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Η παρούσα Διπλωματική Διατριβή (ΔΕ), η οποία εκπονήθηκε στα πλαίσια του 

μεταπτυχιακού μέσω έρευνας «Ευφυή Συστήματα Πληροφορικής», καθώς και τα 

λοιπά αποτελέσματα της αντίστοιχης ΔΕ αποτελούν συνιδιοκτησία του 

Πανεπιστήμιού Αιγαίου και του φοιτητή, ο καθένας από τους οποίους έχει το 

δικαίωμα ανεξάρτητης χρήσης και αναπαραγωγής τους (στο σύνολο ή τμηματικά) για 

διδακτικούς και ερευνητικούς σκοπούς, σε κάθε περίπτωση αναφέροντας τον τίτλο 

και το συγγραφέα και το Τίτλο του ΠΜΣτου Πανεπιστήμιού Αιγαίουπου εκπονήθηκε 

η ΔΕ καθώς και τον επιβλέποντα και την επιτροπή κρίσης.  
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Περίληψη 

 

 

Η Τεχνητή Νοημοσύνη, οι έξυπνες εφαρμογές, η μηχανική μάθηση και το Διαδίκτυο 

των Πραγμάτων, φέρνουν πλέον επανάσταση σχεδόν σε κάθε πτυχή της ζωής μας. Οι 

εφαρμογές υγειονομικής περίθαλψης είναι επί του παρόντος ένας από τους πιο 

υποσχόμενους τομείς για τους ειδικούς της μηχανικής μάθησης, με αναδυόμενες 

προσεγγίσεις που στοχεύουν στον εκσυγχρονισμό της ιατρικής πρακτικής. Το βιβλίο 

αυτό, στοχεύει να μυήσει τους αναγνώστες στις τελευταίες τεχνολογικές εξελίξεις 

στον τομέα της βαθιάς μάθησης και πιο συγκεκριμένα στις εφαρμογές της στη 

διάγνωση και χειρουργική αντιμετώπιση του καρκίνου του παχέος εντέρου. Ο 

καρκίνος του παχέος εντέρου χρησιμοποιείται ως πρότυπο κατάσταση μέσω του 

βιβλίου, σε μεγάλο βαθμό λόγω της φύσης του ως ενός από τους πιο καλά 

μελετημένους τύπους κακοήθειας. προσφέρει έναν μοναδικό συνδυασμό υψηλού 

επιπολασμού και δυνατότητας ριζικής θεραπείας μέσω χειρουργικών προσεγγίσεων. 

Οι εφαρμογές που παρουσιάζονται εδώ, περιλαμβάνουν μελετημένες και 

δοκιμασμένες μεθόδους, πολλές από τις οποίες έχουν ήδη βρει το δρόμο τους στην 

καθημερινή χειρουργική πρακτική. Αυτό το βιβλίο στοχεύει να αποτελέσει μια 

πολύτιμη πηγή για όλους τους ερευνητές της υγειονομικής περίθαλψης, τους 

ειδικευμένους στην τεχνητή νοημοσύνη επιστήμονες υπολογιστών, τους 

ασκούμενους χειρουργούς και τους κλινικούς γιατρούς. Προσπαθήσαμε να 

περιγράψουμε τις πιο πρόσφατες και ελπιδοφόρες προόδους της τεχνητής 

νοημοσύνης στη χειρουργική πρακτική, ενώ τονίζουμε γιατί οι γιατροί πρέπει να 

διαδραματίζουν ακόμη κεντρικό, κεντρικό ρόλο στην ανάπτυξη τέτοιων προόδων. Η 

τεχνητή νοημοσύνη αναμένεται να καθορίσει το μέλλον της εξατομικευμένης 

παροχής υγειονομικής περίθαλψης και να ενισχύσει την ασφάλεια και την 

ικανοποίηση των ασθενών. 
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Abstract 
 

 

Artificial Intelligence, smart applications, machine learning and the Internet of 

Things, are now revolutionizing virtually every aspect of our lives. Healthcare 

applications are currently one of the most promising areas for machine learning 

specialists, with emerging approaches that aim to modernize medical practice. This 

book, aims to introduce readers to the latest technological advances in the field of 

deep learning, and more specifically its applications in the diagnosis and surgical 

management of colorectal cancer. Colorectal cancer is used as a template condition 

through the book, largely due to its nature as one of the most well-studied types of 

malignancy; it offers a unique combination of high prevalence and radical treatment 

potential through surgical approaches. The applications presented here, include 

studied and tested methods, many of which have already found their way into 

everyday surgical practice. This book aims to be a valuable resource for all healthcare 

researchers, AI-specialized computer scientists, surgical trainees and clinicians alike. 

We have strived to outline the latest and most promising advances of AI in surgical 

practice, while emphasizing why physicians still have to play a central, pivotal role in 

rolling out such advances. AI is expected to define the future of personalized 

healthcare delivery, and enhance patient safety and satisfaction. 
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Preface 

Artificial Intelligence, smart applications, machine learning and the Internet of 

Things, are now revolutionizing virtually every aspect of our lives. Healthcare 

applications are currently one of the most promising areas for machine learning 

specialists, with emerging approaches that aim to modernize medical practice. This 

book, aims to introduce readers to the latest technological advances in the field of 

deep learning, and more specifically its applications in the diagnosis and surgical 

management of colorectal cancer. Colorectal cancer is used as a template condition 

through the book, largely due to its nature as one of the most well-studied types of 

malignancy; it offers a unique combination of high prevalence and radical treatment 

potential through surgical approaches. The applications presented here, include 

studied and tested methods, many of which have already found their way into 

everyday surgical practice. This book aims to be a valuable resource for all 

healthcare researchers, AI-specialized computer scientists, surgical trainees and 

clinicians alike. We have strived to outline the latest and most promising advances of 

AI in surgical practice, while emphasizing why physicians still have to play a central, 

pivotal role in rolling out such advances. AI is expected to define the future of 

personalized healthcare delivery, and enhance patient safety and satisfaction. 
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1 Introduction 

1.1 Scope of our thesis 
 

The most often diagnosed disease worldwide and the main cause of morbidity and 

mortality in humans is colorectal cancer (CRC). It is the second most deadly disease 

overall, accounting for 9.4% of all cases of global death from cancer, and the third-

highest incidence cancer, accounting for 10% of newly identified cases. Only 1.93 

million new cases of cancer incidence and 0.94 million cancer-related deaths were 

predicted to occur globally in 2020, or one in every ten new cancer incidences, 

morbidities, and deaths. Additionally, it is anticipated that by 2040, there would be 

3.2 million fresh cases worldwide. Early and accurate diagnosis can considerably 

lower this number.Therefore, rapid, accurate CRC detection is essential to improve 

therapy effectiveness and increase patient survival rates. However, the growing 

prevalence of CRC around the world is causing significant problems for the global 

healthcare systems. 

Hematoxylin and eosin (H&E)-stained histopathological specimens obtained from 

frozen or formalin-fixed paraffin-embedded (FFPE) tissues acquired during biopsy or 

surgery are used to make the most common diagnosis of CRC. This diagnosis requires 

a thorough visual examination by pathologists who are eminently qualified in this 

field. The primary difficulty in analyzing digitized pathology images is the data 

variability, which includes vast and erratic differences in the size, shape, texture, 

staining, and sectioning of the diagnostically crucial parts, such as glands, nuclei, etc. 

The lack of standardization in the tissue preparation steps of staining and scanning 

led to even more huge patterns emerging from the basic tissue type, which also 

contributes to the digital variability. Examples of histopathological pictures that 

demonstrate the existence of variety are shown in Fig. 1. These difficulties make the 

diagnosis procedure difficult and time-consuming. 

 

Figure 1. Exemplar variability exists in H&E-stained Colon Histopathological images. 

(a) Images depicting variations belonging to the Benign Class and (b) Images 

depicting variations belonging to the Malignant Cancer class. 

 

In contemporary pathology departments, the typical consultation effort increases by 

5 to 10% annually. As a result, each pathologist must work harder to care for more 

patients. Due to this, there is a great likelihood that their routine job will be 
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inadequate, and the pathology labs would therefore malfunction. Additionally, there 

is a strong need for specimen examinations in gastrointestinal clinics, but 

pathologists often need to complete more than 10 years of training. These current 

patterns point to an impending pathologist shortage on a global scale. Therefore, it is 

imperative to create trustworthy methods for pathological image analysis that can 

enhance clinical competence in determining CRC diagnosis without the introduction 

of any unintentional human bias. 

Deep learning (DL), a recent innovation in artificial intelligence approaches, has been 

shown to be effective in classification and prediction tasks. There are many DL 

applications that have been put into practice, particularly Convolutional Neural 

Network (CNN), which is used to efficiently analyze histopathological image data for 

tumor cell detection and classification, grade classification, and survival prediction 

for various cancers. The majority of these currently used CNN architectures for CRC 

histological image processing are focused on pathology tasks following cancer 

diagnosis. The employed dataset size is frequently small and does not significantly 

represent the multiple clinically-defined histologic variations of CRC, despite the fact 

that they are successful in obtaining high accuracy levels. 

