1)

L(di,d′
i) = arg min

p

1

2N

N∑
i=1

(d⃗⊺
ip− d′

i)
2 (3.2)

The closed-form solution is given as:

popt = (
N∑
i=1

d⃗id⃗
⊺
i )

−1(
N∑
i=1

d⃗id
′
i) (3.3)

Substituting popt into (3.2) we get:

L(di,d′
i) = arg min

p

1

2N

N∑
i=1

(d⃗⊺
ip

opt − d′
i)
2 (3.4)

Regularization term. A multi-scale scale-invariant regularization term is used, which does gradient

matching to the depth inverse space. This biases discontinuities to be sharp and coincide with ground

truth discontinuities. The regularization term can be defined as,

Lr(di,d′
i) =

1

N

k∑
j=1

N∑
i=1

(|∆xQi
k|+ |∆yQi

k|) (3.5)

where,

Qi = d⃗⊺
ip

opt − d′
i (3.6)

Here Qk gives the difference of inverse depth maps at a scale k. We use k = 4 scale levels, halving

the image resolution at each level. Also, the scale is applied before finding x and y gradients.

Modified loss function. The final loss function for a training set of sizeM , taking into consideration
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of the regularization term, becomes:

Lfinal =
1

M

M∑
i=1

L(di, (d′)i) + αLr(di, (d′)i) (3.7)

Here α is taken as 0.5.

3.2.1.2 Selection of key-frames

During the colonoscopy, not all the captured frames are clinically significant. Most of the frames may

have redundant information, or may not be useful from a diagnostic perspective. Such frames need

to be discarded and the clinically informative frames need to be retained. It is also strenuous and

computationally intensive for a physician to investigate each frame of a video sequence. Thus, we

propose a key-frame selection technique. Subsequently, 3D reconstruction is done to perform further

analysis of the polyps. The key-frame selection method is given in Figure 3.1.

Colour space conversion. Our dataset contains images that are in RGB color space. Taking clues

from the human visual system, which works on saliency, we changed the color space from RGB to

COC, which gives a better perception in the medical imaging [204].

The image is subsequently used to find key-frames. A frame should satisfy three criteria before

being selected as a key-frame: 1) It should be significantly different from neighboring frames. 2) The

key-frame should give significant depth information of a polyp. 3) The polyp should not be occluded

in the key-frame. We ensured that the above requirements were met, and they are formulated as

follows:

Image moment: Image moments give the information of the shape of a region along with its bound-

aries and texture. Hu moments [205] are considered as they are invariant to affine transformation, and

moment distances of consecutive frames are used to identify the redundant frames of a video. Subse-

quently, the moment difference between consecutive frames is calculated. The frames with a higher

moment distance will be considered as a key frame. The moment distance d between two images is

calculated as:

d =

i=7∑
i=1

(Ii − I ′i)
2 (3.8)

where, i represents each of a total of 7 moments.

Edge density: In our proposed method, the key-frames which have significant depth information
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Figure 3.3: Plot of Moment distance, Edge density, Number of key-points and the total fused score vs frame
number of a colonoscopy video sequence.

are only considered for the 3D reconstruction of a polyp. It is observed that the polyp images having

more edges have more depth information. The edge information can be obtained with the help of the

gradient magnitude of an image. Before finding the gradients, images were smoothed using a Gaussian

kernel.

Horizontal and vertical gradients are obtained using Sobel operators Sx and Sy, and then the

gradient magnitude ∆S is calculated as follows:

∆S =
√

(Sx)2 + (Sy)2 (3.9)

Key-point detection: The proposed moment-based key-frame detection method may capture some

occluded frames. So, the objective is to select non-occluded key-frames from a group of key-frames that

were extracted by our proposed image moment and edge density-based criteria. For this, a key-point

detection-based technique is used. For key-point detection and extraction, we used ORB (Oriented

FAST and Rotated BRIEF). ORB is computationally faster and robust to noises in endoscopic images.

The frames containing a lesser number of ORB points correspond to occluded polyps.

Adaptive key-frame selection. After finding the moment distance (d), edge magnitude (s), and

the number of ORB points (p), we normalize these scores using min-max normalization. This is
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done so that each of the three scores is reduced to the range of 0 to 1 with both values inclusive.

Instead of adding the three scores directly, we use dynamic weights to capture the changes in a video.

The variable having more significant variance is given more weightage. Here, wi is the weight of the

normalized score. To consider intra-variable changes, we used the sum of the magnitude of difference

between consecutive frame scores as a measure to find weights. We then normalized this score to be

used as weights for finding a fused score. The weights are given by:

d1 =

n∑
i=1

|di − d′i|, s1 =
n∑
i=1

|si − s′i|, p1 =
n∑
i=1

|pi − p′i| (3.10)

w1 =
d1

d1 + s1 + p1
, w2 =

s1
d1 + s1 + p1

, w3 =
p1

d1 + s1 + p1
(3.11)

f = w1d1 + w2s1 + w3p1 (3.12)

here, d1, s1, p1 are the sum of magnitudes of difference between consecutive frame scores and f is

the fused score obtained by adaptively weighting the three frame scores. The frames with the highest

fused scores are selected according to a threshold value which was set as 0.5. The variance of each

criterion with frame number is shown in Figure 3.3.

3.2.2 Results and discussion

The proposed method is evaluated on the publicly available dataset. This dataset contains colonoscopic

video sequences from three classes: adenoma, serrated, and hyperplasic. The adenoma class contains

Figure 3.4: Some images of colonoscopy dataset: the first row are the examples of convex polyps and the
second row are the examples of patchy polyps.
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Figure 3.5: Key-frames obtained by our method and their corresponding depth maps. The polyp is visible
from different viewing angles in these selected frames.

40 sequences, the serrated category contains 15, while the hyperplasic category contains 21 video

sequences [128]. In this work, we consider only the frames from the adenoma (malignant) class

because this class needs the maximum attention of the physician. The dataset used in this work is

publicly available in the url: http://www.depeca.uah.es/colonoscopy_dataset/.

We considered only narrowband images (NBI) for this work as they require less preprocessing and

are generally used for polyp classification. The adenoma class contains 40 video sequences of different

patients. In this work, the frames with convex polyps are taken to estimate the depth. A few convex

and patchy polyp images of the dataset are shown in Figure 3.4. We used a pre-trained model trained

on diverse datasets by Lasinger et al. [203] in our work. A ResNet-based multiscale architecture, as

proposed by Xian et al. [206] is used for depth estimation. Adam optimizer is used with a learning rate

of 10−4 for layers that are randomly initiated and 10−5 for layers initialized with pre-trained weights.

Decay rates for the optimizer are set at β1 = .9 and β2 = .999, and training uses a batch size of 8.

Due to different image aspect ratios, images are cropped and augmented for training. The input size

of the frames is taken as 384× 384.
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Figure 3.6: Comparison of MDE on two input images, one outdoor and the other one is an endoscopy image.
The depth map by Monodepth performs well for outdoor environment while giving unsatisfactory results for the
endoscopy image. However, the zero-shot learning method clearly performs well for medical images but cannot
accurately estimate the depth in outdoor scenes.

Our method performs better than the state-of-the-art MDE methods. The depth estimation results

are shown in Figure 3.6, where the first column represents the input images, while the second and

the third column show the comparative results between the monodepth model [199] and zero-shot

cross-dataset transfer pre-trained model [203]. This clearly shows that monodepth performs well in

outdoor environments than our method. However, the Zero-shot learning method is more accurate in

predicting depth in endoscopic images.

Our method is the first of its kind in which key-frames are extracted from an endoscopic video

using depth maps. Also, it is robust to occlusions. As redundant frames are discarded in our method,

it is more convenient for physicians to analyze essential frames of a video sequence. As explained

earlier, the moment distance criterion between consecutive frames is used to ensure that redundant

frames are identified and then discarded. The edge magnitude criterion leverages the depth images

data to select the best frames. Frames with fewer ORB points have occluded polyps, and these frames

are redundant. Adaptive thresholding is used to apply three criteria to obtain essential frames for 3D

reconstruction.

The selected key-frames are finally used to reconstruct the 3D surface of the polyp. We have used

Facebook’s 3D image GUI to view the reconstructed polyp surface; the link to the video is shown

here: https : //youtu.be/PJKfk0Mqu2I. 3D visualization of a polyp helps in surgeries involving the

removal of the polyp from its root. This gives better visualization of polyps for diagnosis. Figure 3.5
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Figure 3.7: Polyp boundary detection using depth map; column 1: original endoscopic image, column 2:
generated depth maps, column 3: detected polyp boundary using canny edge detection algorithm, column 4:
edge refinement using connected component analysis.

shows some of the results of key-frame extraction and the corresponding depth maps. No publicly

available datasets or methods using them that predict depth maps from endoscopic frames exist.

Thus, a comparison between different methods for predicting depth from endoscopic images couldn’t

be performed.

Another application of our proposed method could be the automatic segmentation of polyps in

endoscopic images. The depth maps generated by our proposed method can further be used for polyp

localization. The canny edge detector is used over the depth maps, and subsequently, the polyp

boundary is determined by using connected component analysis. Figure 3.7 shows localized polyps

in some of the endoscopic image samples. The segmentation performance on some of the sequences

of the CVC-Clinic Database [159] is shown in Table 3.1. This dataset contains 25 colonoscopy video

sequences. Each sequence contains an average of 25 frames. We defined mIoU as the mean intersection

over the union of the segmented polyp masks to the ground truth masks. In polyp segmentation, an

IoU score of ≥ 0.5 is generally considered good [84].
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Table 3.1: Key frame selection and segmentation performance using our method on some of the sequences of
CVC-Clinic Database (Sequences with only the elevated polyps are considered)

Sequence #Key frames selected mIoU

26-50 5 0.501

104-126 7 0.546

127-151 11 0.721

298-317 2 0.723

343-363 7 0.654

384-408 13 0.723

409-428 8 0.663

479-503 20 0.793

504-528 6 0.695

572-591 4 0.698

592-612 5 0.747

3.2.3 Conclusion

Our proposed method can determine depth maps using a zero-shot learning approach. The zero-

shot learning method performs well on previously unseen classes like endoscopic images. Through

this, we extended MDE to in-vivo images, which would be helpful to analyze medical images. The

essential frames are picked out from the colonoscopy videos with the help of depth information and

the proposed three criteria selection strategy. The selection of a threshold value for the final fused

score must be empirically set to extract the key-frames. Experimental results show the efficacy of

the proposed method in selecting key-frames from endoscopic videos and subsequent segmentation of

detected polyps in the key-frames with the help of extracted depth maps. Also, the 3D model could be

used in clinical diagnosis and surgeries. One possible extension of this work could be the visualization

of polyps in detected key-frames in an augmented reality framework.

Though the proposed method can segment the prominent, convex, and elevated polyps that need

immediate medical attention, the other polyp structures can not be neglected. They may progress to

the malignant stage if not diagnosed early. Therefore, our subsequent studies will focus on segmenting

any polyp structures. The following method encapsulates polyps’ contextual and spatial information

for polyp vs. non-polyp discrimination. The detailed methodology of the technique is discussed in the

next proposed approach.
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3.3 Adaptive Markov Random Field based Segmentation

Most of the previous works in the domain of polyp segmentation are based on supervised learning.

In [207], polyp regions are selected using a Hessian filter and Support vector machine (SVM). Polyp

and non-polyp regions are marked based on a threshold λ, which is set experimentally. However, it is

very difficult to find an optimum value of λ. Bernal et al. [61] proposed Sector Accumulation-Depth

of Valleys Accumulation (SA-DOVA) for polyp segmentation. In [110], a shape-based ultrametric

contour map (UCM) is proposed to mark out the polyp regions. However, the method yielded poor

segmentation results in some of the cases due to irregular shapes of the polyps. Khan et al. [208]

proposed a modified mask Recurrent Convolutional Neural (RCNN) for gastro-intestinal diseases de-

tection like polyp, bleeding, ulcer, etc. However, their model failed for the segmentation of polyps and

bleeding regions in most of the cases. Also, their model gives an inferior segmentation performance

for the ulcer regions on less training data. In [209], RefineU-Net is proposed for polyp segmentation

from colonoscopy images. However, the time complexity of their method cannot be discounted as

three deep modules are trained jointly in an end-to-end fashion. All the methods discussed above

are supervised and require huge samples for training the models. Also, immense domain knowledge

is required to characterize the polyp features. Other deep learning-based techniques used for polyp

segmentation are discussed in the result section of this work.

This research work aims at developing an unsupervised method of segmentation using a superpixel-

based skeleton. An unsupervised-based method is sometimes recommended over the supervised meth-

ods as the latter require large training datasets of manually labeled images, which is sometimes chal-

lenging to acquire through an endoscopic procedure. Unsupervised techniques, on the contrary, can be

used in the absence of training data for polyp segmentation. Thus, it can be employed during the cap-

turing of colonoscopy videos, i.e., segmentation during the endoscopy. Earlier, we proposed some tech-

niques using the active contour (AC) for unsupervised polyp segmentation [109,210]. However, these

models could provide good segmentation performance for the polyp structure having well-demarcated

boundaries. Also, sub-optimal polyp segmentation masks were generated by our methods. Therefore,

other polyp features were effectively extracted for their discrimination from the backgrounds in this

study.

The proposed segmentation approach can be broadly categorized into two main phases: over-

segmenting the image and then aggregating the over-segmented image using a Markov random field
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( MRF) framework for final segmentation2. The main contribution of this research work is the de-

velopment of an unsupervised learning framework for polyp segmentation. Firstly, we proposed an

adaptive MRF model on graph-based feature interpretation, which is the first work in the domain of

colonoscopy image analysis. Superpixel sites are considered the nodes in the region adjacency graph

(RAG) to reduce computational complexity. The experimental results show that our method outper-

forms previous works done on similar datasets. The rest of the work is organized as follows: Section

3.3.1 presents the proposed methodology. Experimental results are given in section 3.3.2. Section

3.3.3 concludes the work.

3.3.1 Proposed method

The proposed adaptive MRF is based on the dominant polyp features. Before describing the imple-

mentation of the proposed method, some essential aspects of MRF are discussed below. The proposed

adaptive MRF is based on the dominant polyp features.

3.3.1.1 Adaptive MRF

The polyp regions are visually quite different from the rest of the gastrointestinal tract regions. The

pixel-level maneuvering is computationally complex, and it yields unfaithful results as the spatial

relation among pixels is lost. The proposed superpixel-based method represents a group of similar

pixels, and the computational burden is significantly reduced. The overview of the proposed approach

is shown in Figure 3.8. Simple Linear Iterative Clustering (SLIC) method [211] is adopted for over-

segmenting the polyp frames. To encapsulate the spatial and contextual relation among the adjacent

regions resulted after over-segmentation, an Adaptive Markov random field (MRF) frame-work is

proposed. Our proposed adaptive MRF is a probabilistic graphical model. It can successfully capture

interactions between adjacent regions by encapsulating spatial and contextual similarity information.

In literature, MRF is widely used as a tool for semantic segmentation [212–214]. The classical MRF

model used for segmentation is pixel-based. However, our proposed method is a superpixel-based

model. The details of our proposed model are discussed below:

An essential component of an MRF is defining a neighborhood system. Let Ψ be the set of image

lattice sites such that:

Ψ = {ψ = (i, j), where 1 ≤ i ≤ H, 1 ≤ j ≤W and i, j,H,W ∈ I}, H,W being the height and width

2This work has been published in Pattern Recognition Letters, Elsevier, 2022 (Refer List of publications page for
details).
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Figure 3.8: Overview of the proposed work; The left side module shows the procedure for colonoscopy image
acquisition. The right side block entails different steps involved in our algorithm for polyp segmentation.

(in pixels) of image I, respectively. In the 2-D image lattice Ψ, the pixel values x = {xψ|ψ ∈ Ψ} are a

realization of random variables X = {Xψ|ψ ∈ Ψ}. A clique ζ is defined as one such subset of Ψ (set

of image lattice sites) where every pair of sites are neighbors to each other and a clique set C in the

neighborhood system Nψ is C = {ζ|ζ ⊂ Nψ}. Mathematically, a random field X becomes an MRF

with respect to the neighborhood system N = {Nψ, ψ ∈ Ψ} iff:

P (X = x) > 0 ∀x ∈ ΩX , where ΩX is the set of all possible x on Ψ; and P (Xψ = xψ|Xρ = xρ, ρ ̸=

ψ) = P (Xψ = xψ|Xρ = xρ, ρ ∈ Nψ).