Additionally, deep neural networks frequently have problems including an unfocused 

feature refinement process, the loss of crucial spatial information, declining gradient 

and resolution, as well as other things that could restrict their potential. When used 

in conjunction with other independent datasets with various clinical situations, these 

limitations increase prediction errors. The majority of the models that are now being 

offered, however, were developed solely using datasets from a single source, with 

no other datasets used for validation. The classification of either the textural tissue 

structures or the cancer grades in the patches is the extent of these planned study 

efforts; tissue structure analysis is not included. 

Additionally, it is unclear how frequently they can be applied to the CRC diagnosis in 

various clinical scenarios including various platforms and picture qualities. Therefore, 

it is still necessary to develop a DL-based method that can be used to routine 

pathology diagnosis, reduces the clinical burden on pathologists, and improves 

diagnostic precision. 

Therefore, an automated deep learning-based classification technique offering 

clinical information, incorporating referential secondary opinion, and minimising 

human errors is presented in this paper to address these issues with digitized 

histopathological image analysis and to fill these cited research gaps. Here, a CNN  

 

architecture with three unique modules—enhanced convolutional learning modules 

(ECLMs), attention learning modules (ALMs), and transitional modules (TMs)—is 

suggested, drawing inspiration from the recent success of multi-scale feature fusion, 

residual learning, and attention learning. These modules are combined to create the 

proposed CNN architecture, which improves focused multi-scale feature extraction 
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and facilitates accurate categorization of tissue architectures and cancer grades in 

H&E-stained CRC histopathology images.This makes the suggested model extremely 

useful for enhancing the accuracy and competence of CRC diagnosis and its therapy. 

The following statement sums up the suggested categorization model's key 

contribution: 

1. The suggested classification model is integrated with better learning 

potential, focus-refinement ability, and infusion of deep multi-scalar features 

to counter the data-hungry aspect and combine effective textural analysis. As 

a result, the tissue architectures of the H&E-stained Colon histopathology 

pictures are precisely and effectively classified, together with the cancer 

grades. 

2. Five different datasets from various scan sites are employed here to reduce 

digital variability that exists in clinical data. In order to develop the network's 

invariance against the presence of artifacts, noise, mimics, the impact of 

various staining and scanning procedures, and the magnification scale 

present in actual clinical data, a variety of stain-invariant pre-processing 

approaches are also used. This also makes a considerable improvement to 

the proposed classification model's robustness and generalizability. 

3. Here, along with quantitative analyses and visualizations of activation 

mapping, the pathologists' validation score is used to show clinical 

comparability and usefulness of the proposed model. Pathologists are 

included at every level of the proposed study effort because their 

engagement in nearly all of the preceding work was neglected. This is done to 

close the gap between deep learning-based classification models and real-

world clinical approaches. The ultimate purpose of automated categorization 

algorithms is to help pathologists, therefore this is done. 

This thesis serves as one of the few opportunities to delve deeper in current 

applications and future implications of artificial intelligence and machine learning in 

the surgical world, using colorectal cancer as a working example for innovations 

already proven advantageous to patients and physicians alike. Through this work, we 

aim to concentrate reviews of existing applications of artificial intelligence in surgery, 

and colorectal surgery, as well as include our own proposition on a novel 

classification algorithm for pathological slides. 

 

 

1.1.1 Structure of the thesis 

 

The present work was structured with a framework of a working textbook on 

deep learning applications in surgical approaches in mind. As such, our work 

is split in four large subsections, containing both a thorough review of the 
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literature regarding deep learning applications in surgery, building up to our 

own work of a proposed architecture for a novel classification algorithm for 

colorectal carcinoma pathological slides.  

 

The first part of the thesis focuses on literature reviews of the most 

prominent current applications of deep learning in the Surgical Sciences, 

including but not limited to applications regarding colorectal cancer patients. 

Among the concepts presented, are applications of Information and 

Communication Technology in Surgical Practice, the world of Internet of 

(Surgical) Things and were it stands today, and Computer Vision applications 

in everyday surgical practice. 

 

The second part provides a focused review of current literature, regarding 

the use of artificial intelligence in image processing of pathological slides of 

colorectal cancer patients. This is utilized as a stepping stone towards the last 

part of the book, were we explore in depth, a proposed algorithm for the 

classification of benign / malignant pathological specimens based on 

pathological slides. 

 

 

2 Information and Communications Technology (ICT) in Surgery 

 

Information and communication technology is used to cover a broad category of 

things rather than a single specific item. In terms of ICT, it refers to all devices, 

networks, and systems that facilitate interaction with the digital world. Although ICT 

sometimes gets confused with IT (information technology), ICT encompasses more 

components, including data, internet access, software, hardware, and 

communications technologies. In addition, ICT embraces combining those 

technologies and applying them. As ICT capabilities have developed, vendors have 

been able to develop and deliver a variety of technologies at a lower cost, while also 

offering new market opportunities. In medicine ICT has a broad spectrum  

 

Information and communications technology (ICT) has revolutionized the practice of 

surgery and has created tremendous potential for improved patient outcomes. ICT 

involves the integration of hardware, software and networks for the purpose of 

managing, monitoring and sharing medical information. [1] It has enabled health 

care professionals to utilize modern mobile, wearable, and AI-powered devices to 

diagnose, treat, and monitor the health of patients. [2] 
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2.1 Definitions of ICT in Surgery 
 

ICT in Surgery encompasses a wide range of technologies that are used in the 

practice of surgery. This includes but is not limited to, digital imaging technologies 

such as X-ray and magnetic resonance imaging (MRI), telemedicine technologies 

such as remote video consultation, robotics and automation and data acquisition, 

storage and retrieval systems.  

Predictive modeling is a type of ICT technology that can be used in surgery to help 

predict outcomes and develop treatment plans. This technology relies on data 

analytics to identify patterns and trends in patient data, which can then be used to 

forecast future outcomes. This information can be used by surgeons to develop 

more personalized and effective treatment plans for their patients. predictive 

modeling is therefore a powerful tool that can help improve the quality of care in 

surgery [3,4]. 

Robotic surgery leverages ICT technology to perform highly precise and minimally-

invasive surgeries. This type of surgery uses robotic arms controlled by a surgeon to 

perform delicate operations with great precision. Robotic surgery often results in 

less blood loss, fewer complications, and shorter hospital stays for patients when 

compared to traditional surgical techniques. [5,6] 

Image guided surgery uses ICT technology to provide surgeons a detailed map of the 

operating area, allowing for greater precision in their operations. This technique 

makes use of images generated by MRI or CT scans to create a 3D model of the 

patient’s anatomy. This information is then used by the surgeon during the 

operation to ensure they are operating on the correct area. Image guided surgery 

has been shown to significantly reduce surgical errors and improve patient safety. 

Electronic medical records allow for the easy and secure sharing of medical 

information amongst doctors, nurses, and medical staff involved with the patient’s 

care. This system allows for all members of the healthcare team to have access to 

up-to-date. 

 

 

2.2 Applications of ICT in Surgery 
 

Applications of information and communication technology (ICT) in surgery are 

becoming increasingly common. ICT can be used in a number of ways to support 

surgical procedures, including preoperative planning, intraoperative guidance, and 

postoperative analysis. 

Preoperative planning using ICT can help to improve the accuracy of surgical 

procedures. Intraoperative guidance can provide real-time visualization of the 
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operative field, helping surgeons to avoid potential complications. Postoperative 

analysis can help to identify any areas where improvements could be made. [7,8[ 

One application of ICT (Information and Communications Technology) in surgery is 

telesurgery, wherein operations are remotely performed by surgeons at different 

locations.(9)This technology allows collaboration between surgeons, medical 

professionals and experts in different locations and provides patients with quick 

access to healthcare in remote areas.[ 5,10] 

 

A second application of ICT in surgery is the use of robots and robotic systems. These 

systems are used to aid surgeons in conducting operations, as well as providing 

precise positions, instrument control and maneuvering. [11] In addition, robotic 

systems provide surgeons with real-time imaging, the ability to perform complex 

operations, better precision and the ability to reach difficult surgical sites. 

 

A third application of ICT in surgery is minimally invasive surgery. This type of surgery 

uses endoscopes, imaging technology and computer-assisted surgical devices to 

minimize the need for large incisions and minimize 

Information and Communication Technologies (ICTs) have revolutionized the 

practice of surgery, making it an increasingly safe and efficient medical procedure. 