According to Hammersley-Clifford theorem, a random field X is a Gibbs Random Field (GRF)

with respect to the defined neighborhood N = {Nψ, ψ ∈ Ψ} (where Ψ denotes the set of image lattice

sites) iff X is an MRF with respect to the neighborhood. A detailed proof of the same is avail-

able in [215]. The theorem allows GRF to globally model local characteristics of an image given by

the MRF. A mathematical expression of GRF of a random variable X on the neighborhood system

N = {Nψ, ψ ∈ Ψ} is thus given by:

P (X = x) =
1

Z
exp

[
− 1

T
U(x)

]
(3.13)

where, Z =
∑
x∈Ω

exp
[
− 1
T U(x)

]
is a normalization constant, T is the temperature parameter. U(x) is

the energy function with the form U(x) =
∑
c∈Ψ

Vc(x), where Vc(x) is a potential function.

The segmentation problem can be expressed using the Bayesian framework. Suppose the features
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extracted from an image I is denoted as F = f , where F is a random variable, and f is an instance

of it. Let Y = y be the label field of the segmented image. Then, the problem of segmentation can be

posed as the Maximum a posteriori probability (MAP) estimation problem:

P (Y = y|F = f) =
P (F = f |Y = y)P (Y = y)

P (F = f)
(3.14)

where, P (Y = y|F = f) is the posteriori probability, P (F = f |Y = y)P (Y = y) is the probability

distribution of F = f conditioned over Y = y and P (Y = y) is the prior information.

Suppose feature vector f is of L dimensions, and each component of it is conditionally independent

with respect to Y = y. Under this assumption, Eq. (3.14) can be re-written as:

P (Y = y|F = f) =

∏L
l=1

[
P (f l|Y = y)

]
P (Y = y)

P (F = f)
(3.15)

Now, as P (F = f) is known and constant for all the cases, it can be disregarded and the equation

can be rewritten as:

P (Y = y|F = f) ∝
L∏
l=1

[
P (f l|Y = y)

]
P (Y = y) (3.16)

The first term from RHS of Eq. (3.16) can thus be expressed as i.i.d. MLL or multi-level logistics is

used in most MRF-based segmentation models to construct the label distribution. Mostly, the second-

order pairwise MLL model is chosen for segmentation. The potentials of all higher-order cliques are

set to zeros. Thus, considering that P (Y = y) obeys GRF form, from Eq. (3.13), Eq. (3.16) can again

be re-written as:

P (Y = y|F = f) ∝
∏
ψ∈S

exp [−Φ(fψ|Y = y)]

exp

∑
ℓ,ψ∈C

θψ,ℓ(yψ, yℓ)

 (3.17)

where, Φ(fψ|Y = y) is a data penalty term which penalizes a pixel ψ with a label y for given features

f . θψ,ℓ(yψ, yℓ) is a penalty term used to maintain the smoothness of the label field. It is originally

a clique potential function encapsulating the prior probability of labels of the elements of the clique

(ψ, ℓ). N(ψ) is the neighborhood of the pixel ψ. Maximizing the expression in Eq. (3.17) is the same

as minimizing the following expression.

∑
ψ∈S

[
− Φ(fψ|Y = y)

]
+

[ ∑
ℓ,ψ∈C

θψ,ℓ(yψ, yℓ)

]
(3.18)
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The potential function (second term in the above expression) with respect to the labels (Y = y) can

be modeled as:

θψ,ℓ =

β ∑
ℓ,ψ∈C

δ(yψ, yℓ)

 (3.19)

where,

δ(yψ, yℓ) = −1 if yψ = yℓ

= 1 if yψ ̸= yℓ

(3.20)

β is a constant, which is specifiable a priori [215,216].

Unlike the classical MRF, where the neighborhood system is based on pixel sites, our proposed

method defines the neighborhood on superpixels. An adjacency graph is built where information about

the neighborhood of each superpixel is stored.

Let an image be segmented in such a way that there are q numbers of classes for which the pixels can

be grouped. The feature values for each individual class are assumed to follow a Gaussian distribution.

After deriving Eq. (3.17) from Eq. (3.16), the term P (f l|Y = y) for a superpixel s bearing class label

m can be expressed as:

P (f ls|Y = m) =
1√

2πσlm
exp

(
−(f ls − µlm)

2

2σlm
2

)
(3.21)

where, µlm and σlm are mean and standard deviation, respectively, and it is for lth feature component

belonging tomth class-label. Taking logarithm of Eq. (3.21) produces a data penalty term, as proposed

in Eq. (3.18). The data term contributing to the energy of the features may henceforth be denoted

as Ef .

The potential term as depicted in Eq. (3.19) contains β, which is an important parameter. In our

proposed work, β is modified to be an adaptive parameter for superpixels. Henceforth, the potential

term may be referred to as energy of label, El. β is associated with labels in the neighborhood.

Attribute variance between neighborhood superpixels is also incorporated to make it practically more

plausible. Thus, the proposed weight coefficient β is made adaptive in the following way:

β∗sψ ,sℓ =
β0

1 + exp

(
−dist||sψ − sℓ||

ℓ

ψ

) (3.22)
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where, sx represent features of xth superpixel, dist|| · || is a distance measure, taken as Euclidean

distance. So, x denotes the size of the superpixel in terms of the number of pixels within it. β is

independent of the input image and is a hyperparameter. The energy minimization functionals have

Figure 3.9: Effect of different β values on polyp segmentation results; (a) input image (b) β=1 (c) β=5 (d)
β=20 (e) adaptive β value (f) a high β value (g) very high β value.

two components: feature labeling and region labeling components. There are three scenarios which can

be considered for the energy components. First, if the constant parameter β makes the region labeling

component dominant, the values of estimated parameters µ and σ may deviate much from the feature

data, and the segmented result is not consistent. Figure 3.9 (f), (g) demonstrate the outcome using

the MLL model alone (which is equivalent to setting β to a very high value) to generate segmentation

results. Secondly, if the constant parameter makes the feature modeling component dominant, spatial

relationship information would be ignored in the final segmentation result. For example, if β = 0, the

MRF model has the feature modeling component only and cannot produce good segmentation. Finally,

both components are considered together by selecting an appropriate value of the constant parameter,

and then the best segmentation performance can be achieved. The illustrations of segmentation

performances on some samples using different β values are given in Figure 3.9. Figure 3.9 shows that

either a small β value or a relatively high β value results in improper segmentation.

Super-pixels belonging to the same class must have a smaller β∗. Similarly, super-pixels belonging

to different classes should have more penalty, i.e., a more β∗ value. This requirement is satisfied by our

proposed adaptive penalty term as given in Eq. (3.22). The initial value of β, i.e., β0 is set judiciously

from extensive experimental results and is set as 20.
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3.3.1.2 Implementation of the proposed method

The proposed segmentation algorithm can be treated as an energy minimization problem. The

total energy E is given as Ef + El. Therefore, the whole expression to be minimized is given as:

∑
s∈S

L∑
l=1

(
ln
√

(2π)Lσm +
(f ls − µlm)

2

2σlm
2

)
+ β∗

∑
m,n∈C

δ(m,n) (3.23)

where, S is the set of all superpixels, f ls is l
th component of feature vector fs representing superpixel s,

and C is the set of all cliques carrying doubleton potentials for all superpixel sites. The first term of Eq.

(3.23) is represented as Ef , and the second term is denoted as El. Ef is the feature modeling component

that is used to describe the features of an image. Similarly, El is a region labeling component that is

used to denote the energy of image regions. The energy of P (Y = y|F = f) is then derived as

Ef + El (3.24)

For the model represented by Eq. (3.23), the MAP will be

ŷ = argmax
y∈ΩY

P (Y = y|F = f)

= argmax
y∈ΩY

1

Z
exp

[
− 1

T
E

]
= argmin

y∈ΩY
E (3.25)

Eq. (13) means that maximizing the posterior conditional probability distribution or Gibbs distri-

bution is equivalent to minimize the model’s energy. Therefore, minimizing both the energy terms, Ef

and El, is vital for optimal labeling or segmentation. If a balance can be achieved between both com-

ponents by choosing a proper constant parameter, the estimated parameters are usually optimal [217].

Therefore, both the energy terms are essential for final segmentation.

The texture features are encapsulated by employing LBP features. The LBP descriptor is calcu-

lated for each pixel inside a particular superpixel, and the mean LBP value is calculated for each of

the superpixels. The mean LBP value is also normalized by dividing the mean value by the max-

imum LBP value of a particular superpixel. The LBP value is calculated on the grayscale image.

In our work, a uniform LBP operator is employed. This operator can efficiently extract local image

texture information since it is invariant to monotonic grayscale transformations, and also it is easy

to implement. Texture features can discriminate polyps and normal regions in colonoscopy frames.
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In [44], a uniform LBP operator is employed to extract critical texture features of polyp regions for

their detection in wireless capsule endoscopy (WCE) images.

For LBP calculation, R = 1 and N = 8 are taken, where R = 1 is the radius and N is the

number of samples considered. In colonoscopy images, polyp regions have higher textural content

than normal regions. Similarly, there is a variation in color between the polyp and non-polyp areas

[218]. Also, the color of an adenomatous (malignant) polyp is reddish and the color of a hyperplastic

(benign) polyps tends to be yellowish [16]. These clinical manifestations shown by the polyps are an

inherent characteristic. Therefore, advanced imaging techniques such as the Linked Color Imaging

(LCI) modality is used so that the reddish and whitish colors of lesions become redder and whiter,

respectively. This can improve the visibility of colorectal polyps, and consequently the polyp detection

rates.

The CIE-Lab color space has a high response to these warm colors: red and yellow. Thus, the

CIE-Lab color model is used in our work. The superpixels are the nodes in the region adjacency

graph (RAG). An initial estimate of the segmentation label field is obtained via k-means clustering.

The parameters for energy function are updated via the Expectation maximization (EM) algorithm

as given in Eq. (3.26), (3.27), and (3.28). The proposed algorithm is shown in Figure 3.10.

• E-step:

P (Y = m|fs) =
p(fs|Y = m)p(Y = m)∑

Y=m p(fs|Y = m)p(Y = m)
(3.26)

• M-step: parameters are re-estimated

µl(Y=m) =
1

N

∑
s,Y=m

f ls (3.27)

σlY=m
2
=

1

N − 1

∑
s,Y=m

(f ls − µlm)
2 (3.28)

Optimization in an MRF problem involves finding the maximum of the joint probability over the

graph as given by RAG in our method. An efficient technique used for MRF optimization is Iterated

Conditional Modes (ICM). It is widely used for segmentation [219]. This algorithm first selects an

initial configuration for features, which are represented by the nodes of the graph with labels. As

discussed above, the k- means clustering algorithm gives the initial label assignment in our proposed

work. Then, it iterates over each node in the graph and tries to reassign new values to minimize the

total energy. We have made the convergence adaptive during the energy minimization step using the
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Figure 3.10: Proposed algorithm.

iterative condition mode (ICM). During this operation, the expectation-maximization (EM) step is

executed to minimize the total energy, and the segmentation labels are assigned to each superpixel.

The Ef and El are calculated, and labels are reassigned such that the total energy after each iteration

will be minimized. The labels are, therefore, the final outcome of each iteration. Thus, the convergence

criterion is based on observing the change in the assigned labels given to the superpixels during ICM.

Whenever no change in the labels is noticed for three successive iterations, our algorithm is said to

have converged.

3.3.2 Results and discussion

The images used for our experimentation are taken from the CVC-ClinicDB database [159]. The

database consists of 612 images, each of size 288× 384× 3. It has 29 sequences, each consisting of an

average of 25 frames with high intra-frame variations. The database also contains ground truth masks

prepared by experts of the Computer Vision Center, Barcelona, Spain. Another database that was

also used to validate our proposed method is the ETIS-Larib database [220]. It contains 196 image

frames with corresponding manually-annotated ground-truth polyp masks.

The proposed method is tested on each of the sequences of the CVC-ClinicDB dataset. Step-

wise results are given in Figure 3.11. In the 2nd column of Figure 3.11, the yellow dots represent

the centroids of the super-pixels. Each image is finally segmented into three different classes. The
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qualitative polyp segmentation performances on samples of both the databases are shown in Figure

3.12.

Figure 3.11: In each row, column-wise from left to right: original image; over-segmentation of image with
RAG defined on the same; obtained result of 3-class segmentation; ground truth. The proposed method can
give satisfactory results in different lighting conditions and camera positions.

Dice Similarity Coefficient (DSC) is chosen to measure the similarity between the final segmentation

results and the ground truth. The DSC is expressed in terms of TP, FP, FN as:

dice(A,B) =
2 ∗ TP

2 ∗ TP + FP + FN

where, TP, FP, FN stands for true positive, false positive, and false negative. All the computations
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Figure 3.12: Qualitative polyp segmentation performances; (a) samples from ETIS-Larib dataset (b) ground
truth masks (c) predicted polyp masks (d) samples from CVC-ClinicDB (e) ground truth masks (f) predicted
polyp masks.

relating to accuracy measurement are done at the pixel level. Other performance measures like mean

Intersection over Union (mIoU), Recall (Rec.), F1-score (F1), and Hausdorff distance (HD) are also

used in this study.

The images of the dataset considered for our study contain very little specularity. Therefore, the

effect of specularity is discounted. We also employed specularity inpainting, and the performance was

evaluated. We employed a variational inpainting method based on the Mumford–Shah–Euler image

model [221]. The specularity masks are generated following the method proposed in [116]. From

Figure 3.13: Effect of specularity on polyp segmentation; (a) input specular images, (b) generated specular
masks, (c) inpainted images, (d) segmentation results before specularity removal, (e) polyp segmentation results
after specularity removal.
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Table 3.2: Table showing average DSC for different video sequences of the CVC-ClinicDB database.

Seq. No. Average DSC Seq. No. Average
DSC

1 0.6841 16 0.5531
2 0.5716 17 0.7601
3 0.4557 18 0.4422
4 0.3457 19 0.7266
5 0.4092 20 0.8181
6 0.5668 21 0.6000
7 0.6234 22 0.5770
8 0.7942 23 0.7812
9 0.4500 24 0.8812
10 0.2156 25 0.6841
11 0.6166 26 0.5593
12 0.5902 27 0.5052
13 0.7036 28 0.8873
14 0.5277 29 0.5947
15 0.7490

the results, it is seen that the specularity has a nominal effect on polyp segmentation performances.

However, the false-positive rate is less for specular free polyp images. Figure 3.13 shows the impact

of specularity on the segmentation performances.

For our experimentation, the value of K (number of super-pixels) and k (cluster numbers) were

set to be 200 and 3, respectively. A small value of K may not perfectly represent the pixels. Similarly,

a very high K value may create unnecessary super-pixels with similar properties. So, a medium-

range value for K was considered. The proposed method segments polyp from the non-polyp regions,

i.e., two-class segmentation. In some of the colonoscopy frames, black-colored boundary regions are

present, which do not convey any pathological information. The parameter k controls the extent of

image segmentation. For k = 2, frames are under segmented, whereas for k > 3, the polyp frames

are over segmented, as shown in Figure 3.14. The pixel-based MRF with a similar set up takes 14.83

seconds for processing a colonoscopy frame. The average processing time in seconds for processing

a 288×384×3 image frame for generating superpixel-based segmentation is 5.3435 sec/frame by our

algorithm. Similarly, an additional 3.2010 sec/frame is needed for final segmentation. Overall, a

total of 8.53435 sec is required to get the final segmentation output. The experiments were simulated

using Matlab 2017 with an Intel i3, 1.80GHz processor, and a 4 GB RAM system. Our method is an

87

TH-2722_156102005



3. Polyp Segmentation

Figure 3.14: Selection of number of classes for polyp segmentation. (a) input image (b) ground truth (c)
k = 2 (d) k = 3 (e) k = 4

unsupervised learning approach, so no prior learning is required. Our proposed system can process

real-time colonoscopy frames and provide a segmentation score for each polyp frame in a GPU-based

system. The proposed method achieves a mean DSC of 60.77%, which is reasonably high compared

to state-of-the-art techniques. Table 3.2 shows the segmentation performance in terms of the average

DSC value for each of the 29 sequences of the CVC-ClinicDB. Our method was also validated by

another publicly available dataset, which is ETISLarib polyp DB [220]. Our approach gives an mIoU

of 41.48% in polyp segmentation of 196 colonoscopy frames.

Table 3.3: Comparision with the state-of-the-art methods

Methods DSC mIoU
MSA-DOVA [176] 36.27 22.13
SA-DOVA [61] 55.33 37.93
FCN8 (2 class) [77] 67.44 50.85
Shape-UCM [161]
(87 polyps) 65.77 49.0
GPB-OWT-UCM [177]
(87 polyps) 61.11 44.0
Proposed (612 polyps) 60.77 42.85

Deep learning-based methods are now getting attention in medical image analysis. Segmentation

of endoscopic images using FCN8 architecture [77] gives an IoU of 50.85% for polyp segmentation.

The UNet [175], which is used extensively for medical image segmentation, gives a mIoU of 0.4711 in

polyp segmentation for the CVC-ClinicDB database. Similarly, ResUNet [222] gives a mIoU of 0.4570

for the same dataset. Table 3.4 shows the segmentation performance of some of the state-of-the-art

deep baseline models on the CVC-ClinicDB database.

Deep learning-based methods generally give better accuracy. However, most of the deep learning-
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Figure 3.15: Time complexity of the proposed algorithm on different polyp structures.

based methods reported in the literature have trained and tested the models with a common set of data.

Also, these models require a considerable number of training samples and ground truth masks during

the model training. In some instances, the ground truth information may not be readily available. Also,

the image features may change significantly across different imaging modalities, which needs retraining

of the already trained models. In contrast, we proposed an unsupervised polyp segmentation which

can give a reasonable performance even for unseen data. Though the DSC of the proposed method is a

little inferior to most state-of-the-art techniques, the F1 is competitive. In polyp segmentation, it is to

be mentioned that accurate delineation of polyp is not required for most pathological interpretations.

Our approach gives a higher recall (Rec.) value. Table 3.3 and Table 3.4 show the performances of

some of the state-of-the-art methods on CVC-ClinicDB. Our proposed method achieves a competitive

IoU value with respect to the deep learning-based approaches. Figure 3.15 shows some of the image

Table 3.4: Comparision of segmentation performance with different baseline models and state-of-the-art meth-
ods on CVC-Clinic Database

Method DSC Rec. F1
U-Net [175] 0.756 0.659 0.721
DeepLabv4 [223] 0.8434 0.759 0.794
PraNet [224] 0.7256 0.629 0.756
cGAN [225] 0.8235 0.732 0.789
ResUNet [222] 0.451 0.612 0.654
LGWe-LSM [116] 0.754 0.725 0.750
Hybrid-CNN [114] 0.734 - -
Proposed 0.6077 0.761 0.732

samples of CVC-ClinicDB and the processing time for polyp segmentation.

To provide a fair comparison of our method, we compare our results with some of the state-of-the-

art segmentation results. The results given by Shape-UCM and GPB-OWT-UCM methods in Table

3.3 show the segmentation performance on some NBI image datasets [161]. In these methods, the

polyps are manually placed in the center of the frame, which may not be applicable during real-time

89

TH-2722_156102005



3. Polyp Segmentation

Figure 3.16: The designed GUI for polyp segmentation.

analysis. All the state-of-the-art methods given in Table 3.3 are supervised, whereas our proposed

method is unsupervised. Also, most methods are tested on a very small dataset that is not publicly

available. Methods deployed in [61,77,176] used CVC-ClinicDB dataset for segmentation.

We employed some of the recent deep models for polyp segmentation in our study. U-Net, DeepLab,

PraNet, Polypnet are some of the popular deep architectures, which have been employed for polyp

segmentation. The CVC-ClinicDB was split, 90% was used for training, and the rest 10% was used to

test these models. The DeepLabv4 gives a DSC of 0.8434. The U-Net gives a segmentation score (DSC)

of 0.7561, and the PraNet provides a DSC of 0.7256 on the CVC-ClinicDB. Figure 3.17 shows the

qualitative polyp segmentation performances of these deep models. Table 3.4 shows the quantitative

measures of some of these deep models on polyp segmentation.

Table 3.5: Comparision of segmentation performance in terms of Hausdroff distance (HD) with different
baseline models and state-of-the-art models on CVC-ClinicDB Database.

Method HD
DT-WpCNN [116] 112.615
LGWe-LSM [116] 32.848
U-Net [175] 43.254
ResNet50 [142] 55.198
Polypnet [116] 21.796
Proposed 48.55
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Figure 3.17: Polyp segmentation performances; (a) input images, (b) ground truth masks, (c) DeepLabv4,
(d) PraNet, (e) Adaptive MRF.

Figure 3.18: Hausdorff distance measure between the ground truths and the respective predicted polyp masks.

Hausdorff distance (HD) measures the distance between the ground truth surface and the seg-

mented surface. A smaller HD indicates better segmentation accuracy. The average HD using the

proposed method is 48.5532. The HD measures on the segmented output of two polyp samples are

shown in Figure 3.18. The HD values for some of the recent polyp segmentation methods on CVC-

ClinicDB are compared with the HD of the proposed method in Table 3.5. A GUI based on the

proposed algorithm is designed as shown in Figure 3.16.

3.3.3 Conclusion

The proposed method can produce better segmentation performance with a reduced computational

load than the pixel-based method. The MRF parameter β has been made adaptive based on the
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dominant image characteristics in our approach. LBP and Lab color features are incorporated into

the MRF model. The proposed endoscopic polyp segmentation method is unsupervised, whereas

most of the state-of-the-art techniques are supervised. Deep learning-based methods need substantial

datasets for training the networks. However, our proposed unsupervised method can perform well

even in a small dataset, which may be suitable for endoscopic image analysis in real-time. Our

algorithm sometimes misses partially occluded polyps and polyps that are texturally indistinctive

to the complex background. Similarly, polyps that are very small in size may result in an over-

segmentation outcome by our method. Therefore, an approach using context and frame correlation

information in a colonoscopy video sequence can be employed for polyp segmentation in the future.

This could better segment polyps and can handle partial occlusion. The convolutional neural network

(CNN) could efficiently extract global and local contextual information. Other geometrical information

could be integrated for polyp segmentation, like polyp shape information.

Our previous proposed approaches have studied the utilities of saliency map in polyp detection

and segmentation. In the subsequent chapter, we will explore the effect of polyp shape information on

polyp boundaries detection. Based on these propositions, a saliency map-guided shape compactness

is formulated for polyp segmentation in the next chapter. As discussed earlier, the polyp is the salient

region in the colonoscopy frame. The polyps (ROIs) in the frame are firstly highlighted in the saliency

or probability maps. A deep learning framework is employed to generate the saliency map for polyps

as it can extract generic features from various polyp structures. Shape information of the polyp is

further utilized for better segmentation.
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3.4 Saliency Map-Guided Shape Compactness for Segmentation

A detection strategy using a saliency-based selection of candidate polyp regions was proposed by Deeba

et al. [226]. They tried to enhance the saliency of clinically significant features in endoscopic images for

polyp detection. On laryngeal endoscopic images, Ding et al. [227] suggested a deep attention network

built on U-Net with color normalization operation (CN-DA-UNet) for generation of probability map

followed by thresholding for glottis segmentation. Shape descriptors can be used as the features for

semantic segmentation in an image [228,229]. The shape and appearance of lesions are essential for the

early diagnosis of polyp in the GI tract [38,62]. Shape compactness (SC) is one such shape descriptor

used widely for medical image segmentation [230].

The polyp regions are texturally and visually different from other regions. An efficient approach for

generating the saliency map is crucial for better polyp segmentation. Therefore, a U-Net architecture

is employed in the current work to generate a probability map. Upon the generated probability map, a

shape constraint prior is imposed. The resultant combination is formulated as an energy minimization

problem. This problem is solved using the alternating direction method of multipliers (ADMM) for

final polyp segmentation3. Section 3.4.1 discusses the proposed methodology. Experimental results

and conclusions are elucidated in section 3.4.2 and section 3.4.3, respectively.

3.4.1 Proposed method

The saliency map-based methods are effective for object detection. It provides probable locations of

the target objects in an image by highlighting the ROIs. Therefore, locating polyps in a colonoscopy

image using a saliency map seems to be effective. The overall method is shown in Figure 3.19. The

details of the method are discussed below.

3.4.1.1 Probability map generation

The polyps are the salient regions in the endoscopic frames. U-net deep architecture is one of the

models used extensively for biomedical image segmentation [175]. U-Net is considered efficient in

object segmentation, even in limited training data scenarios. Therefore, in this current work, we

propose to employ the U-Net-based deep convolutional network to generate probability maps as a

unary potential function for segmentation. This method produces promising segmentation results,

3This work has been published in Signal, Image and Video Processing, Springer, 2022 (Refer List of publications page
for details).
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Figure 3.19: The proposed pipeline of polyp delineation in colonoscopy video frames.

which uses skip architecture [231]. The generation of the probability map for segmentation has been

inspired by the work of Ronneberger et al. [175].

3.4.1.2 Geometric shape compactness prior

A common shape compactness is usually represented as: S = (Perimeter)2

Area , where S is the measure

of compactness or roundness. The measures of shape compactness are invariant under translation,

rotation, and scaling transformations, dimensionless, and minimized by a circle [229]. Our current

work is inspired by the work of Montero et al. [229].

In the case of endoscopic polyp segmentation, we must use a dimensionless, unbiased, and position-

independent shape compactness prior to constrain the segmentation functionals. The polyp shape is

mostly circular; the size varies in a wide range. In our proposed method, the ratio of length-squared to

the area is used as the compactness prior. This prior is a widely used shape compactness measure in

shape metrics [229,232]. Such functionals pose an NP-hard optimization problem, which can easily be

solved by an alternating direction method of multipliers (ADMM). The detail of the method is given

in section 3.4.1.3.

3.4.1.3 Implementation

Let Λ represent a 2-Dimensional image domain and mj ∈ CR be the input feature vector of pixel

j ∈ Λ. Segmentation assigns each j ∈ Λ a label xj ∈ L. Only two labels are considered in our method,

i.e., 1 for polyp and 0 for non-polyp regions. The optimal labeling can be formulated into an energy
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minimization problem. Mathematically, it is represented as :

E(x) = Eup(x) + λEcs(x) (3.29)

Where, binary vector x ∈ {0, 1}, Eup is the energy term that minimizes entropy and Ecs is the energy

imposed by a shape prior. Eup is contributed by each pixel attribute, called unary potential prior.

In this work, a detailed study is carried out on unary-potentials. The unary-potential term is

given by a probability map. The output of a probability map indicates the probability of each pixel

belonging to a particular label subjected to some conditions. The other energy prior, i.e., Ecs is the

shape compactness prior, which is the ratio of length-squared to the area, i.e.,

Ecs(x) = P (x)2/A(x) (3.30)

In digital domain, the length can be expressed in terms of the number of neighbouring pixels with

distinct labels, and the area may be represented as A(x) =
∑

j xj i.e.,

P (x) ∝
∑
j,i

βji(xj − xi)
2 (3.31)

Where, the pairwise clique potential term is defined as:

β(ji) =


1, if j, i are neighbors.

0, otherwise

This weighing function can be different according to the context. The compactness measure is

formulated to converge the solution towards strong edges in the image. The weight matrix is given by

:

βji = exp

(
−
∑
k

σk (xjk − xik)

)2

(3.32)

Where, σk controls the relative importance of feature k on the weight. The length is expressed as

P (x) = x⊤Lmx, where Lm is the Laplacian matrix corresponding to weight βji. Thus, the compactness

model takes the final form as :

argmin
x∈{0,1}

E(x) = u⊤x+ λ

(
x⊤Lmx

)2
1⊤x

(3.33)

Where, 1 is a vector with value one for each element. The energy functional given in Eq. (3.33)

is a non-convex optimization problem and is very difficult to get the closed form solutions. The
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ADMM is an approach for solving such problems by breaking them down into smaller parts that

are relatively easier to handle. It introduces equality constraints and makes it a convex form via

augmented Lagrangian [233]. Therefore, with the introduction of variable z ∈ CΛ and t ∈ C+, Eq.

(3.33), which was an in-equality problem is now can be written as:

argmin
x,z,t

u⊤x+
λ

t
(x⊤Lmx)(z

⊤Lmz), s.t x = z, (3.34)

and t = 1⊤z

Thus, Eq. (3.34) can be solved via introduction of augmented Lagrange formulation:

argmin
x,z,t,γ1,γ2

u⊤x +
λ

t
(x⊤Lmx)(z

⊤Lmz)) +
µ1
2
||x − z + γ1||22 +

µ2
2
||s − 1⊤z + γ2||22 (3.35)

Where, γ1 and γ2 are dual variables and µ1, µ2 are controlling parameters. This formulation allows

solving each variable while considering other variables as constant. An iterative optimization method

is adopted to solve this problem:

(i) Updating z : a sparse-matrix inversion based on Woodbury identity, solved via the preconditioned

conjugate gradients method [232].

(ii) Updating t: t is given by a closed-form solution of a cubic equation, and

(iii) Updating x: x is updated by solving a graph-cut problem using Boykov-Kolmogorov algorithm

[234]. The detailed mathematical formulation can be found in [232].

3.4.2 Results and discussion

3.4.2.1 Datasets

The proposed method is evaluated on two publicly available datasets.

CVC-ClinicDB: It contains 612 challenging images with ground truth, taken from 29 video se-

quences [159]. Some of the images from the dataset are shown in Figure 3.20. Visually different polyp

characteristics are seen in this database.

ETIS-Larib Polyp DB: It contains colonoscopy frames of size 1225×966 along with the correspond-

ing ground-truth masks. A total of 196 frames are available with this dataset [159].

For training the U-Net-based deep model, the following dataset is used.

CVC-ColonDB: This dataset contains 300 images of size 574× 500 with pixel-level annotated polyp

masks for each image [61].

Some of the example samples from the databases are shown in Figure 3.20.

96

TH-2722_156102005



3.4 Saliency Map-Guided Shape Compactness for Segmentation

Table 3.6: Segmentation performances comparision between adaptively thresholded saliency maps generated
using state-of-the-art methods and our proposed framework on both the datasets.

Methods
CVC-ClinicDB ETIS-Larib Polyp DB

DSC Precision Recall F1-score DSC Precision Recall F1-score

SDSP [172] 0.47 0.45 0.54 0.49 0.29 0.38 0.52 0.43
HDCT [235] 0.45 0.39 0.63 0.48 0.27 0.29 0.40 0.33
GBVS [236] 0.24 0.27 0.34 0.30 0.21 0.24 0.35 0.28

Saliency Map [237] 0.66 0.78 0.74 0.75 0.62 0.72 0.79 0.74
SDSP+SC 0.53 0.43 0.67 0.52 0.41 0.49 0.51 0.50
HDCT+SC 0.49 0.45 0.65 0.53 0.34 0.51 0.44 0.47
GBVS+SC 0.43 0.34 0.52 0.41 0.30 0.31 0.47 0.44

Saliency Map+SC 0.71 0.75 0.78 0.77 0.63 0.61 0.79 0.68

Figure 3.20: Some of the image samples; top row images are from CVC-ClinicDB and bottom row images are
from ETIS-Larib Polyp DB.

Our method provides a competitive segmentation performance compared to the existing methods.

Our approach uses the polyp shape in compactness prior, and the saliency map generated using global

features in a colonoscopy frame. Therefore, both geometrical and textural information is utilized in

the proposed approach. Polyps have markedly different colors and textures compared to the non-polyp

regions. The U-Net extracts this information to generate probable salient regions for the polyps. The

saliency map gives approximate polyp boundary information. Using the shape of the polyp as prior

information to the already generated saliency map, we could able to delineate the polyp boundaries

perfectly. The U-Net is very efficient in medical image segmentation. The efficiency of the segmentation

is further enhanced with the introduction of shape compactness prior to the framework.

In our work, the segmentation of endoscopic polyps is done by formulating an energy minimization

problem. The energy terms as in Eq. (3.29) are solved by the ADMM. The equation consists of a unary

potential term and shape constraint term. The probability map which accentuates the polyp regions
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3. Polyp Segmentation

Figure 3.21: Polyp segmentation results on some image samples; from left to right –1st column: Colonoscopy
frame, 2nd column: Saliency map using SDSP, 3rd column: Ground truth, and 4th column: ADMM segmentation
results.