ICT-based tools and applications have enabled improvements in surgical accuracy 

and instrument control, enabling surgeons to plan, execute, and monitor operations 

from remote locations. Furthermore, such technological solutions are helping to 

make precision surgery more accessible, particularly in rural or remote areas. By 

leveraging advances in machine learning, computer vision and artificial intelligence 

capabilities, ICT solutions are helping to improve decision making for minimally 

invasive surgery, automate routine processes, and increase the speed and accuracy 

of diagnosis. In addition, ICTs can improve pre- and post-operative workflows, 

speeding up patient flow while enhancing safety, offering better opportunities to 

provide quality care. [12] 

 

The use of ICT in surgeries is thus an invaluable tool in modern medicine, with its 

potential to revolutionize how the operations are performed and how additional 

digital health components are integrated. The use of ICT in surgery is subject to strict 

regulation, as patient safety is of paramount importance. However, the benefits of 

ICT are becoming increasingly apparent and it is likely that its use will continue to 

grow in the future. 

 

2.3 Review of IoT in Surgery 
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A Smarter Health through the Internet of Surgical Things 

 

Introduction 

Advances in surgical practice have been rapid and non-stop for the past few 

centuries. From the groundbreaking idea by Joseph Lister that postoperative deaths 

might be attributed to certain invisible pathogens that could be combated with 

antiseptic solutions, to the popularization of robotic surgery in many modern 

medical centers, progress has been continuous. Many related advances came in the 

form of technological milestones that changed the shape of surgical practice as we 

know it today. The latest in a series of breakthroughs in the smart health domain is 

the utilization of the Internet in everyday surgical practice, the role of which is ever-

expanding. 

To systematically study the technological advances in a particular sector, attributed 

to the utilization of the Internet, the term “Internet of Things” (IoT) was introduced. 

While not strictly defined, IoT describes a network of Internet-based connected 

things equipped with (embedded) sensing and actuating devices, with data 

production, processing, and consumption abilities. The utilization of the Internet and 

IoT in medical practice can take many shapes and forms. Ranging from the awe-

inspiring telesurgical procedures [13,14] to complex AI machine learning applications 

that aid in medical decision making [15], to a simple email containing a preoperative 

CT scan, the Internet of Surgical Things (IoST) is here to stay. A representative 

example of the IoST is a smart ingestible sensor (pill) that is activated after being 

swallowed [16], “travels” in the body through the colon and sends data to outer 

devices such as computers and smartphones when it detects a threat for cancer. 

Such a device can be used instead of colonoscopy for people who cannot obtain a 

colonoscopy due to psychological and physiological problems. In the broader aspect 

of the IoST context, IoST entities are different types of connected entities that “live” 

in this smart setting,  

 

such as surgical things (e.g., a connected surgery tool) [17], organs (e.g., a connected 

colon, an artificial heart) [18], humans (e.g., a connected patient or doctor) [19], 

smart devices [20] (e.g., a connected heartbeat monitoring device, a smart pill, an 

ingestible sensor), services [21] (e.g., a connected telemonitoring service), data (e.g., 

a connected data steam of heart monitoring data), etc. In this extensive survey, we 

aim to present an overview of current uses of IoT-embedded surgical practice by 

focusing on Telesurgery and Surgical Telementoring. As a secondary research 

question, we also briefly review the latest advances in IoT-associated image guided 

surgery, and surgical patient telemonitoring by utilizing the IoT paradigm. 

Current literature on the Internet of Medical Things (IoMT) includes a multitude of 

heterogenous reports of Internet-based applications within the medical/healthcare 
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domain. Most of the related articles present network(s) of sensor arrays and data 

processing stations, with or without actuating devices, interconnected via the 

Internet infrastructure. There is, however, a lack of a systematic approach within the 

existing literature as to how the IoT concept has revolutionized the surgical world 

towards smarter health. To fill this gap in current knowledge, the present systematic 

literature review studies the Internet of Surgical Things (IoST) domain by focusing on 

the three most prominent areas of application: (a) image-guided surgery, (b) 

telesurgery and telementoring in surgery, and (c) surgical patient monitoring [22,23]. 

Between these three areas of applications within the surgical discipline, the 

applications of Telesurgery and Surgical Telementoring are undoubtedly the most 

influenced by the IoMT concept. Therefore, our systematic review will be centered 

around studies of these applications. Additionally, we will briefly discuss the current 

literature on patient monitoring and IoT applications in image-guidance. 

In this review, we systematically discuss a novel concept (the IoST) that is being 

rapidly incorporated into surgical practice. This is one of the first systematic review 

manuscripts covering this area. By focusing on the three applications described 

above, we provide a thorough understanding of the feasibility and effectiveness of 

different IoST applications. In addition, this paper also summarizes known and 

emerging weak points in IoST ecosystems that should be the focus of future research 

efforts. Finally, by incorporating data from system development studies, we offer 

insight into promising future uses of the IoST that are yet to be popularized but have 

the potential to be groundbreaking advances. 

While there is a lack of a universally accepted definition for the Internet of Things, 

for the purposes of this review, we considered studies looking into ecosystems of 

interconnected computing devices, digital screens, sensor-bearing instruments, 

robotic surgery systems, mobile phones, 5th generation mobile networks, and can 

even include people (in our case either operators or patients. We have focused our 

 

attention on systems operating within the surgical world, connecting two or more 

“Things” (as defined above), via a certain, defined, and dedicated network. Looking 

into our specified research questions, some examples of IoT applications would be, 

for instance, a network comprising a preoperative imaging modality (e.g., MRI 

scanner), a processing station, and software within a specialized robot or specialized 

augmented reality glasses that ultimately aim to facilitate a procedure by 

superimposing real-time image guidance. Telementoring/Telesurgery systems 

usually comprise specialized working stations connected to a user that are capable of 

transmitting audiovisual cues and/or controlling a surgical robot at a distant location. 

Finally, telemonitoring is carried out by an interconnected series of sensor-bearing 

devices that centripetally transmit patient data, either directly to the physician, or to 

a dedicated data-gathering station. 
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The structure of the paper is as follows: Section 2 presents the research 

methodology, Section 3 presents an overview of the main results/findings of this 

survey, Section 4 discusses open issues and challenges, and, finally, Section 5 

concludes the paper. 

 

Materials and Methods 

To meticulously look through the current literature concerning IoT in surgical 

practice, we have formed one primary and two secondary research questions that 

allow us to produce a thorough literature review. These research questions are as 

follows:  

Primary: 

1. What is the latest experience of telesurgery and surgical telementoringwith regard 

to the IoT concept? (See Supplemental Figure S1). 

Secondary: 

1. What are the current applications of IoT technology in image-guided surgery? (See 

Supplemental Figure S2). 

2. How can the IoT be utilized for patient monitoring outside the operating room? 

(See Supplemental Figure S3). 

The presented literature review was conducted using the PubMed (Medline) and 

Web of Science (Clarivate) directories. The search queries for each research question 

as well as universal inclusion and exclusion criteria are presented in Table 1. We have 

used relevant keywords/phrases that characterize the articles of interest, for each of 

the research questions. To collect as many published articles as possible, we have 

incorporated additional articles from less specific queries, which can be viewed in 

Table 1. This was necessary mainly due to the lack of terms “Internet” or “Internet of  

 

Things” within the related keywords. Additionally, due to most of the IoT-related 

applications involving specialized sensor data inputs that lead to data-driven action, 

we have added a separate relevant query for all questions, thus capturing any 

surgical-specific system that would have been missed by the other search queries. 

The PRISMA flowchart of this additional search is presented in Supplemental Figure 

S4. 

 

Table 1. Search Queries. 

Research Question Queries Used in Medline Queries Used in Web of Science 

What are the current (image-guided surgery) and (ALL = (image guided surgery) and (ALL = 
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applications of IoT 

technology in image-

guided surgery? 

((internet of things) or (internet)) (internet of things) or ALL = (internet))) 

What is the latest 

experience of telesurgery 

and surgical 

telementoring with regard 

to the IoT concept? 

(telesurgery) and ((internet of 

things) or (internet)) 

+ 

(telementoring) and (surgery) 

+ 

(telesurgery) 

(ALL = (telesurgery)) and ALL = (internet) 

+ 

(ALL = (telementoring)) and ALL = (surgery) 

+ 

ALL = (telesurgery) 

How can the IoT network 

be utilized for patient 

monitoring outside the 

operating room? 

((telemonitoring) and (surgery)) 

and (internet) 

+ 

(surgery) and (internet of things) 

((ALL = (telemonitoring)) and ALL = (surgery)) 

and ALL = (internet) 

Supplemental Query for 

all Research Questions 

(sensors) and (surgery) and 

((internet) or (internet of things)) 

((ALL = (sensors)) and ALL = (surgery) and (ALL 

= (internet) or ALL = (Internet of Things))) 

Inclusion and Exclusion Criteria 

Inclusion Criteria 

Articles that described clinical or feasibility studies of modalities incorporating 

the IoT framework. Articles that described a system in development, were able 

to demonstrate potential real-life application. 