Figure 3.22: Qualitative performances of polyp segmentation: (a), and (e) Colonoscopy frames; (b), and
(f) Corresponding ground truth masks; (c), and (g) Saliency maps generated using U-Net; (d), and (h) Final
segmentation results using SC.

represents the unary-potential term. Figure 3.21 shows the qualitative results of segmentation using

our proposed algorithm on some image samples. The saliency maps shown in this figure are generated

using a state-of-the-art SDSP method [172]. Any model that generates the probability map can be

used as the unary potential term in the objective function as given in Eq. (3.29). A better saliency
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Table 3.7: Comparision of segmentation performance with different baseline models and other individual
models on CVC-Clinic Database

Method DSC Pre Rec F1
MSA-DOVA [176] 0.362 - - -
SA-DOVA [159] 0.553 - - -
FCN8 (2 class) [77] 0.674 - - -
Shape-UCM [161] 0.657 - - -
GPB-OWT-UCM [177] 0.611 - - -
Saliency Map [237] 0.660 - - -
DT-WpCNN [116] 0.809 0.815 0.728 0.769
LGWe-LSM [116] 0.754 0.778 0.725 0.750
FCN (32 s) [238] 0.643 - - -
FCN (16 s) [238] 0.689 - - -
CPFNet [239] 0.801 - - -
U-Net [175] 0.767 0.798 0.659 0.721
ResNet50 [240] 0.718 0.704 0.612 0.654
Hybrid-CNN [114] 0.834 - - -
Polypnet [116] 0.839 0.836 0.811 0.823
Proposed 0.821 0.801 0.721 0.759

Table 3.8: Comparision of segmentation performance with different baseline models and other individual
models on ETIS-Larib Database

Method DSC Pre. Rec. F1
Saliency Map [237] 0.6301 0.685 0.702 0.6929
FCN (32 s) [238] 0.610 - - -
FCN (16 s) [238] 0.645 - - -
CPFNet [239] 0.765 - - -
U-Net [175] 0.702 0.756 0.689 0.720
ResNet50 [240] 0.708 0.687 0.645 0.665
Hybrid-CNN [114] 0.812 - - -
Proposed 0.756 0.786 0.678 0.728

map would produce a better final segmentation score, which can also be validated from the quantitive

and qualitative results. Our method employed the U-Net architecture to generate the probability map

as the unary potential energy. The detail of the network architecture is given in [175]. The other

energy term is given by length − squared to area shape constrained prior. The energy is minimized

by ADMM optimization. The parameters used in the experimentations are: µ1 = 200, and µ2 = 50.

The compactness regularizer λ was set at 5000. For calculation of shape compactness prior, σ=25 was

taken. As given in [241], the ADMM parameters are very stable and do not change the results with

the change of these parameter values. A detailed study on finding segmentation results using different

probability maps is done in our work.

HDCT [235], and GBVS [236] which are some of the efficient state-of-the-art methods for the
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generation of probability maps are considered for comparative analysis. After the generation of saliency

maps, otsu’s method is used to find the optimal threshold value of segmentation for these methods [235]

[242]. The segmentation performance of all these methods is given in Table 3.6. To further improve

the segmentation performances, the shape compactness prior was added and formulated using the

ADMM. The improvement in results is reported in Table 3.6.

To justify the impact of our proposed framework on each of the approaches, we compared the

segmentation performance of our model to each of individual methods as well as certain baseline

CNN’s often used in the medical image analysis, namely U-Net [175] and ResNet-50 [240]. Each of

the metrics quantifies and assesses the segmentation method’s effectiveness. For each of the tabulated

methods, Table 3.7 shows the mean DSC, Precision, Recall, and F1-score. Our technique outperforms

most of the existing methods in terms of different parameters. Overall, the performance of our

suggested approach is comparable to that of state-of-the-art methods. The CVC-ColonDB dataset is

used for training, whereas the CVC-ClinicDB is used for testing. It is to be mentioned that the CVC-

ClinicDB database is the extension of the CVC-ColonDB database. In the original experimentation,

non-overlapping images are kept in training and testing sets. The CVC-ColonDB was split, 80% was

kept for training, and the rest was used to validate the proposed model. We achieved a DSC of 0.867

and an F1 score of 0.789 on the validation set consisting of 60 images. Similarly, On the ETIS-Larib

database, we achieved a DSC and F1 score of 0.801 and 0.786, respectively, on the validation sets

with a similar split. Different shapes of the polyps will have a negligible effect on the segmentation

performances by our proposed approach. Our proposed model uses both the saliency map and shape

compactness for the polyp segmentation. Most of the polyps have circular or ellipse shapes. Therefore,

the proposed SC prior to the saliency map works well. Figure 3.21 and Figure 3.22 demonstrate the

proposed approach’s segmentation performances on some of the colonoscopy frames. The DSC for

(a) (b) (c) (d) (e) (f)

Figure 3.23: Polyp segmentation on some example samples with different polyp shapes; (a), (c), and (e) Raw
images, (b) (d) and (f) corresponding generated segmentation mask.

Figure 3.23b, 3.23d and 3.23f are 0.93, 0.91, and 0.871 respectively.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 3.24: Improper polyp segmentation in some example samples of both the datasets; (a)(e) raw images,
(b)(f) ground-truth masks, (c)(g) saliency maps, (d)(h) obtained segmentation results.

To provide a fair comparison of our method, we compare our results with some of the most recent

state-of-the-art methods. Most of the methods in the literature used Narrowband image (NBI) images.

Texture and other features are more visible in NBI polyp images [243,244]. Methods used in [161,177]

use NBI images. Other methods in the table used the CVC-ClinicDB database for validation of their

methods. A direct comparison of our results with the state-of-the-art methods is given in Table 3.7

and 3.8. Some qualitative performances of the proposed method is given in Figure 3.22. The proposed

method achieves a mean Dice value of 82.11%, which is very competitive with the state-of-the-art

techniques. Our proposed model fails when the polyp is visually indistinctive from the background.

Figure 3.24 shows the poor segmentation results obtained by our proposed method. The polyps are

texturally indistinctive from the background. The role of the shape compactness prior is negligible in

these two cases. Therefore, our proposed approach works well when both the texture and shape are

visually distinctive.

Statistical analysis is carried out to validate the effectiveness in performance of our approach

compared to the base models. This involves comparing the histogram of the polyps’ ground-truth (GT)

masks with the obtained masks by our proposed method. In our analysis, Chi-square (χ) distance is

adopted to quantify the matching between two histograms. Let h1 and h2 be two histograms, the χ
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Figure 3.25: Comparative distribution of number of images vs Chi-square values obtained using histogram
comparison.

is computed as:

χ(h1, h2) =
∑
I

(h1(I)− h2(I))
2

h1(I)
(3.36)

The low value of the metric corresponds to a better match of the two histograms. The χ values are

divided into two ranges. Figure 3.25 shows that 63.89% of the test images significantly match with

their corresponding ground truths and attain a χ distance of less than 0.005. However, only 59.39%

of the test images attain such χ range for the U-Net. Similarly, in the case of the Resnet50 model,

only 51.23% of the test images achieve such χ range. From Figure 3.25, it can be concluded that our

method is better suited for polyp segmentation compared to the base models.

3.4.3 Conclusion

In our method, shape compactness prior is used to detect the ROI of arbitrary polyp shapes. Salient

object detection is a method to accentuate the object of interest. A deep U-Net-based CNN model

is used for saliency detection in our approach. Segmentation is formulated by energy terms given by

a probability map and compactness prior. To solve the energy function, ADMM is used, which is

efficient and fast. A series of comparative tests using the publicly available datasets of colonoscopy

polyps are used to assess the effectiveness of our method. Compared to the state-of-the-art methods,

the experimental results suggest that the proposed technique has competitive performance. Our
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segmentation method can be used for colonoscopy image analysis. In the future, other priors can also

be considered for our model to detect salient regions and may help in better polyp detection.

3.5 Summary

Three methods are proposed in this chapter to solve the segmentation problem for different scenarios.

The first approach can select clinically relevant frames followed by the segmentation of polyps. This

technique provides a preliminary study on the MDE. This method applies to the advanced staged large

polyps needing immediate clinical attention. However, the small and patchy polyps may progress to

malignancy over time. The analysis of these polyps is also crucial for early diagnosis. Therefore, an

MRF-based technique is proposed, utilizing the polyp pixels’ color, texture, and spatial information

to segment different polyp structures. However, textureless and nascent polyps may sometimes get

unsegmented with this method. The polyp shape information is also incorporated with the extracted

deep features to leverage this.

The clinicians comprehensively analyze the detected polyps to find cancer in them. However,

the similarity in pathological manifestations across diseases makes polyps’ manual inspection and

annotation cumbersome and inefficient. The polyp characteristics may not always be visible to the

human eye, and diagnostic information may be ignored, making the wrong diagnosis. To salvage this,

An automated polyp classifier for polyp classification, i.e., adenoma (malignant) and hyperplastic

(benign), is provided to solve the problems mentioned above. Further, a method is devised for the

automated grading of dysplasia on histopathological polyp images. The details of the methods are

discussed in Chapter 4.
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4. Polyp Classification

Objective

During the colonoscopy, the doctors extract the polyp regions. Then, they analyze different charac-

teristics of these regions, such as geometry (shape and size), the surface of the polyp (texture), color

(blood traces), boundary (smooth or wavy), etc., to classify them into different grades of carcinoma.

Sometimes such features, especially the texture features are not visible in the frames, making it very

difficult to decision making. Sometimes the diagnostic information gets overlooked because of suscep-

tibility to the error of omission. Manual inspection of a large number of frames needs enormous effort

and time. In this chapter, automated polyp classifiers are proposed for two-class polyp classification,

i.e., adenoma (cancer) and non-adenoma (non-cancer), to circumvent the above difficulties. In the

first approach, the shape and texture features are effectively extracted to discriminate the polyps types.

To extract features from the small and imbalanced dataset effectively, we adopted a similarity learning

approach based on the Triplet network in our second approach. Further, fusing the shape features with

the extracted embeddings from the Triplet network enhances the classification performance. The last

work in this view is based on the classification of polyps from the polyp histopathological images, which

are generally used in a clinical setup.

4.1 Introduction

Texture feature analysis is very important in polyp classification. The texture descriptors are capable

of characterizing the polyps. In this work, we are concerned about polyp classification, and hence

literature study is confined only to this domain. Handcrafted feature learning-based methods for

classification are inevitable when the dataset is in paucity. In [124], Stehle et al. used vascularization

features for colon polyp classification in endoscopic images. Condessa et al. [125] used curvature

features for detection and classification of colorectal polyps. Fu et al. [126] used texture features taken

from both the spatial domain and spectral domain. They applied principal component transform

(PCT) and extracted the texture features from the first component of the PCT. Reduced feature

dimension set was prepared using sequential forward selection (SFS) and sequential floating forward

selection (SFFS) algorithms for classification using SVM. Hafner et al. [127] proposed local texture

properties using 1D histogram using similarity of neighboring pixels. The compact colour vector

features were classified using the k-nearest neighbor classifier. Mesejo et al. [128] used combination of

features for better representation of polyp features. They used texture features and 3D features for
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classification of polyps. In [129], Wimmer et al. used wavelet-based features for polyp classification.

Engelhardt et al. [130] proposed Color-GLCM features and SVM classifier for the task. In [131], Bag of

words (BOW) descriptors with spatial pyramid matching (SPM) were used. Some deep-learning-based

methods along with their performances are elaborately discussed in section 4.2.2. These methods

discussed above mainly used global features for polyp classification. In most of these methods, a

particular feature descriptor is used which may not be sufficient for the complete characterization

of polyp features. Also, Most of the methods are experimented on a very limited dataset. The

performances of these methods are not satisfactory. The rest of the chapter is organized as follows.

A local shape and texture features based approach is discussed in section 4.2. Section 4.3 describes

a feature fusion based approach for polyp classification. Section 4.4 describes our third standalone

approach on the proposed GAN model. Finally, the summary of the chapter is provided in section

4.5.

4.2 Local Shape and Texture Features for Classification

In our earlier work [174], we used Gabor filter banks in the initial stage, followed by discrete cosine

transform (DCT) upon the sub-bands. The square of the DCT coefficients calculated on all the Gabor

filter sub-bands is considered the energy. The DCT coefficients derived from all the sub-bands are

fused to form the feature vector. Local binary pattern (LBP) as texture features is also used. The

malignant polyps are expected to have more texture on their surface than the benign polyps. However,

the method fails to characterize the polyp features efficiently. An accuracy of 74.03% was achieved with

this method. The texture features are more prominent on different scales; therefore, multiscale feature

representation can better characterize the polyp texture features. Polyp shapes impart discriminant

features among the polyp classes. Therefore, this feature can also be utilized along with the texture

features.

In our proposed method1, the texture feature imparted by the surface roughness is described by the

fractal weighted local binary pattern (FWLBP) descriptor. The FWLBP is a variant of LBP, where

the histogram is given by LBP, weighted by the fractal dimension (FD). The shape and irregularity of

the surface are quantified by the pyramid histogram of oriented gradient (PHOG) features. The PHOG

features represent the local shape by using a histogram of oriented gradient (HOG). For the selection

of important features, a fuzzy entropy-based algorithm is deployed. Support vector machines (SVM)

1This work has been published in IEEE Access, 2021 (Refer List of publications page for details).
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Figure 4.1: The proposed framework (DB1: database 1 and DB2: database 2, C1: Class 1 (benign) and C2:
Class 2 (malignant)). DB1 contains NBI, Dye and white light images, whereas DB2 contains NBI and whitelight
images.

and RUSBoosted tree classifiers are used for polyp classification. K-fold cross-validation technique is

adopted to avoid over-fitting. The proposed method can do real-time polyp classification. The feature

descriptors employed in our work are robust to affine transformation and mild illumination variations.

Our proposed method gives better performance on samples taken from all the endoscopic modalities.

Endoscopic videos are captured under different geometrical positions/transformations and lighting

conditions, and our proposed feature representation scheme shows the robustness and adaptation for

all these cases. The rest of the work is organized as follows – Section 4.2.1 gives the schema of the

proposed work. Results and discussions are explained in section 4.2.2. Finally, section 4.2.3 concludes

the work.

4.2.1 Proposed Method

All the steps and methods applied in our proposed method are briefly discussed in the following

sub-sections. The proposed framework is shown in Figure 4.1.
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4.2.1.1 Pre-processing and ROI extraction

Classification of polyps requires some pre-processing, in which region of interest (ROI) is extracted

from each of the frames. The frames from the endoscopic video sequence are detected, which have at

least one polyp. Then, the ROI can be segmented automatically or manually. In this work, the polyp

regions are segmented manually by an expert in this domain.

4.2.1.2 Shape descriptor PHOG

The shape is an important attribute in detecting malignancy in polyps. The shape of the polyp

boundary, irregularities in the surface of the polyp region, etc., are general shape attributes. The

shape features are generally classified into two categories− region-based and contour-based. The

region-based shape descriptor encapsulates the shape information by considering all pixels in a region.

On the contrary, the contour-based shape descriptor only provides shape information of the boundary

of the ROI.

In our method, a region-based descriptor is used. The local shape of the polyp is captured based

on distribution over edge orientations within a region and spatial layout. This information is obtained

by tiling the image into regions at multiple resolutions based on spatial pyramid matching [245].

The descriptor consists of a histogram of orientation gradients over each image subregion at each

resolution level - a pyramid of histograms of orientation gradients (PHOG). The histogram of edge

orientations within an image subregion encapsulates the local shape information. The contribution

of each edge is weighted according to its magnitude, in a manner similar to SIFT [246]. Each bin

in the histogram represents the number of edges that have orientations within a certain angular

range. This representation for regions is referred to as histogram of orientated gradient (HOG) [247].

Spatial pyramid matching [245] (SPM) is used to incorporate spatial information in the HOG vectors.

The HOG vector is computed at each pyramid resolution level (L). Finally, all the HOG vectors are

concatenated to represent the PHOG descriptor. The dimensionality of the PHOG descriptor for the

entire image is given as:

K ∗
L∑
l=0

4l (4.1)

The histograms of the same level are concatenated into one vector. All vectors at each pyramid

resolution are concatenated to get the final PHOG descriptor. In our case, we set K = 8 and L =

3. Hence, our PHOG descriptor is of length 8 × (1 + 4 + 16 + 64) = 680. The bins are angular
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Figure 4.2: Extraction of PHOG features from a colonoscopic polyp image sample. Grids at three pyramid
resolution in the original image; concatenation of all the HOG vectors in three pyramid resolutions to obtain
the PHOG features of a sub-image.

orientation of the edge features calculated using canny edge detector in our method. The HOG vector

is calculated at each pyramid resolution level (L). Figure 4.2 describes the HOG vector calculated at

each pyramid level. The histogram of edge orientations within an image sub-region encapsulates local

shape information. The PHOG descriptor is normalized to sum to unity. This ensures that texturally

rich images with more edge strength, or are larger, are not weighted more strongly than others.

4.2.1.3 Texture and shape decriptor FWLBP

Texture patterns of a polyp play an important role in classification. The doctor analyzes the surface

irregularity and roughness of a polyp before taking any pathological interpretation. An ideal model

must be robust to view-point alteration, illumination variations, rotation, reflection, scale change,

and geometry of the underlying surface. All the mentioned cases are commonly encountered dur-

ing colonoscopy. In [248, 249], local texture descriptors are used to achieve local invariance. The

multi-resolution analysis represents image features as coefficients along multiple scales, directions,

and resolutions [250–252].

The FWLBP descriptor is robust to scale, rotation, and illumination variations. The invariance

property of FWLBP is due to an interesting characteristic shown by the fractal transformation, which

is invariant under bi-lipschitz transform. Any traditional transform (like translation, rotation, scal-

ing, and viewpoint change) is a bi-lipschitz transform [253]. During a colonoscopic procedure these

transformations are commonly encountered in different polyp frames, and the descriptor should be

robust to all these transformations. Our proposed FWLBP is robust to these transformations. To

experimentally validate this, we manually introduced all the transformations in the polyp frames, and
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Figure 4.3: Illustration of the robustness of FWLBP histograms to different image transformations; (a)
Rotation (b) Scale (c) Illumination.

subsequently, the FWLBP features are extracted. The histogram plots of the original frames and the

respective transformed images are analyzed, and it is seen that the histogram plots of the transformed

images are identical to the respective histograms of the original polyp frames. Song et al. [254] used

histogram plots to illustrate the invariance properties of their proposed feature extractor to the trans-

formations. Similarly, Roy et al. [255] employed histogram plots to elucidate the invariance property

of their proposed features. Figure 4.3 shows different transformations of polyps and the correspond-

ing histograms of the extracted FWLBP descriptors. This analysis shows that FWLBP is robust to

different image transformations.

A texture can be defined as a geometric multiscale self-similar structure like a fractal dimension

(FD) or LBP. In our proposed work, the FWLBP descriptor is used as the feature descriptor, as it

can give a promising performance under scale, rotation, reflection, and illumination variation. Also,

the fractal model can be used to obtain shape information [256]. The fractal dimension in the image

possesses the characteristics of the self-similar texture pattern. It characterizes the roughness and

shape of the geometry. Let us consider a bounded set B in an n-dimensional euclidean space S. The

set B is said to be self-similar when B is the union of Nr, distinct (nonoverlapping) copies of itself

each of which is similar to B scaled down by a ratio r. It can be written as [257]:

1 = Nr(b)r
D(b) or D(b) =

logNr(b)

log 1
r

(4.2)

where, D(b) is a density function. The density function represents the fractal dimension (FD). For a

2-D structure, if we magnify it by R = 2, we would get Nr = 4 (N = R2) copies of the 2-D structures.
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Similarly, if we take R=3, we would get 9 structures i.e., Nr = R2. Thus, without loosing generality,

for a D dimensional figure, if the magnification factor is R than the resultant copies will be N = RD.

Taking log on both sides, we would get D=logN/logR, which is represented in Eq. (4.2), where R

=1/r of Eq. (4.2) and Nr is the number of identical or self duplicating copies of the fractal. From Eq.

(4.2), it is difficult to calculate D directly. Several methods have been proposed, but our work adopts

a differential box-counting (DBC) method to find the FD images. Before applying DBC, the images

are stacked into pyramids using Gaussian scale-space with variance r to achieve scale-invariance as

per Eq. (4.3).

Λx,y,r = Gr(x, y, r) ∗ I(x, y) (4.3)

where,

Gr(x, y, r) = Gr(x)Gr(y)

Gr(x) =
1

r
√
2π

exp
−||x||2

2r2
, and Gr(y) =

1

r
√
2π

exp
−||y||2

2r2

After constructing the Gaussian scale space, the DBC algorithm is applied to each layer of the scale

space. The resultant intermediate images are combined into the final FD images using a linear regres-

sion technique [258]. Let the image be represented by I(X×Y). The Gaussian pyramid Λx,y,r(X×Y ×L)

is generated from I(X×Y) with L levels with scaling factor ranging from [rmin......rmax]. The DBC

algorithm is implemented by applying a variable size non-linear kernel to image cells with fmax and

fmin are maximum and minimum intensity values. The kernel ki,j(m× n) is given by Eq. (4.4):

k(i, j) =
α∑

i=−α

β∑
j=−β

⌊
fmax − fmin

r

⌋
+ 1 (4.4)

where, r is the scaling factor of the layer l, and

α =

⌈
(
m− 1

2
)

⌉
, and β =

⌈
(
n− 1

2
)

⌉
(4.5)

⌊·⌋ and ⌈·⌉ are floor and ceil functions. α and β are used to centre the kernel on the pixel fx,y. The

output of the operation is given as:

Γ(x, y, r) =
α∑

i=−α

β∑
j=−β

k(i, j)Λ(x+ α, y + β, r)

(
L

r

)2

(4.6)

where, Γ(x,y,r) represents a matrix of intermediate images consisting of layers formed with kernel
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varying from rmin to rmax and is given by:

Γ(x, y, r) =



g11r g12r . . . g1Y r

g21r g22r . . . g2Y r
...

...
. . .

...

gX1r gX2r . . . gXY r


The pixel value F (x, y) of the FD image is given by the slope mx,y of the linear regression line between

Γ(x,y,r) and r. Let Φ be a vector, where element θ1 corresponds to first gray values of all layers and

so on.

Φ =



θ1

θ2
...

θX×Y


=



g111 g112 . . . g11L

g121 g122 . . . g12L
...

...
. . .

...

gXY 1 gXY 2 . . . gXY L


Then, the slope is calculated as follows:

λ1 =
∑

r2 −
(∑

r
)2

L
(4.7)

λ2 =
∑

rΦ−
(∑

r
)2(∑

Φ
)2

L
(4.8)

Finally, the FD image Fx,y(X × Y ) is given by:

F (x, y) = mxy =
x=X∑
x=1

y=Y∑
y=1

λ2
λ1

(4.9)

Feature representation using FD and LBP: Since the fractal dimension is a logarithmic function

(Eq. (4.2)), it deals with the effects of illumination, as the log function expands the values of darker

pixels and compresses the brighter pixels in the image. Thus, the proposed descriptor is insensitive to

scale, translation, rotation or reflection, and illumination change.

The entire process of feature set generation is shown in Figure 4.4. The FD images are generated

using different scales with the DBC technique [259] (Figure 4.4(b)). Figure 4.4(c) shows the generation

of LBP images using three sampling radius (1, 2, and 3) with N = 8, the number of samples. The

LBP value at pixel location (x, y) for a given R and N is given by:

LBPN,Rx,y =
N∑
n=1

2n−1 × sign
(
J (N=8,R)
x,y − α(x, y)

)
(4.10)
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Figure 4.4: Texture feature extraction using the proposed FWLBP (a) Input colonoscopic frame (b) Fractal
dimension (FD) image using spatial pyramid and DBC algorithm (different boxes are represented by different
colours) (c) LBP calculation for different sampling radius (R) (d) Weighted LBP image formed using FD weights
(e) Final feature representation.

where, the centre value α(x, y) of a mask of radius R is placed at location (x, y) with neighbour pixel

values given by Jx,y. To make the calculation simple, the value of N is taken as 8 with uniform

sampling distance.

This forms the LBP images. An indexing operation is performed to combine already formed FD

images with the LBP histogram to create the final histogram. The algorithm looks for the locations

in the LBP images LBPN,Rx,y which have the same pixel values jN,Rx,y . Then, it finds the FD values in

the corresponding locations of FD images and sums them up. The sum is the weight of the value jN,Rx,y

in the histogram.

FWLBPR,N (j) = T

(
LBPN,Rx,y , Fx,y, p

)
, j ∈ [0, 2N−1] (4.11)

where,

T

(
LBPN,Rx,y , Fx,y, j

)
=


∑

Fx,y, ∀ LBPN,Rx,y = j

0, otherwise

where, FWLBPR,N (j) gives weight j in the histogram. T (·) is an indexing operation to combine FD

and LBP. For final feature construction, all FWLBPR,N (j) are concatenated. The length of the feature

vector is of 768 dimensions (256 + 256 + 256) with R = 1, 2, and 3 with six levels of image pyramids
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Table 4.1: Initial parameter settings for PHOG and FWLBP

Descriptor Bin size (K) Pyramid level
(L)

Final feature dimension
(F1)

PHOG 8 3 680

Descriptor Radius size (R) Pyramid level Final feature dimension
(F2)

FWLBP 1, 2, 3 [2-7] 768

[rmin = 2 , rmax = 7]

In our proposed work, two feature representation schemes are employed. One using the PHOG

feature with dimensions 680, the other descriptor is FWLBP with feature dimensions 768. The final

feature is given by the concatenation of the feature sets. The features and the parameters of the

descriptors are given in Table 4.1.

4.2.1.4 Feature selection

Selection of the most discriminative features is very important in classification. In this work, the

final feature set is selected using a possibilistic method. A feature ranking algorithm based on fuzzy-

entropy for the selection of the final feature set is adopted in our work. In this approach, the features

are grouped into different sets at first, and subsequently their contribution to an assigned class is

evaluated [260]. The groups are then ranked according to their performances. Thus, it helps in the

selection of optimal features for classification. The selection is based on mutual information (MI)

between a particular feature (f) and class label (C). Fuzzy based feature ranking is performed in this

work. In doing so, fuzzy entropy based feature selection is applied for ranking the features. Based on

the ranking, feature dimensions of size k = 34, 68, 102, . . . , m have been designed, where m =

680 for PHOG and k = 48, 96, 144, . . . , 768 for FWLBP. The minimum number of features are

judiciously selected on the basis of large number of experimentations, and numbers are 34 and 48 for

PHOG and FWLBP, respectively. Feature dimension below these numbers would yield low accuracies.

Unlike other feature selection techniques like PCA, ICA, etc., our proposed method ranks the features

based on their contributions to an assigned class. The details of the technique is given below:

Let us consider a feature vector FV = {f1, f2, ....., fl}, where l is the number of features. Fuzzy

membership value that kth vactor will be in ith class is calculated as follows:
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µik =

(
∥fi − fk∥σ
r + ϵ

) −2
m−1

(4.12)

where, m is the fuzzification parameter and ϵ is a value to avoid singularity and σ is the standard

deviation. Finally, the membership of each of the samples in all the classes is normalized according to

c∑
i=1

µik = 1.

In case of total c numbers of classes, c numbers of fuzzy sets along each feature f needs to be

considered. Each of these reflects the membership degree in c problem classes. Fuzzy joint probability

of a particular feature vector belonging to a class c can be given by the formula:

P (f, ci) =

∑
k∈Vi µik

N
(4.13)

where, P (f, ci) gives the degree of contribution of a feature to a particular class. Vi indicates the

indices of the feature vector that belong to class i and N indicates the total number of patterns or

the dimension of feature vector. The joint fuzzy entropy of features of each class can be calculated as

follows:

H(f, ci) = −Pf,clogPf,ci (4.14)

The complete fuzzy entropy can be obtained as:

H(f, C) =
c∑
i=1

H(f, ci) (4.15)

Marginal entropy H(f) can be found as H(f) = −PfXi logPfXi , where Xi indicates the c numbers

of fuzzy sets and P (fXi) can be calculated as:

P (fXi) =

∑
k µik
N

(4.16)

Marginal class entropy H(C) = −Pci logPci . Then, mutual information (MI) between particular

feature and class label can be calculated using the formula:

MI(f ;C) = H(f) +H(C)−H(f, C) (4.17)
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4.2.1.5 Classification

The feature dimensions of the proposed descriptors are very high and the features are not linearly

separable in the feature space. Kernel-based Support vector machine (SVM) [261] can perform well

in such scenarios. For the SVM classifier, 10-fold cross-validation techniques are adopted for training

and testing. The MLP is trained with 70% of total samples and 15% samples are kept each for testing

and validation. The open database (DB2) contains a very small number of samples with a large class

imbalance. RUSBoosted tree is used as the classifier for the database, as it can handle the class

imbalance [262]. The details of the databases are given in section 4.2.2.

4.2.2 Results and discussion

The proposed work is validated with two databases, one is an annotated dataset by a medical prac-

titioner, and the other is publicly available. Our generated dataset (DB1) was developed by the

Department of Gastroenterology, Aichi Medical University Hospital, Nagakute, Japan, under the su-

pervision of Dr. Kunio Kasugai. The images were acquired with the consent of the subjects and by

following proper ethical protocols. Strict guidelines and regulations were followed while generating the

database. He classified the acquired polyps into two classes, namely malignant and benign. The Aichi

Medical University ethical committee has approved this clinical study (January 15, 2018; Approval No.

2017-H304). The institutional review board of Aichi Medical University Hospital approved the collec-

tion of the data. The other dataset (DB2), a colonoscopy video dataset [128] is publicly available in

Table 4.2: Details of the datasets. C1: benign and C2: malignant

Database Type Class Total frames

DB1 NBI, WL, and Dye
C1 373
C2 208

DB2 NBI and WL
C1 NBI-21/WL-21
C2 NBI-40/WL-40

the url: http://www.depeca.uah.es/colonoscopy_dataset/. DB2 consists of video sequences from

three classes, namely, adenoma (malignant), hyperplasia (benign), and serrated (intermediate stage).

We only considered the adenomatous and hyperplastic polyps in order to compare with DB1. The

details of the datasets are given in Figure 4.5 and Table 4.2. The ROIs were manually segmented from

the frames by the experts.
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Figure 4.5: Dataset with sample images (C1: benign and C2: malignant samples): Sample frames of both the
classes; In DB1: 1st, 2nd, and 3rd column samples are NBI, WL and Dye images, respectively. In DB2: 1st and
3rd images of each row are NBI and WL, respectively, and 2nd and 4th images are the ROI of the corresponding
frames.

4.2.2.1 Feature set design and final classification

Let F1= {f1, f2, ..., f680}, and F2={f1, f2, ..., f768} represent feature vectors for PHOG and FWLBP,

respectively. Initially, classifications are performed for the two databases considering all the feature

dimensions of the two descriptors. Individual performance and performance after combining F1 and

F2 are also analyzed. Results are shown separately for shape features, PHOG F1 and texture and

shape features, FWLBP F2 for both the datasets. Polynomial kernel-based SVM (Quadratic SVM),

Gaussian RBF SVM, and MLP classifiers are used in the assessment of classification performances.

An analysis of classifier performances are given in Figure 4.6 and Figure 4.9.

MLP was trained with 70% samples and 15% samples were kept each for testing and validation.

For DB2, 50% of total samples were used for training and 25% each for testing and validation. Using

PHOG feature, the average best accuracy is given by RBF SVM, which is 74.5% and 67.2% for DB1

and DB2, respectively. Similarly, the result for FWLBP is 80.8% and 78.2% for DB1 and DB2,

respectively. With the combination of both features, the performance is improved for both datasets.
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(a) (b) (c)

Figure 4.6: Accuracies using proposed features for different classsifiers (a) PHOG (b) FWLBP (c)
PHOG+FWLBP.

Table 4.3: Final classification results for DB1

Original feature dimension Reduced feature dimension Accuracy

PHOG 680 170 78.6

FWLBP 768 432 82.2

PHOG+FWLBP 1448 800 84.1

Then, we introduced some feature selection methods. Also, from the above analysis, it is clear that

SVM performance is better than MLP across the databases.

The statistical significance test is generally performed in big data analysis to know the contribution

of attributes along different independent factors. Thus, the significance of each of the variables in the

two feature vectors F1 and F2 along the two classes are studied. ANOVA (Analysis of variance)

test was conducted where the values of the features are taken as the dependent variables (DVs) and

class as a constant factor. The last column i.e., sig of the output ANOVA test result is analyzed. If

this value is less than equal to 0.5, then the particular variable seems to be contributing more in the

Table 4.4: Final classification results for DB2

Original feature
dimension

Reduced feature
dimension

Accuracy
(RBF SVM)

Accuracy
(RUSBoosted
Tree)

PHOG 680 136 85.2 87.2

FWLBP 768 384 80.2 81.8

PHOG+FWLBP 1448 500 86.6 90.16
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Figure 4.7: Fuzzy entropy based feature selection; first row left PHOG on DB1, and right PHOG on DB2,
middle row left FWLBP on DB1, and right FWLBP on DB2, bottom row left PHOG+FWLBP on DB1, and
right PHOG+FWLBP on DB2.

classification according to the null hypothesis. The statistical significance test using one-way ANOVA

was done using GNU PSPP, version 0.8.5-5. The result shows that with FWLBP for DB1, most of the

variables reject the null hypothesis with sig. value, p=0.000. The PHOG features also have a similar

kind of response. Similarly, ANOVA for both the feature representation schemes F1 and F2 showed

that the overall influence of DVs are highly significant for PHOG and FWLBP for DB2. For DB2,

ANOVA for PHOG descriptor gives a better result than FWLBP, where, p=0.016 for the FWLBP

and most of the variables do not satisfy the null hypothesis. The test suggests that both the feature

representation schemes are important and it suggests the requirement of feature optimization, i.e.,

feature selection. The feature selection based on fuzzy entropy is given in Figure 4.7. The change in

feature dimension and accuracy are given in Table 4.3 and Table 4.4. The performance using AUC

for both the datasets is given in Figure 4.8
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Figure 4.8: Performance analysis using AUC for both the databases (a) DB1 (b) DB2.