Exclusion Criteria 

Case reports of previously known modalities. Literature reviews. Opinion or 

Editorial articles. Lack of clarity regarding the utilization of an internet-based 

network. Articles focusing on technical developments rather than surgery-

oriented application potential. Unavailability of text. Articles solely in non-

English languages. Articles from pre-print servers or online-only publication 

platforms. 

 

The presented review includes articles dating from 2010 to 2021. Through these 

years, the development of the Internet was constant, and, as a direct consequence, 

so was the incurrence of IoST-related publications. We have decided to include all 

relevant publications, even when reported methods seemed outdated for today’s 

standards (e.g., the use of dedicated land connections). By doing so, we have 

collected all reports of IoST-related concepts and showcased that the idea of an 

ecosystem of computing devices transferring data without the need for human 

interaction was present in the surgical sciences and practice long before high-speed 

or wireless Internet connections gave birth to IoT. Chronologically, we incorporated 
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studies from 2010 onwards. This decision regarding the period was made largely to 

the fact that the IoT is a novel concept, mainly developed within the past decade. 

Our search for related literature included articles published in peer-reviewed 

journals, as well as published presentations from conferences organized by notable 

scientific societies with a documented history of IoT expertise. We have included 

articles describing the clinical applications of the IoT concept specifically for surgical 

practice. Study designs that were considered for inclusion within the systematic 

review included clinical trials, case series, and animal trials. Several feasibility and 

prototype model studies were also incorporated if they presented clearly defined 

and well-supported potential for clinical application.  

The exclusion criteria of the survey concern the following article types: opinion or 

editorial articles, articles presenting a singular case report of previously a published 

methodology, and literature reviews of a subject. Such articles were deemed as low-

quality articles that would not aid in forming a subjective overview of the IoST. We 

also decided to exclude articles that failed to indicate the presence of Internet-based 

interconnected devices. Articles that focused on technical developments rather than 

clinical applications (e.g., latency-lowering methods, advances in the security of IoT 

networks, advances in specific hardware or software components of a network, etc.) 

were also not included due to the clinically oriented nature of the review. Lastly, we 

excluded articles that were published in non-peer-reviewed platforms such as 

several online-only journals or pre-print platforms, due to concerns regarding their 

methodological quality. 

The reference management tool EndNote was used for detecting duplicates. The 

PRISMA flowchart for each research question was developed, as can be seen in the 

corresponding Figures. In the first step of the selection process, our research team 

excluded detected duplicate entries and articles that were clearly labeled as one of 

the study designs incorporated within the exclusion criteria. Screening of the records  

 

in the second step of the elimination process was carried out by revising available 

abstracts for any obvious signs of mismatching with the inclusion criteria (technically 

oriented studies, singular case reports). All studies deemed appropriate for further 

evaluation were sought for full-text retrieval. The fourth and final step of the review 

process included the evaluation of the full manuscripts, where the more specific 

exclusion criteria were applied (lack of clarity, unavailability of potential clinical use, 

etc.). This review process was the same for each of the three research questions.  
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Figure 2.Connected IoST entities and workflow of an IoST-based 

Telementoring/Telesurgery System. 

 

Figure 3. Connected IoST entities and workflow of an IoST-based Image-Guided 

Surgical System. 

 

Figure 4. Connected IoST entities and workflow of an IoST-based Telemonitoring 

System. 

3. Results 

Following a literature search and a gradual article elimination process, a total of 48 

studies were selected for reviewing regarding our primary research question 

(Supplemental Figure S1). Of these studies, 36 were observational studies conducted 
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within a clinical environment, evaluating either patients or healthcare professionals. 

Twelve studies were classified as feasibility or system development studies. In total, 

the studies included in this review incorporated data from 219 patients, and 757 

healthcare professionals, and concern studies that use IoT in Telesurgery and 

Telementoring. The utility and main findings of each study is highlighted in the 

corresponding column of the supplemental tables. The studies in the field of IoST are 

rather few, and seemingly characterized by a high degree of heterogeneity regarding 

variables, study designs, and outcome types; therefore, it is not easy to identify a 

formal and systematic way to synthesize and report a cumulative and quantitative 

outcome. In that respect, in this paper we present a narrative review of the IoT in 

Telesurgery and Surgical Telementoring.  

Regarding our secondary research questions on Image-Guided Surgery (IGS), and 

surgical patient Telemonitoring, we systematically gathered 14 and 19 studies, 

respectively. Studies regarding the IoT in IGS incorporated experimental data from 

111 patients and 35 patient models in total. Of the included studies, 7 were clinically 

based, and another seven were system development/feasibility studies. As for the 

IoT in surgical patient Telemonitoring, of the 19 studies, 15 were clinical studies, and 

4 discussed newly developed IoT-based telemonitoring systems.  

 

 

2.3.1 The Internet of Telesurgery and Surgical Telementoring 

 

Perhaps the most impressive advancement the technological applications were able 

to provide in the surgical world is the incurrence of the telesurgical procedures. 

When discussing the prospects of IoT applications within surgical theaters, there are 

two key concepts in existence to keep in mind: telesurgery, and telementoring. 

While telesurgery describes the performance of a surgical operation by a remotely 

located surgeon, utilizing a network of devices with the aim of transferring the 

surgeon’s haptic commands to a robotic surgery system, telementoring is the 

performance of live surgery on-site, with the live assistance of a more experienced 

surgeon, located off-site [21–37]. In order to achieve the latter, a network of 

connected cameras, microphones, screens and computers is necessary [37-43]. A 

fundamental outline of the network and crosstalk required is depicted in Figure 1. 

This connection is mostly provided through the Internet nowadays, and with new 

and emerging technologies, such as the fifth generation of mobile networks, 

implementation of teleservices is expected to grow (Supplemental Table S2). A 2017 

systematic review of the literature on telementoring in the operating room revealed 

that operating times and complication rates were the same when compared to on-

site live mentoring of younger surgeons [44]. This showcases that telementoring 

possibly has the potential to supplement live surgical training and might allow 

trainees to even surpass their educational goals when mentored remotely. 
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In addition, telementoring has the potential of long-distance consultation with senior 

and specialized surgeons who can provide live assistance in the operation rather 

than a simple preoperative consultation, or the costly option of transferring difficult 

to manage cases in specialized units [27–32]. Systems that are developed for surgical 

telementoring in live surgery can also be expanded with an array of biosensors for 

physiological parameter monitoring that is transmitted directly to the mentoring 

surgeon [39], allowing for the complete monitoring of the surgical patient, rather 

than just the surgical procedure. Studies evaluating the satisfaction outcomes of 

surgical trainees whenever live proctoring from a distance was used reveal 

universally high satisfaction rates [40–37] that were common to both mentors and 

mentees. Participants of said studies felt that telementorship sessions with more 

experienced surgeons would be a useful addition in surgical education curriculums 

[45-52]. Even when utilized for teleconferencing and simple audiovisual transmission 

of an operation for teaching purposes, participants rated positively to their 

experience more than 90% of the time [45,53-55]. This goes to show that the 

introduction of the Internet in the everyday surgical practice can have a pragmatic 

impact in the education of younger surgeons, particularly at low costs and without 

complex institutional requirements. Telementoring in surgery allows the safe 

transfer of knowledge and skill aptitude from a more experienced surgeon to a 

younger mentee. 

Studies reporting telementoring techniques within the OR were split broadly in the 

two categories of the studied teaching method. The simplest form of surgical 

telementoring includes the live observation of a surgical procedure by a distant 

senior surgeon who can provide audiovisual guidance through an Internet 

connection, or a more advanced form of proctoring including the distant 

manipulation of a camera-bearing surgical robotic arm. 

A study by Hinata et al. [40] compared in a systematic manner the perceived 

differences in live mentoring with telementoring in robotic surgery. Apart from 

requiring a stable and fast internet connection being the single drawback, all of the 

postoperative parameters of the surgical patients were the same between the 

differently mentored groups in almost all the included studies. In another 

comparative study of internet-based telementoring versus in-person telementoring, 

not only were the postoperative results the same between the two groups of 

mentees, but the mentors also showed a significant trend towards telementoring 

[39], while in some studies, mentees achieved better postoperative results when 

distance-mentored [55-60]. In a report on telementored trainees that performed 

bariatric surgery procedures, those that utilized Internet-based mentoring achieved 

fewer complications, shorter operative hours, as well as shorter hospitalization time 

[13]. In addition, Altieri et al. studied whether delivering a surgical skills course over 

the Internet would be less effective than live mentorship [41]. After the course was 

completed, the trainees were also found not to perform similarly in the post course 

assessment, but also showed non-inferior skill decline patterns for a few weeks after 

the course. These results prove that internet-based mentoring in surgery can be 
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similarly effective in the long-term skill-honing process and is not confined in short-

term positive outcomes. Additionally, they found that within every study describing 

an internet-based telementoring system, there were almost no unexpected intra-

operative complications [59]. This proves that the use of the Internet as a mentoring 

tool can be a safe alternative, even when within a high-risk environment such as the 

operating room (OR). 