4.2.2.2 Comparision

Deep learning-based methods have been recently used in medical image and video processing. Many

researchers have recently started deploying deep models for polyp classification. These techniques

generally require a large number of labeled training samples. However, the performances of these

models are not so satisfactory due to the non-availability of annotated endoscopic databases. That

is why, transfer learning approaches have been used to address the polyp classification problem. In

the transfer learning approach, learned features of the existing models are used, and subsequently

they are finetuned for polyp classification. However, the transfer learning method is not generally

suitable for endoscopic image classification as real-time patient and device-specific endoscopic images

are sometimes different from the images obtained by transfer learning. That is why, any model can

give a very good performance during training, however, the same model may miserably fail during

real-time polyp classification. Some of the existing deep learning-based polyp classification techniques

are highlighted below.

Not many very promising methods are reported in the literature because of the unavailability of

publicly available annotated data of colonoscopic polyps, and that is why it would not be possible to

do the comparative analysis for different texture features. Mostly, handcrafted features are employed

for polyp classification. Texture features are very important as endoscopists comprehensively analyze

the texture patterns for finding dysplasia in polyps. The existing texture feature descriptors are
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Figure 4.9: Performance analysis before and after feature selection (a) accuracy using RBF SVM for both the
databases (b) comparision of accuracies for SVM and RUSBoosted tree classifiers for DB2.

also studied in our work. Song et al. [254] proposed locally encoded transform feature histogram

(LETRIST) for texture classification. In [263], local grouped order pattern (LGOP) and nonlocal

binary pattern (NLBP) operators were proposed for texture description. LGOP encodes the group-

wise intensity order relationships and NLBP computes several anchors based on global image statistics

and progressively encodes non-local intensity differences between the neighboring sampling points and

anchors. Finally, LGOP and NLBP were combined to construct discriminative histogram features

as LGONBP texture descriptor. Polyp classification results for some of these methods are shown in

Table 4.5. In all of these methods, SVM is used for classification.

Table 4.5: Comparision of classification performance with different texture descriptors using SVM classifier

Method Accuracy % (DB1) Accuracy % (DB2)

LBP 70.5 72.2

HOG 64.5 68.9

GLCM 71.5 70.5

LETRIST [254] 78.5 80.2

LGONBP [263] 82.1 83.2

FWLBP [255] 82.2 80.2

The method proposed in [134] fuses three types of features –transfer learning features, fully trained

CNNs features, and classical hand-crafted features. The combined features give a classification ac-

curacy of 93.22%. The combined features used in their method are CNN-M MCN, VGG-VD16, and
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Table 4.6: Comparative study of polyp classification accuracy between the baseline deep learning models and
our proposed method

Average accuracy
Proposed 90.16
VGG16 82
VGG16 fine-tuned 90
VGG19 70
VGG19 fine-tuned 89
MobileNet 90.11
ResNet50 68
ResNet50 fine-tuned 72
Inception-V3 90.02

blob shape adapted gradient using the local fractal dimension (BSAG-LFD). However, the extraction

of altogether three different types of features increases the computational burden. Also, the model is

tested on the dataset taken from high definition modality, where many image features like contrast

and tone of the vascular tissues are clearly discriminable, which might not be available in the images

captured by general endoscopic modalities. In [135], per-class data augmentation is adopted to tackle

an unbalanced class distribution to improve classification and thereby improved classification accuracy.

The classification accuracy of this method is 90.2%. Golhar et al. [136] proposed a semi-supervised

learning approach for lesion classification in endoscopic images. They introduced a jigsaw puzzle solver

into a semi-supervised learning model which uses an encoder to generate discriminative features. The

classification accuracy of their method is 79.76%, which is tested on their own dataset. We earlier

proposed a GAN-generated synthetic image augmentation scheme, followed by a conventional CNN

for polyp classification [137]. Two databases were used to validate our method. One is a publicly

available database and other one is our own generated database. The polyp ROIs were manually

extracted from the colonoscopic video frames under the supervision of an expert in this domain. The

classification accuracy of our method was 88.33%. Since a limited number of training samples are

publicly available at present, deep learning approaches would not be suitable for handling this classi-

fication problem. A comparative study of polyp classification accuracy between our proposed method

and the state-of-the-art deep learning-based methods is shown in Table 4.6.

To have a fair comparison of our method, we selected only those existing works which are related

to the classification of the polyp. We selected the DB2-NBI database as it is widely used in the

existing works. Also, only the classification of benign and malignant are considered for comparison.

The comparative results with the state-of-the-art methods are listed in Table 4.7. It is observed from
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Table 4.7: Comparison with the existing works

Accuracy Sensitivity Specificity Precision Recall F-Score

Proposed 90.16 92.50 85.71 92.50 92.50 92.50

2D texture+3D [128] 89.47 94.55 76.19 91.23 94.55 92.86

LoG [264] 84.21 90.91 66.67 87.72 90.91 89.29

Color GLCM [130] 64.47 74.55 38.10 75.93 74.55 75.23

BoW+SPM [131] 73.68 98.18 90.52 73.97 98.18 84.38

Table 4.7 that the proposed work outperforms the existing works in colonic polyp classification.

4.2.3 Conclusion

This work proposes using the shape and texture features of the polyps to classify the stages of dyspla-

sia. For this, the local polyp shape features are extracted using PHOG, and the local texture features

are extracted using FWLBP. The endoscopic video frames are prone to affine transformations. So,

the characteristics of the polyp may be perceived differently for different ambient conditions. SPM

and FD were incorporated with this framework to deal with this problem. A feature ranking algo-

rithm based on fuzzy entropy is adopted for feature selection. The final assessment using different

performance matrices establishes the efficacy of the proposed work. This method is also applied to

our own dataset, which contains images from all the three modalities, viz., NBI, WL, and Dye. The

consistency in performance demonstrates the robustness of our method. Thus, the selected features

can serve the purpose of accurate polyp classification for different modalities. Deep learning-based

polyp classification methods have a big challenge due to the lack of extensive and publicly available

annotated databases. On the contrary, our method can be deployed to both offline and real-time

colonoscopic polyp classification.

Though the proposed method achieves an acceptable accuracy, the learned texture features may

not be sufficient to discriminate between polyp classes. The idea is to learn distributed embeddings

representation of data points so that contextually similar data points are projected in the nearby

region in the low dimensional vector space. In contrast, different data points are projected far away

from each other. This technique, therefore, extract such features from the polyp classes that ensure

inter-class separability. Thus, our next approach would investigate the effectiveness of the learned

features via a similarity learning framework.
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4.3 Feature Fusion-based Approach

During the colonoscopy, the captured video frames are stored in a computer system for further analysis

in the future. However, real-time analysis of colonoscopy video frames can lead to better diagnosis

and early treatment. Also, the decision support system must automatically detect any abnormality

in the frames. Therefore, the first stage of our current work focuses on handling real-time data for

automatic detection and localization of polyps in the colonoscopy frames. For this, a deep learning-

based attention YOLOv4 model was proposed in Chapter 2. Following the identification of polyps,

endoscopists split off the polyp areas and vividly access them for cancer diagnosis. An automated

polyp classifier for two-class polyp classification, i.e., adenoma (malignant) and hyperplastic (benign),

is provided in this work.

Hand-crafted feature learning approaches were used in the early research on automatic polyp

categorization from colonoscopy frames [128,130,131,264,265]. The inconsistency of these approaches’

performance in terms of repeatability is a drawback. Furthermore, the generalizability and robustness

of these techniques cannot be guaranteed because pathological situations vary greatly even within the

same modality’s dataset. Also, a huge domain knowledge is required to characterize the discriminating

features of the polyps. Deep learning-based techniques are better at handling such variances and give

a high degree of generalisation. As a result, there has been an increase in interest in using such

models in medical image and video processing especially in polyp classification [132–136]. However,

one of the primary drawbacks of these methods is that they require a large quantity of labelled data

during training in order to get relatively good classification performance. Large-scale polyp databases,

on the other hand, are harder to achieve by. The wide range of imaging methods and processes, as

well as privacy concerns and a lack of medical integration, may provide a number of obstacles in

obtaining high-quality, large-scale polyp images. In light of these issues, we suggested a classification

technique that does not necessitate the use of large amounts of labelled data. We’ll illustrate how

the non-linearity of a small, imbalanced dataset may be correctly described by the features learned

via our proposed network. For classification of the localized polyps, we propose using the Triplet

network architecture and its related triplet loss to learn non-linear representations between polyps.

We show that the learned features may be used as a highly discriminative basis for machine learning

models. We compare our findings to those of prior research and show that the features acquired

by a Triple Network can characterize the non-linearity of a small dataset, making them acceptable
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for use in a linear classifier. In addition, integrating deep and handcrafted features improves polyp

classification efficiency. For deep features, we employed a triplet network based on siamese architecture

and the handcrafted features were extracted using pyramid histogram of oriented gradient (PHOG).

As discussed earlier, texture and shape information of polyps play a vital role while dysplasia grading

by the endoscopists. In our proposed framework2, the triplet network helps to learn distributed

embedding by the notion of similarity and dissimilarity whereas the PHOG extracts the shape and

texture information of the polyps [265]. The suggested classification approach is shown schematically

in Figure 4.10. The rest of the work is organized as follows. Section 4.3.1 discusses the proposed

methodology. The experimental results and conclusion are given in section 4.3.2 and section 4.3.3,

respectively.

Figure 4.10: Proposed polyp classification approach.

4.3.1 Proposed method

The fusion of complementary features can boost the performance of a classifier. The proposed approach

discusses the effect of combining embeddings and hand-crafted features on polyp classification.

4.3.1.1 PHOG

A polyp’s geometry, texture, and colour provide enough information on its nature. The proposed

approach uses a pyramid histogram of oriented gradient (PHOG) characteristics to define the geometry

2This work is part of the earlier discussed proposed approach, revision submitted to Scientific Reports, Nature (Refer
List of publications page for details).
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or morphology of a polyp. At each pyramid resolution level, the HOG vector is calculated (L). Finally,

the PHOG descriptor is extracted by concatenating all of the HOG vectors. The PHOG descriptor’s

dimensionality for the full image is provided as: K ∗
∑L

l=0 4
l. In this work, K and L values are taken

as 8 and 4, respectively. The details of this feature extraction technique was discussed in the previous

work.

4.3.1.2 Triplet network

The Siamese network [266] inspired Triplet network design consists of three identical sub-networks

with common parameters. Each sub-network is taught to recognize embedded characteristics in three

different samples, the anchor, positive, and negative samples, respectively. A triplet is made up of an

anchor, a positive, and a negative sample. The anchor and positive samples were labeled as benign

polyps, while the negative was labeled as malignant. Training a Siamese network using triplet loss

requires two inputs. One pair has similar images from the same class, and the other should have

images from different classes. Therefore, an anchor is selected from either class and accordingly, pairs

are created. In this study, the anchor is selected from the benign class. The positive sample means

the sample selected from the anchor class, whereas the negative class image belongs to a completely

different class. The resulting embedding from the trained Triplet network is capable of separating the

anchor from the negative class while maintaining the proximity between the anchor and the positive

class. The triplet loss maximizes distance between opposite samples in a low dimensional space. The

L2 distance between the anchor and the positive sample, as well as the anchor and the negative

sample, are the network outputs. The cost function is computed using the triplet loss in Eq. 4.18,

where fa
i represents the anchor embedding, fp

i represents the positive embedding, and fn
i represents

the negative embedding.

L = max(0, ||fa
i − fp

i ||
2
2 − ||fa

i − fn
i ||22 + α) (4.18)

The value of α was taken 0.5, and the dimensionality of the embedding was set as 256.

4.3.1.3 Training

The anchor and positive samples were labeled as benign polyps, while the negative was labeled as

malignant. Three Triplet networks were trained using identical hyperparameters, with Adam as the

preferred optimizer and learning rate 0.0001 as the hyperparameters. Each network was started using
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ImageNet weights and trained from the ground up. For each of the triplet’s images, our Siamese

Network will generate embeddings. We achieved this by connecting a few Dense layers to a ResNet50

model that has been pre-trained on ImageNet. All of the model’s layers’ weights will be frozen until

the layer conv5 block1 out. The last layers were fine-tuned during training. One Linear SVM for

modality and fold was trained and assessed to examine the retrieved features.

4.3.2 Results and discussion

The proposed method is validated on the publicly available a labeled polyp dataset for colorectal polyps

classification [128]. The dataset is available at url: http://www.depeca.uah.es/colonoscopy_

dataset/. It contains video sequences using narrow-band imaging (NBI) and White light (WL)

imaging. The dataset contains video sequences for 21, 15, and 40 hyperplastic (benign), serrated, and

adenoma (malignant) polyps. Figure 4.11 shows some of the samples from both the classes of the

dataset. The video sequences are converted to frames, and from each frames, the polyps are detected

using the proposed YOLOv4 attention network. Subsequently, these polyps are fed to the triplet net-

work for classification. In this work, only NBI image frames from hyperplastic and adenoma classes

are considered. Three-fold cross-validation was employed as a validation method for our approach.

Extracted features are analyzed using linear SVMs to classify polyps between benign and malignant.

A classification accuracy of 90.16% is achieved. The embedded features of the image samples of the

Figure 4.11: Sample frames from both the classes. First row samples are of malignant type and the bottom
row images are of benign type. The polyps are detected by the YOLO-v4 attention model.

database are analyzed using t-SNE and are shown in Figure 4.12. Further, the PHOG features are

also fused with the embedded features extracted from the triplet network to enhance the classifica-

tion performances. The fusion of these features increases the dimensionality and non-linearity in the

feature space. Therefore, an RBF kernel SVM was used for classification of the fused features. It was

also varified from the experiments that the RBF SVM performs better as compared to other classi-
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fiers. Table 4.8 shows the classification accuracies of some of the handcrafted-based methods on this

publicly available colonoscopy dataset [128]. Similarly, Table 4.9 shows the classification accuracies on

the same dataset using the transfer learning approaches. Finally, the results are compared with the

state-of-the-art methods, and it is clearly seen that our method gives better performances in a limited

data environment. The results are shown in Table 4.10.

(a) (b)

Figure 4.12: t-Distributed Stochastic Neighbor Embedding (t-SNE) is employed to decrease the dimensionality
of the feature embedding into a 2D representation, . (a) initial features after the first training epoch, illustrating
the embedding space mixture of classes with no distinction. (b): the final embedding once the model has
converged to an optimum solution. Malignant polyps are shown by yellow dots, while benign polyps are
represented by violet dots.

The comparison with other approaches has been extremely difficult for several reasons. Most of

the methods available in the literature have used their own datasets which are private. Very few

methods using this publicly available datasets are available. Therefore, Table 4.8 and Table 4.9 show

the performances of various feature learning approaches on the polyp classification on the publicly

available dataset. Methods shown in Table 4.10 have also used the same dataset for a fair comparision

of perfromance with our proposed method.

Table 4.8: Comparision of classification perfor-
mance with differfent texture descriptors using
SVM classifier.

Method Accuracy

LBP 72.29

HOG 68.93

GLCM 70.52

Curvelet features [131] 70.90

LETRIST [254] 80.27

LGONBP [263] 83.20

FWLBP [255] 80.25

PHOG 85.20

PHOG+FWLBP [265] 90.16

Table 4.9: Comparison of classification accuracy
between the baseline deep learning models and our
method.

Method Accuracy

Proposed 96.66

VGG16 [267] 82

VGG16 fine-tuned 90

VGG19 [267] 70

VGG19 fine-tuned 89

MobileNet [268] 90.11

ResNet50 [142] 68

ResNet50 fine-tuned 72

Inception v3 [269] 90.02

129

TH-2722_156102005



4. Polyp Classification

Table 4.10: Comparison with the existing works. Acc.—Accuracy, Sen.—Sensitivity, Spec.—Specificity,
Pre.—Precision, Rec.—Recall.

Acc. Sen. Spec. Pre. Rec. F1-Score

Proposed 96.66 93.33 93.75 93.33 100.00 96.54

2D Texture+3D Features [128] 89.47 94.55 76.19 91.23 94.55 92.86

LoG [264] 84.21 90.91 66.67 87.72 90.91 89.29

Color GLCM [130] 64.47 74.55 38.10 75.93 74.55 75.23

BoW+SPM [131] 73.68 98.18 90.52 73.97 98.18 84.38

Triplet network [270] 90.16 92.50 85.71 92.50 98.25 92.50

PHOG+FWLBP [265] 90.16 92.50 85.71 92.50 92.50 92.50

NSCT+GFD [271] 95.72 95.31 95.00 93.22 92.15 90.45

The two databases used for validating our proposed method for polyp detection suggest that the

algorithm could detect various polyp structures quite accurately. It is crucial in clinical practice as

early detection helps better prognosis and clinical management, leading to a higher survival rate.