With the incurrence of high-speed network connections, the handling of larger data 

transmissions at no expense of the perceived live mentoring was made possible. 

Utilizing such connections, several research teams were able to integrate AR within 

surgical telementoring. In these publications, authors describe the use of specialized 

AR glasses by the mentees [22,45–47,55–62]. The glasses were equipped with 

cameras providing live feeds of the surgical field that were transmitted through the 

Internet to a distant mentor. The mentoring station on the other end includes 

motion tracking sensors and cameras that capture the mentor’s movements. These 

movements are superimposed on the mentee’s field of view and on to the surgical 

field through the specialized glasses in order for the mentee to closely follow along. 

The trainees assigned to be mentored with this system achieved higher scores on 

operational evaluation and were prone to less mistakes [22,48,55–58,61-64]. In one 

clinical study, AR telementoring was compared with simple telementoring through 

audiovisual transmission and audio guidance [56,60]. People mentored with the AR 

system made less mistakes and were more accurate. However, in several similar 

studies, authors noted that mentees on such systems required more time to 

complete the simulated procedure [44,46,54,56,]. Additionally, we must not forget 

the increased cost of such systems, as they require not only high-bandwidth internet 

connections, but sophisticated equipment for the mentor and mentee stations. Such 

equipment may not be readily available at most institutions. Andersen et al. [22] 

took the AR systems a step further by incorporating pre-recorded footage of similar 

operations that could be viewed directly onto the mentee’s display. Operative 

results were encouraging; however, the individual variability in patients posed a 

drawback, since the pre-recorded operations could not account for variability. 

More advanced telementoring systems include the ability of the remote mentor to 

assume control of part of the operating system, most commonly the laparoscope-

containing arm of the surgical robot [52,54,57,59]. Advantages of this setup is the 

ability to provide direct feedback to the mentee and demonstrate the appropriate 

handling of the instruments, even though the mentor is located remotely. In our 

group of studies evaluating similar setups, all reported operations were carried out 

successfully by the mentored surgeons without intra-operative complications. 

Mentees also reported that they preferred the distant mentoring to on-site 

mentoring. In a study by Prince et al. on simulated surgical tasks [26], mentored 

surgeons that utilized the telementoring system who allowed for instrument control 

by the mentor scored higher on dexterity assessment tests than those who did not. 
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Telementoring with the use of Internet connections in surgical specialties, however, 

is not limited to the operating room. Authors have reported utilizing telementorship 

to organize skill stations, assess the work of mentee surgeons, broadcast live 

operations for teaching purposes, teach postgraduate courses, conduct virtual grand 

rounds, etc. [45–53,62–65]. In all of these activities, the mentees rated their 

experience almost universally positively. A recent endeavor by Greenberg et al. [51] 

evaluated a novel surgical skill simulation course that incorporated AR. Post-course 

evaluation revealed not only satisfied students, but increased aptitude as well. 

Suzuki et al., developed a surgical training system, using software that could provide 

an accurate virtual surgical case and robotic controllers that could be connected to 

the mentee’s PC for a training session. In addition, the software, in addition to the 

patient models, was available as a cloud-based product, meaning that the exact 

same simulation can be accessed from anywhere in the world. 

Indeed, distance mentoring with the use of the Internet also has certain drawbacks. 

Firstly, as it is often underlined by authors, all the systems described here require a 

stable, and, in many instances, high-bandwidth Internet connections. This is often an 

issue with smaller institutions, or institutions at developing countries. In addition, 

many of the systems included here, require much more than a webcam and a 

microphone. Complex setups for surgical telementoring often include robotic 

systems, expensive software, AR glasses, specialized simulation instruments and 

more. All the above can prove to be a substantial cost that reaches prohibitive status 

in certain healthcare systems. Trainees that make use of telementoring systems 

outside the operating room, have also reported that the experience, although 

positive, could never replace their presence within the OR [51]. In several studies, 

authors report one or more instance of technical difficulties with the remote 

mentoring systems, such as audio or video failure, latency times or interruption of 

connections [54]. Seeing that these studies are mostly dated prior to 2015, we can 

hypothesize that such difficulties were a result of inferior internet capabilities, an 

issue largely resolved in today’s practice, where fast internet speeds are widely 

available. Scheduling of the mentoring sessions can also prove to be a minor issue 

when the mentor and mentee are in different time zones. However, this is not 

something that careful planning cannot address. Lastly, there is also an additional 

hindrance mentioned by authors in telementoring and telesurgery. This is none 

other than legal considerations that must be addressed. Although not expected to 

differ significantly than standard practice, there is still a gap of specific legislation 

around telemedicine in general that will need to be filled before telemedicine 

services are offered as a standard of care. 

Telesurgery is closely related to another relatively recent advancement in the 

operating room: robotic surgery. In fact, robotic surgery (the next logical step to 

laparoscopic surgery) was crucial in planting the idea that if a surgeon can command 

a machine and perform a procedure from a few meters away, why not apply the 

same principle in larger distances, perhaps even transatlantic ones. In theory, by 

utilizing a complex internetworked system of cameras, video streaming, feedback 
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data and data processing and transmission devices, the remotely situated surgeon is 

able to operate the robotic surgery system and provide real-life, quality surgical 

outcomes. In this scenario, the IoT concept is mainly applied in the collection, 

transmission and exploration of the collected data, as well as within the bidirectional 

transmission of signals. The data processed and transmitted include audio, video, 

and images. In some experimental systems, where remote control of robotic surgery 

modalities is involved, the data also include feedback related to the positioning of 

the robotic arms, the surgeon’s hand positioning and movement. The major 

impending factor in achieving this, however, was none other than the delay, caused 

by relaying large amounts of data in a wireless manner over large distances. The first 

recorded instance of a long-distance surgical procedure was an experimental 

cholecystectomy performed by the team of Marescaux et al. on swine specimens 

[52]. In their experimental study, all operations were successful, and the measured 

latency between the command given by the remotely located surgeon, and the 

observed response was 155 ms, indicating future perspectives where such surgeries 

might be part of the everyday practice. The first validation that performing surgical 

procedures from a distance was feasible and safe came in 2002 from the same 

research team [90] that performed the first ever cholecystectomy on a real patient, 

utilizing a robot that was controlled overseas. 

Since then, the telesurgery concept has come a long way, with one major milestone 

being added recently, namely, the incorporation of 5th generation mobile networks 

in surgical practice. Study groups evaluating the feasibility of remote-controlled 

robotic surgery systems have found that it is a realistic option for performing surgical 

operations, with no additional risk for the patient and comparable surgical outcomes 

[54–65]. The feasibility of remote surgery application is such that surgical teams 

have achieved successful operations with optimal postoperative results from a 

remote site of more than 3000 km away from the primary site where the operating 

suite is located. This means that patients are now able to receive specialized surgery 

without having to relocate to a specialized surgical center. Utilization of high-speed 

internet connections is usually in the form of fiber optic connections, or more 

recently 5G mobile networks, and allow minimal latency within surgical practice, 

meaning increased safety for the patient as the operator is confident of their 

movements within the surgical field [51. Within the included studies, all of the 

authors report no intra-operative complications, in addition to no further time 

delays of the surgery. Therefore, we can only expect for direct telesurgery with 

remote handling of surgical robots to be further expanded in the future, making 

surgical care available for less developed areas in a safe and highly efficient manner, 

comparable to live surgery. However, before widespread implementation, key issues 

of telesurgical systems need to be addressed [53–62]. These include further 

limitation of latency between stations, addressing safety concerns regarding cyber 

security, as well as the newfound liability due to medical damage caused by remotely 

operated robotic surgery systems. Financial imbalances between populations and 

countries are perhaps the greatest obstacle to the popularization of long-distance 
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surgery. However, as the years progress, the availability of stable and fast Internet 

connections is on the rise and the costs of medical infrastructure, while substantial, 

can be surpassed by the cost-effectiveness of such advances [60]. 

Authors have also compared the different options of Internet connections that were 

applied to telesurgical procedures, namely, land cable connection with satellite 

connection. No differences in operative parameters such as blood loss or total 

operational time were found, and the participants felt equally confident with both 

modalities. In one study, the satellite Internet connection produced significantly 

greater latency times between the operator and the surgical robot; however, they 

were not sufficient to constitute the operation as unsafe. 

Table 2: Studies evaluating the IoT in Telesurgery or Surgical Telementoring 

Studies 

Evaluating 

the IoT in 

Telesurgery 

or Surgical 

Telementor

ing 

Type of 

Study 

Evaluated 

approaches 

– Connected 

IoT entities 

No of 

Participa

nts 

Proposed 

Advantages 

Limitations 

Patel et al 

(2021) 

Study on 

Trainees 

Surgical 

Training 

Tasks with 

the aid of 

webcam-

delivered 

mentorship.– 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

21 

Students 

The system 

was easily 

understood 

by students. 