Following detection, the localized polyps are classified, which is crucial for early diagnosis and better

prognosis. In this view, a two-class polyp classification system is proposed in this study. The polyp

classifier system must provide good classification performances. However, the traditional learning-

based approaches generally provide low classification performances [40-44]. Our earlier work in polyp

classification achieved a classification accuracy and F1-score of 95.72% and 90.45%, respectively [271].

In this work, shape feature was extracted by the Non-subsampled contourlet transform (NSCT) and

shape information was extracted by Gaussian Fourier Descriptor (GFD). From, the results, it was

inferred that texture and shape can be used to characterize polyp features.

Typically, deep-learning-based techniques require good quality annotated images for training the

models [45-49]. Also, the training of such models needs balanced data from each class. However,

having a similar number of images from all categories of polyps is quite challenging in colonoscopy

procedures. Generally, cancerous polyps are found in small numbers compared to other varieties. Also,

different classes of polyp images have subtle differences in features. Therefore, simply learning features

from each polyp class may not help better discrimination. Thus, similarity learning approaches have

been adopted to extract non-linear feature representations of the polyp classes [50]. The features

learned from the proposed Triple network of the siamese architecture can describe the non-linearity

of a relatively small and imbalanced dataset. Additionally, local polyp features extracted by PHOG

are fused with the embeddings, resulting in improved classification results. The effectiveness of our

strategy in a limited data environment is demonstrated by its classification performance on a relatively
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small dataset.

We aim to work on these issues in the future, especially the impact of noise on classification

performances. Semisupervised learning-based (SSL) approaches are good at learning generic features

from the unlabeled data and discriminative features from the labeled data and thus help in better

polyp characterization. It can leverage the requirements of large annotated datasets by the supervised

deep models. As the colonoscopy procedure has limited annotated polyp images and relatively higher

unlabeled images, approaches based on SSL can be adopted. Further, sub-grading of dysplasia in

polyps can be done, which could also allow practitioners to comprehend pathological situations in a

better way.

4.3.3 Conclusion

This approach presents a framework for the analysis of colonic polyps using colonoscopy video frames.

A deep attention based YOLOv4 network is proposed to detect polyps, followed by their classification.

The performance of the suggested algorithm outperforms state-of-the-art approaches by a significant

margin. We propose a triplet network based on siamese architecture, followed by SVM, to classify

the polyps. Additionally, local polyp features are extracted and fused with deep features, resulting

in improved classification results. The effectiveness of our strategy in a limited data environment

is demonstrated by its classification performance on a relatively small dataset. Further, grading of

dysplasia in polyps could also allow practitioners better comprehend pathological situations.

Histopathological images of the polyps are generally studied in clinical setup to detect CRC.

These images provide a detailed insight into polyp characteristics for dysplasia grading. Due to the

lack of a large annotated dataset in this domain, an SSL-based approach is proposed for this work.

The proposed GAN framework can learn useful features from the unlabeled histopathological images

in the unsupervised mode, whereas it can classify the polyps in the supervised mode. Therefore,

this framework can be suited for a limited data environment and is generally encountered in polyp

diagnosis.
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4.4 A Semisupervised GAN for Classification

The need for histopathological images for better clinical interpretation is on the rise [272]. Gas-

trointestinal histopathologists analyze the tissue samples acquired during colonoscopy. Histological

specimens of colorectal polyps are pertinent for the experts in cancer diagnosis. The high resolution of

such images enables complete characterization of colorectal polyps for early and promptly diagnosing

an invasive carcinoma.

Deep learning models have outperformed humans in the computer vision area during the last

decade on tasks including image categorization and object recognition, in some cases surpassing hu-

man performance. These models have surpassed traditional image processing techniques in various

medical imaging domains, such as radiology, histology, retinopathy, and mammography. Most of these

models are trained in a supervised manner to attain optimal performance, requiring enormous amounts

of expertly annotated medical data. Compiling annotated data in the medical imaging field is excep-

tionally time-intensive, costly, laden with privacy problems, and limited by the availability of expert

annotators. In contrast, unsupervised methods have shown that meaningful representations can be

extracted from unlabeled data, which is often plentiful. In this work, we leverage the advantages

of both labeled and unlabeled data using the semi-supervised learning (SSL) paradigm to improve

the performance of colonoscopy lesion classification. SSL is a new field of study that tries to learn

a supervised goal while enhancing the encoded features via an unsupervised task. Recent research

has demonstrated significant improvements over simply supervised training, particularly with modest

amounts of labeled data [273,274].

Other researchers worked on histopathological images for colorectal polyp classification. Korbar

et al. [141] offered a patch-based framework for classifying different types of colorectal polyps from

whole-slide images, which was deployed using a ResNet architecture [142]. Wei et al. [143] created

a hierarchical classification approach to match the nature of the classification problem for the deep

learning model to infer the overall diagnosis of a whole-slide image. Using a sliding window algorithm,

each slide was first split down into several patches, and the deep ResNet-like neural network then

classified each patch. Song et al. [144] proposed a patch-based fully convolutional technique for

adenomas classification and grading, with a significant emphasis on model interpretability. They also

show how different patch sizes should be used to classify and grade adenomas.

However, the requirement of a considerable amount of labeled data during training for reasonably
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Figure 4.13: Flow diagram of a typical polyp classification system using our proposed deep learning-based
classifier.

excellent classification performance is one of the significant limitations of these approaches. Obtaining

large-scale polyp datasets, on the other hand, poses significant hurdles. The quality of the images

obtained is suffered by many adversaries like noise, blur, specularity, stool, blood, bubbles, and other

factors. The huge variances in imaging modalities and procedures, privacy issues, and lack of medical

integration may pose many challenges in acquiring high-quality and large-scale polyp images. Fur-

thermore, the acquired datasets are typically unbalanced, as some diseases are more common than

others. Secondly, the burden on the experts, inter and intra evaluator variabilities are common in

these procedures, necessitating additional protocols to resolve them.

This work proposes an SSL approach based on a generative adversarial network (GAN) in a limited

labeled data scenario for polyp classification. The proposed GAN is extended to the semi-supervised

context to create a data-efficient classifier by forcing the discriminator network of the model to output

the class labels. The flow diagram of a typical polyp classification procedure using our proposed

classifier is represented schematically in Figure 4.13. The proposed methodology is described in

section 4.4.1. section 4.4.2 and section 4.4.3 provide experimental results and conclusion, respectively.

4.4.1 Proposed method

The proposed method is based on an SSL approach. A GAN-based framework is proposed to classify

the histopathology polyp images.

4.4.1.1 Classical GAN

GANs are a class of game theory-based approaches for learning generative models in an adversarial

manner [275]. It consists of two neural networks, i.e., the generator G and the discriminator D. These
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are used to train a generator network G(z; θ(G)) that generates samples from a data distribution,

pdata(x), by transforming noise vectors z as x = G(z; θ(G)). The generated images xg and the

real images xr are classified as fake and real, respectively, by D. D has been trained to maximize

the likelihood of correctly labeling both actual and fake images. G has been taught to deceive the

discriminator into thinking the generated samples are authentic. The generator’s ability to generate

increasingly realistic images improves during training, while the discriminator’s ability to distinguish

actual from synthesized images improves. The discriminator D is trained to maximize log(D(x)),

whereas the generator G is trained to minimize log(1 − D(G(z))). As a result, the optimization’s

goal is to solve the minimax issue in the following way:

min
G

max
D

F (D,G) = Ex∼p(x)[log(D(x))] (4.19)

+Ez∼p(z)[log(1 − D(G(z)))]

Because of this adversarial learning, the generator is capable of producing realistic images. As

a result, GANs have been deployed in a variety of applications, including image synthesis [275],

inpainting, denoising [276], style transfer [277], and image superresolution [278–280]. Recently, GAN

has been used in a number of medical imaging analyses and applications [276, 281, 282]. While these

GAN architectures make use of the generator output, Odena [283] modified the discriminator and made

it do multiclass classification. He was able to make the GANs act like a semisupervised framework.

The new architecture resulted in a classifier that was more data-efficient. The MNIST and CIFAR-

10 datasets were used to achieve preliminary test results [284]. The improved GAN’s data-efficient

feature makes it particularly well suited to categorizing clinical, histopathological images, which are

not readily available.

4.4.1.2 Proposed classification framework using GAN

The suggested GAN architecture for histopathological image classification is depicted in Figure 4.14 as

a block diagram. The semisupervised GAN is a variation of the traditional GAN network for predictive

modeling with a small number of labeled colon histopathological images {Xl, yl} from N classes and a

large number of unlabeled images Xu with a distribution comparable to the labeled samples [283]. It

consists of a modified discriminator (Dm) and a modified generator (Gm). In the proposed framework,

the Dm has two modes of operation: supervised and unsupervised. The discriminator is trained in

the supervised mode to predict the class labels for real histopathological images. The discriminator
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Figure 4.14: Block diagram of the semisupervised GAN for the histopathological image classification.

performs the same goal as the standard GAN framework in unsupervised mode: classifying images as

real or fake. The discriminator can learn useful features from the unlabeled histopathological images

by training in the unsupervised mode.

A shared discriminator architecture, as shown in Figure 4.14, is used to design Dm for operation in

both modes. The architecture has two separate models for supervised and unsupervised modes, both of

which use the same network parameters. The output units ofDm in the supervised mode correspond to

the Softmax output, i.e., [class1, class2, ..., classN ]. These N classes represent the class probabilities

for the various CRC diseases. In the unsupervised mode, the outputs before Softmax activation are

normalised as N(x) = J(x)
J(x)+1

, J(x) =
∑N

i=1 exp{li(x)}, where l is the feature vector for input

image x before Softmax activation. For real unlabeled and fake synthesized images, the normalized

outputs produce the probability of real/fake (classN+1). The method proposed in [284] provided the

inspiration for the discriminator losses for both modes, which are expressed as

Lsup = −Ex,y∼pdata(xl,yl)log pmodel(y|x, y < K + 1) (4.20)

Lunsup = −{Ex∼pdata(xu)log [1 − pmodel(y = K + 1|x)]

+ Ex∼Glog [pmodel(y = K + 1|x)]} (4.21)
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where, Lsup and Lunsup are the supervised and unsupervised discriminator losses, respectively.

pdata(x|y) is the probability distribution of Dm, pdata(xl, yl), pdata(xu), and G are the proba-

bility distribution of the Xl, yl, Xu, and the generated fake images by Gm, respectively. E{·} is the

expectation operation.

where the whole cross-entropy loss has been decomposed into our normal supervised loss function

Lsup (the negative log probability of the label given that the data is real) and an unsupervised

loss function Lunsup which is, in fact, the standard GAN game-value as becomes evident when we

substitute D(x) = 1 − pmodel(y = K + 1|x) into the expression as given in Eq. (4.21):

Lunsup = −{Ex∼pdata(xu) + Ez∼p(z)[log(1 − D(G(z))]} (4.22)

The generator loss is given by

Lg = Ex∼Glog
[
1 − pdata(y = K + 1|(x)

]
(4.23)

The discriminator and generator losses are minimized in training. The sparse and binary categorical

cross-entropy loss functions are used to achieve the supervised and unsupervised losses. The Algorithm

summarises the training process for the proposed framework. The final findings are unaffected by

modifying the update sequence of Dm’s supervised and unsupervised losses in the method. The

supervised Dm network is used to classify polyps at the end of the training phase, while Gm is

discarded because it was only used to help Dm during the training process.

Algorithm 1 Training Algoritm for the Proposed Framework

Input: I: number of total iterations, set of total labeled and unlabeled histopathological images
{Xl, yl} and {Xu}

1: for i = 1 to I do
2: Sample k samples from the noise prior pz(z)

Sample k histopathological images each from the {Xl, yl} and {Xu}
Generate fake image samples: Xf=Gm(z), Xf ∈ G
Perform gradient descent on the parameters of Dm using {Xl, yl} by computing the gradient
as follows:
∆θDm

1
k

∑k
j=1 Lsup (Loss computed using Eq. 2)

Perform gradient descent on the parameters of Dm using {Xu} and {Xf} by computing the
gradient as follows:
∆θDm

1
2k

∑2k
j=1 Lunsup (Loss computed using Eq. 3)

Perform gradient descent on the parameters of Gm by computing the gradient as:
∆θGm

1
k

∑k
j=1 Lg (Loss computed using Eq. 5)

3: end for
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4.4.2 Results and discussion

4.4.2.1 Dataset and experimental setup

The proposed method is validated on the publicly available UniToPatho, a labeled histopathological

dataset for colorectal polyps classification [26]. The dataset is available at the following url: https:

//ieee-dataport.org/open-access/unitopatho. UniToPatho is a collection of annotated high-

resolution Hematoxylin and Eosin, H&E-stained images, containing various colorectal polyp histology

samples acquired from cancer screening patients. According to UniTo pathologists’ judgment, the

dataset is a collection of the most relevant patch images derived from 292 whole-slide images. The slides

are scanned at 20× magnification (0:4415 µm/px) using a Hamamatsu Nanozoomer S210 scanner, as

shown in Figure 4.15. Each slide belongs to a separate patient and is annotated by UniTo pathologists

into the following six categories: 1) NORM – Normal tissue, 2) HP – Hyperplastic Polyp, 3) TA.HG

- Tubular Adenoma, High-Grade dysplasia 4) TA.LG – Tubular Adenoma, Low-Grade dysplasia 5)

TVA.HG – Tubulo-Villous Adenoma, High-Grade dysplasia 6) TVA.LG – Tubulo-Villous Adenoma,

Low-Grade dysplasia. Figure 4.15 shows some of the high resolution histopathological image samples of

(a) (b) (c)

(d) (e) (f)

Figure 4.15: Some histopathological samples of polyps belonging to different classes; (a) normal tissue (b)
tubular adenoma, high-grade dysplasia (c) tubular adenoma, low-grade dysplasia (d) hyperplastic (e) tubulo-
villous adenoma, low-grade dysplasia (f) tubulo-villous adenoma, high-grade dysplasia. The image samples are
taken from the UniToPatho dataset.

polyp tissues belonging to different classes. The details of the dataset is given in Table 4.11. Adenomas

are more likely to evolve into invasive carcinomas than hyperplastic polyps, which normally have little

malignant potential [285]. Therefore, accurate classification of adenoma polyps from the hyperplastic

polyps is vital. In this work, we consider only two class classification viz. hyperplastic (HP) and
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adenoma (AD) for their clinical relevance.

The slides are divided into a train set and a test set in a 70:30 ratio, resulting in 204 slides used

for training and 88 slides used for testing. Non-overlapping square patches at various scales from each

slide are cropped. We provide a total of 9536 patches available to the public, including 8669 extracted

at σ= 800 (1812×1812 pixels patches) and 867 extracted at σ = 7000 (15,855 ×15;855 pixels patches).

In this work, the patches cropped at σ = 800 are considered for training and testing the model as

this resolution has more image samples. Combining samples from both classes in training causes bias

in the testing phase. From the experimental results, it has been observed that training the model with

image samples of both resolutions learns only resolution information. From the original paper [26], it

is evident that hyperplastic polyps are best classified at a finer 800m scale. On the other hand, tubular

Adenomas (TA) and Tubulo-Villous Adenomas (TVA) are best categorized at a coarser 7000m scale.

Also, it is established that benign polyps are best differentiated by looking at smaller-scale details

such as gland edges [286]. In contrast, the adenomatous polyp is best distinguished by examining

large-scale macro features such as complete gland shapes [287]. In this work, the test images from

both the polyp classes are derived from the original annotated dataset of σ = 800 resolution. It

contains 2071 adenomatous and 102 hyperplastic images. The number of training samples is taken

with different percentages of the total samples. The samples are annotated with labeled and unlabeled

with different ratios to validate the model’s efficiency. The details of the dataset are provided in Table

4.11.

Table 4.11: Summary of the dataset; Whole image slides (top) and the two patch scales (bottom).

HP NORM TA.HG TA.LG TVA.HG TVA.LG Total

Slides 41 21 26 146 20 38 292

σ = 7000
σ = 800
Total

59
545
604

74
950
1024

98
454
552

411
3618
4029

93
916
1009

132
2186
2318

867
8699
9536

Figure 4.14 shows the number of filters, kernel sizes, and strides in the convolution and deconvo-

lution layers. The leakyReLU activation functions with a negative slope of 0.2 are followed by the

learnable layers of the generator (excluding the last convolution layer). At the generator, deconvo-

lution layers are followed by batch normalisation layers. The last convolution unit contains Tanh

activation. Convolution layers are followed by leakyReLU activation with a negative slope of 0.2 and
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batch normalization layers on the discriminator side. Adding a mini-batch discrimination layer [284]

to the discriminator network prevents mode collapse in the GAN. To avoid overfitting, an optimal

drop-out factor of 70% is applied to all but the first convolution layer of the discriminator. The model

employs an Adam optimizer with a learning rate and β1 of 2×10−4 and 0.5, respectively. The model

was trained on minibatches of size 32 for 50 epochs. The experiments were performed on an NVIDIA

TITAN Xp GPU.