High 

satisfaction 

scores when 

grading the 

teaching 

system. No 

problems 

with 

audio/video 

feed. 

The 

mentoring 

laptop and 

the robotic 

system's 

screen 

meant that 

the 

participant 

had to avert 

their gaze. 

Some 

instances of 

video quality 

temporarily 

dropping. 

Morohasi et 

al (2021)  

Simulation 

of Surgical 

Tasks 

Evaluation of 

the 

connection 

between 2 

hospitals in a 

distance of 

150km was 

12 

Surgeons 

The recorded 

delays were 

minimal, and 

were not 

expected to 

have any 

impact on 

- 
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tested.– 

Connected 

Surgeon to 

Surgical 

Robot 

real-life 

scenarios. 

Chu et al 

(2021) 

Feasibility 

Study on 

Animal 

Models 

Remotely-

controlled 

robotic 

surgery 

system. 

Connection 

between 

operator 

station and 

the 

controlling 

terminal was 

achieved 

utilizing the 

5G wireless 

network – 

Connected 

Surgeon to 

Surgical 

Robot 

3 Swine 

Patient 

Models 

Surgeries 

carried out 

successfully. 

No 

postoperativ

e 

complication

s. Critical 

structures 

were easily 

identified 

and 

preserved. 

Delay 

recorded at 

250ms. 

- 

Huang et al 

(2021) 

Develome

nt of 

Prototype 

System 

Augmented 

reality was 

utilized to 

superimpose 

preoperative 

3D models of 

the target 

organ. The 

augmented 

reality 

overlay, was 

transmitted 

over the live 

feed of the 

camera, to a 

remote 

operator 

location – 

- User-friendly 

system. 

Potential for 

reduction of 

surgical 

times. 

Potential for 

similar 

accuracy as 

conventional 

methods. 

- 
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Connected 

Preoperative 

Imaging, 

Remote 

Surgeon and 

Surgical 

Robot 

Sachdeva et 

al (2020) 

Develome

nt of 

Prototype 

Model 

A novel 

approach for 

tracking the 

robotic tools 

in 

telesurgery, 

with the aid 

of a deep 

learning 

neural 

network that 

allowed for 

optical 

rather than 

sensory 

recognition – 

Connected 

Tracking 

Sensors to 

Data 

Collection 

Module 

- System was 

accurate in 

perceiving 

the 

positioning 

of the arms. 

Total latency 

time was 299 

ms. Can 

further 

lessen 

latency times 

in 

telesurgery, 

to include 

areas with 

lower 

internet 

speeds. 

System lacks 

depth 

perception. 

Wirz et al 

(2015) 

Feasibility 

Study 

Telesurgery 

approach for 

the removal 

of pituitary 

tumors over 

a distance of 

800km – 

Connected 

Surgeon to 

Surgical 

Robot 

- No 

additional 

surgical 

times, low 

observed 

latency at 

10,37ms. 

Concerns 

over 

sterilization 

of the 

equipment 

required. 
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Zheng et al 

(2020)81 

Clinical 

Study 

Integration 

of the 5G 

network on 

the 

telesurgical 

approach of 

laparoscopic 

surgical 

procedures. 

Distance 

between 

centers was 

at 3000 km – 

Connected 

Surgeon to 

Surgical 

Robot 

4 Patients All surgeries 

were 

completed 

successfully. 

No 

postoperativ

e 

complication

s. Minimal 

blood loss 

was 

recorded. 

Latency of 

264ms did 

not interfere 

with the 

procedures. 

Need for 

further, 

larger 

studies on 

humans. 

Surgical 

systems 

need to be 

more 

compact to 

facilitate 

telesurgery. 

Gaps in 

medical laws 

need to be 

addressed. 

Glenn et al 

(2016)63 

Survey A survey 

among rural 

surgeons, to 

determine 

views on 

telementorin

g, via high 

speed 

internet 

connections 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

159 

Surgeons 

The vast 

majority of 

surgeons 

reported 

that they 

viewed 

telementorin

g as a 

positive 

addition to 

their surgical 

practice. 

High interest 

was 

recorded for 

live-feed 

intraoperativ

e 

telementorin

g, as well as 

for trauma 

consultation. 

Financial 

concerns 

were 

common 

among 

surgeons. 

Unavailabilit

y of reliable 

internet 

connection 

was raised as 

an issue. 

Lack of 

investments 

in 

specialized 

telementorin

g systems. 

Legal 

consideratio

ns. 



 

34 
 

Image Processing and Deep learning for Colorectal Cancer Diagnosis 

Francesk Mulita 

Διπλωματική Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα Πληροφορικής» του 

φοιτητή ΦΡΑΝΤΣΕΣΚ ΜΟΥΛΙΤΑ 

Agrawal et 

al (2014) 

Study on 

Trainees 

Several 

teaching 

methods 

were done in 

a distance 

learning 

fashion 

utilizing 

internet 

connection.– 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

38 

Surgeons 

90% of the 

participants 

found the 

implementat

ion helpful in 

knowledge 

transmission.  

Concerns 

over 

whether 

tele-

consultation 

would be 

viable in 

low-resource 

settings. 

Lenihan et 

al (2011) 

Clinical 

Study 

Use of 

internet 

connection, 

in order for a 

distant 

surgeon to 

observe and 

proctor 

trainees on a 

robotic 

surgery 

system – 

Connected 

Surgeon to 

Surgical 

Robot 

28 

Patients 

All surgeons 

found the 

proctoring 

extremely 

helpful in 

bettering 

their 

technique. 

Costs were 

avoided, as 

live 

mentorship 

would have 

been 

expensive. 

No change in 

surgical 

outcomes. 

Some 

problems 

with 

intraoperativ

e audio 

transmission

. 

Park et al 

(2012) 

System 

Developm

ent 

Developmen

t of a 

telesurgical 

robotic 

system. 

Incorporates 

connection 

of operator 

to robot, via 

the Internet 

- The system 

setup 

allowed for 

feasibility in 

real-life use. 

Some delays 

were 

recorded. 
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– Connected 

Surgeon to 

Surgical 

Robot 

DeKastle 

(2009) 

Study on 

Trainees 

Application 

of the 

broadcast of 

a live-feed 

surgical 

operation to 

nursing 

students, 

with 

simultaneous 

on-site 

teaching – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

60 

Students 

The 

interactive 

lesson, was 

deemed 

influential 

for the 

choice of 

future 

career. 

Almost all of 

the trainees, 

found the 

live feed 

video helpful 

in their 

development

. 

Many 

students 

pointed out 

that this 

experience 

did not 

substitute 

being taught 

within the 

operating 

room itself. 

Prince et al 

(2018) 

System 

Developm

ent 

Developmen

t of a system 

for 

telementors

hip during 

live 

laparoscopic 

surgery.– 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

14 

Trainees 

The mentor 

could 

assume 

control of 

the trainee's 

system. 

Instrument 

movement 

of the 

mentor 

could be 

replayed for 

the mentee. 

The system 

can compare 

performance

s and 

provide 

feedback to 

the mentee. 

- 



 

36 
 

Image Processing and Deep learning for Colorectal Cancer Diagnosis 

Francesk Mulita 

Διπλωματική Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα Πληροφορικής» του 

φοιτητή ΦΡΑΝΤΣΕΣΚ ΜΟΥΛΙΤΑ 

The trainees 

that used the 

system, 

scored 

higher on 

the dexterity 

assessment 

than those 

who did not. 

Acemoglu 

et al (2020) 

Feasibility 

Study 

Application 

of a 5G-

based 

telesurgery 

system, with 

a robotic 

surgery 

interface.– 

Connected 

Surgeon to 

Surgical 

Robot 

- The surgeon 

reported 

confident 

control of all 

instruments. 

The 

operations 

were 

successful. 

Maximum 

delay was 

140ms. 

- 

Tian et al 

(2020)84 

Clinical 

Study 

Application 

of a 5G-

based 

telesurgery 

system, with 

a robotic 

surgery 

interface. – 

Connected 

Surgeon to 

Surgical 

Robot 

12 

Patients 

All 

operations 

were carried 

out 

successfully. 

No 

postoperativ

e 

complication

s were 

recorded. 

Accuracy 

was optimal. 

Surgeons 

must be 

trained in 

robotic 

surgery. 

Telesurgery 

is not yet 

tried in 

complex and 

difficult 

cases. 
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Hinata et al 

(2014) 

Clinical 

Study 

Comparison 

of 

telementorin

g versus live-

mentoring in 

robotic 

surgery – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

30 

Patients 

The 

telementorin

g system was 

reliable, with 

no 

interruptions 

of audio or 

video 

recorded. All 

postoperativ

e 

measuremen

ts of the 

patients, 

were 

comparable 

between the 

two groups. 