4.4.2.2 Classification performance

Table 4.12 shows the different combinations of numbers of labeled and unlabeled training images and

their performances on classification. The best-case scenario is selected from the patch-wise classi-

fication result, and the model is said to be optimal. From the result shown in Table 4.12, it can

be inferred that the performance with the patch level classification accuracy is acceptable even with

small labeled images. However, the patch-level classification accuracy is less because of contextual

and spatial information loss. Also, the patches which are taken from the boundary of a whole slide

merely contain any clinical information. Therefore, all the patches of the entire slide may not have

sufficient clinical information for a reliable prediction. Therefore, a majority voting scheme is adopted

in our work to grade the whole slide image. In this scheme, patches corresponding to a whole slide are

first tested with the model. If the percentage of the patches of the same slide is predicted to belong

to a particular class based on a set threshold, then the whole slide is annotated with the same grade

of dysplasia. e.g., For 25% voting, if 25% of the test images are classified to a particular grade, the

whole slide is said to belong to this grade of dysplasia. The 25% voting gives an overall accuracy (OA)

of 87.50% compared to 76.25% obtained for 50% voting. In cancer diagnosis, a soft threshold must be

adopted to increase the sensitivity of the classifier. Therefore, a 25% voting scheme is reasonable to

use for a reliable prediction. Experimental results show that our proposed model can provide a better

dysplasia grading classifier with minimal data.

From Table 4.13, it can be seen that with 25% voting, the TV-HG and TVA-HG have a classifi-

cation accuracy of 100%. TVA is a more severe type of polyps than the TA. Our proposed method

could classify the TVA-LG, TVA-HG, and TA-HG with very high confidence. Classification accu-

racy of 82.60% is obtained for TA-LG. Similarly, 90% accuracy is achieved for the hyperplastic class

classification with this voting scheme. The low-grade TA patches are misclassified compared to other

grades. The TA-LG is the first stage of cancer; therefore, the dominant features of the polyps of this
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grade may not be very discriminating from the features of the hyperplastic polyps.

Table 4.12: Patchwise classification performance for different training protocols. L —Labeled, Un—Unlabeled,
CW Sen. —Classwise sensitivity, CW Acc. —Classwise accuracy, Over Sen. —Overall sensitivity, Over. Acc.
—Overall accuaracy.

Labelled Unlabelled CW Sen. CW Acc. Over. Sen. Over. Acc.
AD HP AD HP AD HP AD HP OSe OA

Less AD in L 70 223 222 223 53.5 85.29 54.99 54.99 69.4 54.99
Less (AD in L + HP Un) 70 223 222 70 49.01 94.12 51.13 51.13 71.56 51.13
Best case 169 274 274 169 71.61 58.82 71.01 71.01 65.22 71.01
HG L + HG Un 222 222 221 221 76.05 64.71 75.51 75.51 70.38 75.52
LG L + LG Un 222 222 221 221 84.5 37.25 82.28 82.28 60.88 82.28

Table 4.13: Classification performance on the Whole slide histopathology images based on majority voting.

Adenoma Hyperplastic
Grade and Type TA-LG TA-HG TVA-LG TVA-HG

Total number of slides 46 9 8 7 10

Slides identified with 100% voting 13 3 1 2 6
Slides identified with above 75% voting 20 3 4 6 8
Slides identified with above 50% voting 32 7 7 6 9
Slides identified with above 25% voting 38 9 7 7 9

Table 4.14: Comparision of classification performances with the baseline methods.

Methods Overall Accuracy (OA)

Baseline [142] 0.46

Multi-resolution Ensemble [26] 0.67

Proposed (25%) voting 0.8750

Proposed (50%) voting 0.7625

Table 4.14 shows the comparision of classification performances with the baseline methods. Figure 4.16

shows some of the misclassified histopathological samples predicted by our algorithm. Hyperplastic

polyp nuclei are often tiny, oval, and scattered, whereas adenomatous polyp nuclei are dark and

elongated [288]. The absence of prominent nuclei could explain all three misclassified adenomatous

images. It can also be illustrated that the class of low-grade tubular adenoma and hyperplastic has

a lot of uncertainty due to their similar expressions. Therefore, we would like to extract features

from the nuclei of the histopathological images for classification in the future. Similarly, some images

are blurred and the nuclei are not visible clearly. Therefore, these images might have been classified

wrongly.
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Figure 4.16: First row: correctly identified adenoma patches, second row: adenoma patches misclassified
as hyperplastic, third row: correctly classified hyperplastic patches, and fourth row: hyperplastic patches
incorrectly classified as adenoma.

4.4.3 Conclusion

In this work, we introduced and assessed a new automated GAN-based classifier for detecting carci-

noma in polyps from histopathological images. The training of the model is done in a semisupervised

manner for better feature representation of the colonic polyps. The suggested methodology has a

substantial advantage in terms of generalizability, even under very restricted labeled data situations.

It eliminates the time and expense of large-scale image acquisition and image annotation. Its superior

classification performance makes it suitable for prescreening and automated diagnosis of colorectal

cancer in hospitals. In future, we would like to study more on other techniques in the SSL paradigm

for better characterization of polyps. We would also like to investigate how the SSL gains change as

the size of the labeled and unlabeled datasets grows, i.e., to develop an interpretable model. SSL’s

domain evaluation enhancement could be extended by comparing not just imaging modalities but also

different endoscopes with different resolutions, lighting settings, and frame rates.
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4.5 Summary

This chapter proposes three methods for the classification of polyps. Geometry (shape and size), the

surface of the polyp (texture), color (blood traces), boundary (smooth or wavy), etc., are analyzed

to classify polyps into different grades of carcinoma. The first two methods are proposed to develop

a two-class polyp classifier, i.e., adenoma (cancer) and non-adenoma (non-cancer). The shape and

texture features are effectively extracted to discriminate the polyps types in the first approach. The

shape of adenomatous polyps is wavy, and the region is not smooth compared to the non-adenomatous

polyps. Therefore, a region-based shape detector, PHOG, is proposed to extract the feature. Similarly,

the adenomatous polyps are highly textured, contrary to the normal polyps. The proposed FWLBP

extracts features and is robust to geometric and photometric transformations, which the colonoscopy

images are susceptible to. However, sometimes the texture features of polyps from both the classes

are indistinctive. To extract features from the small and imbalanced dataset effectively, we adopted

a similarity learning approach based on the Triplet network in our second approach. Further, fusing

the shape features with the extracted embeddings from the Triplet network enhances the classification

performance. Sometimes the polyp images may not be sufficient to extract useful features for their

grading and sub-gradings. Therefore, histopathology images of such polyps are analyzed. In this view,

our third approach is based on the GAN framework in an SSL paradigm. This approach is well suited

to limited data scenarios and provides a good performance. In the future, we would like to investigate

more on these images for developing polyp classification systems. Further, combining features from

both the colonoscopy and histopathology images may be utilized to characterize polyps effectively.
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5. Summary and Conclusions

Objective

This chapter summarizes the contributions of this thesis to the development of an automated polyp

detection and classification system under various scenarios. The contributions of the work are men-

tioned. Future research directions are also outlined.

5.1 Summary

This thesis work aims to develop methods for automated polyp analysis using colonoscopy videos under

varied scenarios. The work is broadly divided into three sub-works; polyp detection and localization,

polyp segmentation, and polyp classification.

(i) Polyp detection: For any practical application of an automated polyp detector, the acquired

images may be affected by background noise, non-uniform illuminations, photometric and geo-

metric transformations, ghost colors, and normal tissues mimicking polyp, etc. In such a scenario,

a better system can be developed by selecting the discriminative and dominant cues of the polyp.

A polyp detection method is proposed by using a saliency map in a tracking framework based on

particle filtering by localizing polyps in colonoscopy videos. This work shows how the saliency

map can be used to choose particle weights and makes the tracking process faster. The inherent

features of a polyp are used for the generation of such maps. Texture and color are two dis-

criminative features for polyp non-polyp regions. The shape of the polyp is used for refinement

of the ROI using an AC model. It thus helps in discarding the specular regions and converges

towards better localization of polyps. The localized polyps are further segmented by AC. The

experimental results show that our method is competitive with the state-of-the-art techniques in

polyp segmentation. An experimental study on the CVC-ClinicDB database and the ETIS-Larib

database shows that our method can be used effectively in polyp localization. Our approach is

used for offline endoscopic video processing. The proposed method sometimes fails to localize

small patchy polyps and polyps in highly over-exposed regions. The second work in this view

presents a deep attention-based YOLOv4 framework to detect polyps by bounding box local-

ization. The attention module in the YOLOv4 encapsulates spatial and contextual information

of the polyp ROIs effectively. The attention module selectively accentuates the polyp ROIs by

extracting local and global information. We used spatial and channel attention at different scales

in the efficient YOLOv4 architecture. The performance of the suggested algorithm outperforms
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state-of-the-art approaches by a significant margin. The consistency of results across datasets

also demonstrates the generalizability and robustness of our method. The proposed method can

do real-time polyp analysis. Following polyp detection, the polyps are classified, which is crucial

for CRC diagnosis. The classification methodology is discussed in the corresponding chapter.

(ii) Polyp segmentation: Segmentation of polyps is more refined localization, i.e., perfect de-

lineation of the polyp boundary. It can be formulated as another way of polyp detection by

precisely detecting polyp boundaries. It is required for polyp resection and 3-D analysis of

polyps. Also, the fewer the non-polyp pixels present in the localized polyp ROIs, the better the

features representation of the polyp regions. However, the difficulty in achieving perfect polyp

delineation is because of complex polyp backgrounds, indiscriminative polyp boundaries, etc.

Big and convex polyps segmentation is easier than patchy and serrated polyps.

During the colonoscopy, uninformative and lousy images are often captured that contain no

diagnostic information. Therefore, it is better to discard them before analyzing the suitable

frames. The first method, therefore, does pre-process before segmenting the polyps. In this

approach, the non-informative frames are discarded, and clinically significant polyp frames are

retained. The essential frames are selected from colonoscopy videos with the help of depth

information and the proposed three criteria selection strategy. Our proposed method determines

depth maps using a zero-shot learning approach. The zero-shot learning method performs well

on previously unseen classes like endoscopic images. Through this, we extended MDE to in-

vivo images, which would be helpful to analyze colonoscopy images. We used texture, edge

information from the depth maps, and the number of key points for selecting key-frames. It

is to be noted that good frame polyps have vital clinical features compared to bad frames.

Experimental results show the efficacy of the proposed method in selecting key-frames from

endoscopic videos and subsequent segmentation of detected polyps in the key-frames with the

help of extracted depth maps.

Though the proposed method can segment the prominent, convex, and elevated polyps that

need immediate medical attention, the other polyp structures can not be neglected. They may

progress to the malignant stage if not diagnosed early. Therefore, our subsequent studies will

focus on segmenting any polyp structures. The following method encapsulates polyps’ contextual

and spatial information for polyp vs. non-polyp discrimination.
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The second segmentation approach can produce better segmentation performance with a re-

duced computational load than the pixel-based method. The texture and color information is

embedded into an MRF framework to extract the polyp pixels’ global and local information. The

MRF parameter β has been made adaptive based on the dominant image characteristics in our

approach. The proposed endoscopic polyp segmentation method is unsupervised, whereas most

state-of-the-art techniques are supervised. Our algorithm sometimes misses partially occluded

polyps and polyps that are texturally not discriminable from the complex colonoscopy frame

background. Similarly, polyps that are very small in size may result in an over-segmentation

outcome by our method.

In the subsequent method, shape compactness prior is used to detect the ROI of arbitrary

polyp shapes. Salient object detection is a method to accentuate the object of interest. A

deep U-Net-based CNN model is used for saliency detection in our approach. Segmentation is

formulated by energy terms given by a probability map and compactness prior. To solve the

energy function, ADMM is used, which is efficient and fast. A series of comparative tests using

the publicly available dataset of colonoscopy polyps are used to assess the effectiveness of our

method. Compared to the state-of-the-art methods, the experimental results suggest that the

proposed technique has competitive performance. Our segmentation method can be used for

colonoscopy image analysis. In the future, other priors can also be considered for our model to

detect salient regions and may help in better polyp segmentation.

(iii) Polyp classification:

Developing a robust and modality-independent polyp classifier is vital for a reliable diagnosis.

The colonoscopy images are often susceptible to photometric and geometric transformations.

Also, the subtle difference in features makes extracting the discriminating features difficult. A

highly efficient and generalizable classifier is indispensable in polyp analysis. Also, the classifier

should be data-efficient. Developing supervised models using large annotated images from the

classes is a constraint in colonoscopy. In such scenarios, devising a highly effective polyp classifier

is challenging. This thesis proposes three methods to address all the problems to some degree.

Our first approach proposes using the shape and texture features of the polyps to classify the

stages of dysplasia. The local polyp shape features are extracted using PHOG, and the local
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texture features are extracted using FWLBP. The endoscopic video frames are prone to affine

transformations. So, the characteristics of the polyp may be perceived differently for different

ambient conditions. SPM and FD were incorporated with this framework to deal with this

problem. A feature ranking algorithm based on fuzzy entropy is adopted for feature selection.

The final assessment using different performance matrices establishes the efficacy of the pro-

posed work. This method is also applied to our own dataset, which contains images from all the

three modalities, viz., NBI, WL, and Dye. The consistency in performance demonstrates the

robustness of our method. Thus, the selected features can serve the purpose of accurate polyp

classification for different modalities. Deep learning-based polyp classification methods have a

big challenge due to the lack of extensive and publicly available annotated databases. On the

contrary, our method can be deployed to both offline and real-time colonoscopic polyp classifi-

cation. Though the proposed method achieves an acceptable classification accuracy, the learned

texture features may not be sufficient to discriminate between polyp classes. The idea is to learn

distributed embeddings representation of data points so that contextually similar data points are

projected in the nearby region in the low dimensional vector space. In contrast, different data

points are projected far away from each other. This technique, therefore, extract such features

from the polyp classes that ensure inter-class separability. We propose a triplet network based

on siamese architecture, followed by SVM, to achieve this. Additionally, local polyp features

using PHOG are extracted and fused with deep features, resulting in improved classification

results. The effectiveness of our strategy in a limited data environment is demonstrated by its

classification performance on a relatively small dataset. We hope to improve polyp detection

and localization in the future by training the network with features that best characterize the

polyp clinical manifestations. Further, grading dysplasia in polyps could also allow practition-

ers to better comprehend pathological situations. The performance of the suggested algorithm

outperforms state-of-the-art approaches by a significant margin.

5.2 Contributions

The major contributions of the research work reported in this thesis includes,

(i) Method for the detection of polyps using dominant and discriminating polyp features.

(ii) A tracking-based algorithm for detecting and segmentation of polyps under different back-
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grounds.

(iii) Attention based deep feature extraction for real-time polyp detection.

(iv) Methods for the segmentation of polyps by emphasizing global, local, and spatial information.

(v) Polyp detection and classification in an integrated framework.

(vi) Polyp classification approaches using polyp texture, color, shape features—introduction of deep

embedding feature and hand-crafted features for improved classification efficiency.

(vii) Developing a robust, efficient, and generalizable classifier in a limited data environment.

(viii) Dysplasia grading in polyps by learning generic and discriminating features from polyp histopatho-

logical images in a GAN-based semisupervised framework.

5.3 Directions for Future Work

Based on the outcome of this thesis work, this section provides some of the possible future directions

for research.

(i) To provide robustness, the dominant polyp features are used for the detection of polyps. The

performance of detection algorithms may be improved by combining the most discriminating

polyp features. A better saliency map can achieve a better localization performance.

(ii) To develop a framework that can be used to select the most significant key-frames from the

colonoscopy videos for enhanced diagnosis and clinical management.

(iii) For the detection of polyps, we have used attention blocks in a deep learning framework. The

detection accuracy may be improved by providing a domain adaptive attention model along with

the proposed channel and spatial attention blocks.

(iv) To develop a model that can detect serrated and diminutive polyps in complex backgrounds.

(v) For the segmentation of polyps, we used the texture, color, shape, and AC. Since boundary in-

formation is important for perfect delineation, the extraction of the polyp boundary information

may be useful. In this context, the boundary-aware feature extraction can be useful, which will

extract the local features separated by the learned boundaries.
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(vi) Combination of discriminating and generative features from the polyp classes may better char-

acterize the polyps.

(vii) The classification performances are relatively more affected under degraded conditions. The

effect of degradation on polyp regions may be reduced by applying a suitable image enhancement

method.

(viii) The learning of features in limited data environment is crucial. Therefore, learning from labeled

data and unlabeled data would be helpful in generalization of the system.
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