Requires 

reliable and 

fast internet 

connection. 

Safier et al 

(2015) 

Study on 

Trainees 

Evaluation of 

a remote 

monitoring 

and 

supervision 

system by 

surgical 

trainees – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

21 

Trainees 

Significant 

positive 

feedback 

from 

residents. 

Trainees 

reported 

comfort with 

no negative 

impact on 

patient 

safety. All of 

them felt 

comfortable 

proceeding 

without live 

supervision. 

- 

Shin et al 

(2014) 

Study on 

Trainees 

Comparison 

of live 

operationg 

room (OR) 

mentoring, 

with 

telementorin

g practices – 

55 

Patients 

Mentors 

chose 

remote over 

on-site 

mentoring. 

Skill 

assessment 

scores were 

17% of the 

wireless 

telementorin

g sessions 

were 

interrupted 

due to 

connection 
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Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

similar in the 

two groups. 

issues. 

Din et al 

(2021) 

Clinical 

Study 

Evaluation of 

a 

telementorin

g platform 

for corneal 

eye surgery. 

The platform 

utilized 5G 

network, to 

transmit  

video to a 

distant 

experienced 

surgeon– 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

3 

Surgeons 

Both the 

surgeons and 

the proctor 

evaluated 

the 

experience 

as extremely 

positive and 

helpful. No 

technical 

issues were 

recorded. 

- 

Schalachta 

et al (2010) 

Clinical 

Study 

Telementore

d 

laparoscopic 

surgery, with 

the use of 

the Internet 

for video and 

audio 

transmission 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

20 

Patients 

The long-

distance 

mentoring 

had a 

positive 

effect on 

surgical 

times. 

- 

Rojas-

Munoz et al 

(2020) 

System 

Developm

ent 

An AR 

telementorin

g system, 

where a 

- First 

responders 

trained with 

the system, 

- 
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distant 

experienced 

surgeon 

could view a 

live feed of 

an operating 

view, and in 

turn could 

provide 

instructions. 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

scored 

higher in 

surgical skills 

evaluationsa

nd 

demonstrate

d safer 

techniques. 

Liu et al 

(2021)69 

System 

Developm

ent 

An AR 

telementorin

g system, 

where a 

distant 

experienced 

surgeon 

could view a 

live feed of 

an operating 

view, and in 

turn could 

provide 

instructions. 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

- The trainee, 

could 

accurately 

replicate the 

mentor's 

hand 

motionsand 

succeeded in 

a mock 

procedure. 

- 
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Altieri et al 

(2020) 

Study on 

Trainees 

Randomized 

Clinical Trial, 

comparing 

the live 

teaching of 

surgical 

energy 

devises use, 

with the 

correspondin

g 

telementore

d teaching – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

65 

Trainees 

Post-course 

assessment 

was similar 

between the 

two groups. 

Long-term 

performance 

decline was 

non-inferior 

in the 

telementore

d group. 

Costs of such 

events might 

be higher 

when 

telementorin

g is used. 

Tel et al 

(2020) 

Study on 

Trainees 

Surgical 

procedures 

were 

broadcast 

live for 

surgical 

trainees at a 

distance. The 

broadcast 

was 

projected on 

an 

interactive 

whiteboard, 

where 

participants 

could use 

their smart 

devices, to 

annotate 

during the 

surgery – 

Connected 

Mentors, 

Mentees and 

90 

Trainees 

Satisfaction 

index of 90% 

was 

achieved. No 

quality losses 

in image 

were noted. 
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Presentation 

Tools 

Rojas-

Munoz et al 

(2020) 

Study on 

Trainees 

An AR 

telementorin

g system, 

where a 

distant 

experienced 

surgeon 

could view a 

live feed of 

an operating 

view, and in 

turn could 

provide 

instructions. 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

20 

Trainees 

The study 

group 

assigned to 

the 

telementorin

g system, 

achieved 

higher 

procedure-

related 

scores, and 

were prone 

to less 

errors. 

- 

Rojas-

Munoz et al 

(2020 

Study on 

Trainees 

An AR 

telementorin

g system, 

where a 

distant 

experienced 

surgeon 

could view a 

live feed of 

an operating 

view, and in 

turn could 

provide 

instructions. 

– Connected 

Mentors, 

Mentees and 

Presentation 

20 

Trainees 

The study 

group 

assigned to 

the 

telementorin

g system, 

achieved 

higher 

procedure-

related 

scores, and 

were prone 

to less 

errors. 

participants 

with fewer 

experience, 

performed 

better when 

The 

telementorin

g group, 

required 

more 

guidance 

time on 

average. 
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Tools trained using 

the AR 

system. 

Lacy et al 

(2019) 

Clinical 

Study 

The 

mentored 

surgical team 

was 

monitored 

with cameras 

and 

microphones

, that 

transmitted 

data via a 5G 

network, The 

mentor also 

received live 

image feed 

of the 

laparoscope 

and provided 

live feedback 

and 

annotated 

guidance – 

Connected 

Mentors, 

Mentees, 

Smart 

2 Patients The mentees 

rated with 

an almost 

perfect 

score, both 

the image 

transmission 

and the 

mentoring 

quality. Both 

surgeries 

were 

completed 

without 

complication

s. 

Not enough 

data in order 

to 

systematicall

y allow for 

pure 

telesurgical 

procedures. 

Surgeon 

experience is 

connected 

with the 

feasibility of 

the method. 
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Devices and 

Surgical 

Tools 

Netzer et al 

(2019) 

Study on 

Trainees 

Comparison 

of 

telementorin

g support, 

with no 

support in 

BLS-

instructed 

military 

medics – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

33 

Trainees 

The 

telementore

d group, was 

significantly 

more 

efficient in 

diagnosing 

and treating 

pneumothor

ax. 

Performance 

of 

thoracocent

esis took 

longer in the 

telementore

d group. 

Mitsuno et 

al (2019) 

Feasibility 

Study 

An AR 

telementorin

g system, 

where a 

distant 

experienced 

surgeon 

could view a 

live feed of 

an operating 

view, and in 

turn could 

provide 

instructions. 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

1 Trainee Successful 

completion 

of operation. 

High 

satisfaction 

reported 

from trainer 

and trainee. 

- 
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Andersen et 

al (2019) 

Study on 

Trainees 

An AR 

telementorin

g system, 

where a 

distant 

experienced 

surgeon 

could view a 

live feed of 

an operating 

view, and in 

turn could 

provide 

instructions. 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

10 

Trainees 

Participants 

in the 

telementorin

g group, 

achieved 

higher 

operative 

scores, and 

less surgical 

times. 

Variability in 

patients, 

make pre-

recorded 

operations 

less  reliable. 

Kirkpatrick 

et al 

(2019)68 

Study on 

Trainees 

Comparison 

of 

telementorin

g support, 

with no 

support in 

BLS-

instructed 

military 

medics – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

7 

Trainees 

More people 

in the 

telementore

d group were 

able to 

perform the 

task. The 

mentors 

reported 

high 

satisfaction 

rates. 

- 

Rojas-

Munoz et al 

(2019) 

Study on 

Trainees 

Comparison 

of AR 

telementorin

g methods 

with simple 

audio and 

video 

telementorin

g – 

20 

Trainees 

The AR 

system 

resulted in 

less errors, 

and less 

shifts from 

the target 

position. 

Trainees 

with simple 

telementorin

g  achieved 

less surgical 

times. 
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Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

Dawe et al 

(2018) 

Study on 

Trainees 

Evaluation of 

telementorin

g, in non-

medical 

participants 

in 

performance 

of surgical 

tasks – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

4 

Trainees 

All 

participants 

were 

successful in 

the tasks at 

hand. 

Participants 

felt that 

telementorin

g enhanced 

their 

capabilities. 

- 

Talbot et al 

(2018) 

Study on 

Trainees 

An AR 

telementorin

g system, 

where a 

distant 

experienced 

surgeon 

could view a 

live feed of 

an operating 

view, and in 

turn could 

provide 

instructions. 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

4 

Trainees 

Out of 16 

simulated 

fasciotomies, 

14 were 

successful. 

Drops in 

bandwidth 

caused 

blurred 

videos at 

several 

instances. 
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Pia Poretta 

et al (2017) 

Clinical 

Study 

Comparison 

of a remote 

telementorin

g protocol 

was 

evaluated 

with on-site 

mentoring – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

49 

Patients 

No 

differences 

in 

postoperativ

e outcomes. 

Re-operation 

rates were 

lower when 

telementorin

g was not 

implemente

d. 

Nguen et al 

(2018) 

Study on 

Trainees 

Evaluation of 

a 

telementorin

g system that 

utilized 

audiovisual 

information, 

to assist in 

sleeve 

gastrectomy 

surgery – 

Connected 

Mentors, 

Mentees, 

Smart 

Devices and 

Surgical 

Tools 

15 

Trainees 

The overall 

experience 

of the 

mentors and 

the  mentees 

was rated at 

the highest 

level. All 

operations 

were 

successful 

Scheduling 

limitations 

between 

mentors and 

mentees. 

Moore et al 

(2017) 

Study on 

Trainees 

After 

receiving 

training on 

operative 

techniques, 

novice 

surgeons 

submitted 

online videos 

of their 

operations in 

order to be 

18 

Trainees 

Feasibility of 

asynchronou

s 

telementorin

g. 

- 
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assessed – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

Anderson et 

al (2017) 

Study on 

Trainees 

An AR 

telementorin

g system, 

where a 

distant 

experienced 

surgeon 

could view a 

live feed of 

an operating 

view, and 

provide 

instructions 

by drawings 

that were 

superimpose

d on the 

operators’ 

field of view. 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

20 

Trainees 

Increased 

focus 

through the 

integration 

of mentors’ 

commentary, 

and no need 

for attention 

shift. 

High 

bandwidth 

required. 

Snyderman 

et al (2016) 

Study on 

Trainees 

Evaluation of 

a 

telementorin

g system that 

utilized 

audiovisual 

information, 

to assist in 

endoscopic 

endonasal 

surgery – 

Connected 

Mentors, 

10 

Patients 

Adequate 

audio and 

video 

connection 

was 

maintained 

throughout. 

Mentees 

rated the 

experience 

with a 

perfect 

- 
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Mentees and 

Presentation 

Tools 

score. 

Andersen et 

al (2016) 

Study on 

Trainees 

An AR 

telementorin

g system, 

where a 

distant 

experienced 

surgeon 

could view a 

live feed of 

an operating 

view, and 

provide 

instructions 

by drawings 

that were 

superimpose

d on the 

operators’ 

field of view. 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

20 

Trainees 

The AR 

system 

resulted in 

less errors, 

and less 

shifts from 

the target 

position. 

Trainees 

with simple 

telementorin

g  achieved 

less surgical 

times. 

Kirkpatrick 

et al (2015) 

Study on 

Trainees 

Comparison 

of a remote 

telementorin

g protocol 

was 

evaluated 

with on-site 

mentoring – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

12 

Trainees 

Mentees 

reported 

increased 

self-

confidence. 

Significantly 

more 

simulated 

blood loss, 

occurred 

with the 

remote 

telementorin

g group. 

Telementori

ng group, 

also utilized 

more 

surgical 
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resources. 

Fuertes-

Guiro et al 

(2016) 

Clinical 

Study 

Evaluation of 

a 

telementorin

g system that 

utilized 

audiovisual 

information, 

to assist in 

bariatric 

surgery – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

20 

Trainees 

Telementori

ng of 

surgeons 

resulted in 

shorter 

hospital 

stays, 

shorter 

operative 

times and 

less 

complication

s. 

- 

Forgione et 

al (2015) 

Clinical 

Study 

After 

receiving 

training on 

operative 

techniques, a 

novice 

surgeon 

performed 2 

operations in 

a remote 

area, with 

telementorin

g assistance 

– Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

2 Patients Successful 

completion 

of both 

operations. 

The same 

surgeon 

continued to 

operate 

without the 

need for 

further 

guidance. 

- 
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Artsen et al 

(2021) 

Clinical 

Study 

Evaluation of 

a 

telementorin

g system that 

utilized 

audiovisual 

information, 

to assist in 

gynecological 

surgery – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

7 Patients All 

participants 

reported 

high 

satisfaction 

with the 

application. 

Surgical 

times were 

shorter 

compared to 

live 

mentoring. 

No 

difference in 

complication 

rates. 

- 

Shabir et al 

(2021) 

System 

Developm

ent 

Developmen

t of a 

telementorin

g system, 

which 

includes the 

superimposit

ion of virtual 

laparoscopic 

tools 

controlled by 

the remote 

mentor– 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

- The mentee 

was able to 

see and 

replicate the 

tool 

movements, 

without the 

mentor 

having to use 

actual 

surgical tools 

on a patient. 

- 

Greenberg 

et al (2021) 

Study on 

Trainees 

At home 

surgical skills 

course. 

Utilization of 

a virtual 

mentoring 

platform. 

The mentor 

14 

Trainees 

All 

participants 

were 

eventually 

able to 

participate in 

the course. 

Post-course 

Most of the 

trainees 

reported 

logistic 

issues with 

the course. 

Cost of the 

course 
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used live 

video feed 

and AR 

interface to 

annotate and 

guide the 

mentee – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

evaluation 

showed a 

high 

satisfaction 

rate. 

increased 

significantly. 

Coordination 

was an issue. 

TrujiloLoli et 

al (2021) 

Study on 

Trainees 

At home 

surgical skills 

course. 

Utilization of 

a video call 

platform – 

Connected 

Mentors, 

Mentees and 

Presentation 

Tools 

40 

Trainees 

A notable 

increase in 

skill was 

noted after 

the course. 

Relatively 

low cost of 

the system. 

- 

Yanni et al 

(2020) 

System 

Developm

ent 

Utilization of 

an IoT sensor 

network for 

intraoperativ

e monitoring 

of the 

surgical 

patient.– 

Connected 

Mentors, 

Mentees and 

Monitoring 

Sensors 

- Intraoperativ

e monitoring 

of basic 

patient 

parameters 

is expected 

to better the 

outcomes of 

telesurgery 

and 

telementorin

g Potential 

to include 

more 

sensors for 

other 

biological 

parameters. 

- 
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2.3.2 Image-Guided Surgery in the IoT Era 

 

The basic principle of Image-Guided Surgery (IGS) is constituted by the utilization of 

a tracking device, alongside pre or even intra-operative imaging, to aid the surgeon 

in the spatial orientation during a surgical process. (Supplemental Table S1). Authors 

of relevant publications have used IoT networks to incorporate patient imaging, as 

well as preoperative planning, into the operating room.  

The network-based sharing of data and the creation of a workflow through 

sequential data appraisals and data provision towards the next component makes 

IGS a prime example of an IoT application in surgery. An IGS system built around the 

IoT approach usually consists of input of preoperative imaging data of the surgical 

patient. These data are then used to make reconstructed models of the anatomical 

area of interest. Such models are then transmitted wirelessly to a modality of choice, 

ranging from augmented reality (AR) glasses to the viewing screen of a surgical robot 

[54–59]. A simplified schematic illustrating the workflow of these systems can be 

seen in Figure 2., encompassing the idea of the IoT concept defined as a network of 

inter-connected devices that process and exchange data. 

Current literature in IGS is heavily referred to as advances in the neurosurgical field. 

In this aspect, Internet-based IGS has a lot to offer by incorporating data from 

various sources and making them available to the surgeon in real-time. Augmented 

reality systems make use of the Internet to transmit preoperative renderings and 

patient imaging after registering these data with on-site patient images onto 

specialized smart glasses [54,55,60]. Coupling preoperative patient imaging with the 

image-guided system usually involves using certain sensors for the tracking of 

specific markers within the patient [55]. Studies on real-time surgery indicate that 

IGS has been very helpful in the identification and preservation of vital structures 

[58,59,61]. Almost all of the reports included here report that AR imaging systems 

allowed the preservation of vital structures in real-life patients [60–64], significant 

accuracy when utilized to assist in biopsies or electrode insertion [54–59] and real-

time compensation for brain shift during neurological surgery [54], a novelty not 

achievable otherwise. In a study by Watanabe et al. [60], the intra-operative tablet 

devices, used to provide live camera views of the surgical field were also tracked in 

space by an overhead multi-angle camera system and special tracking spheres [60–

64]. Internet use within the surgical suit enabled authors to utilize pre- and intra- 

operative patient imaging to create a live overlay of anatomical areas of interest 

(such as tumors or sensitive nearby structures) by connecting the preoperative 

image repository with an image processing software that returned the final image 

data either to a monitor or another specialized apparatus (e.g., smart glasses) [59].  

Eftekhar et al. [63] took the AR integration within the surgical suite a step further by 

introducing a lesion-tracking smartphone app for mobile phones. The software will 
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utilize the smartphone’s camera to register anatomic landmarks of the patent’s head 

surface that will be used to align the postoperative imaging with the live image. 

Therefore, we can see that the Internet can be used, not only as a “data highway” 

for short-term data handling, but as a connection to large servers, allowing direct 

access to a repository of patient data. 

Related work by Guo et al. [20] and Li et al. [66] describe the integration of surgical 

robots within IGS systems. The coupling between the intra-operative MRI imaging, 

the surgical robot, the central processing unit and the end-display of the processed 

imaging data is achieved by utilizing wired or wireless Internet connections. Despite 

lacking trials on their performance in real-life surgery in humans, it is safe to say that 

the Internet in this case, has provided reliable interconnectivity with multiple 

appliances at once, and has the potential to become the unseen substrate of modern 

neurosurgical breakthroughs. 

Ushimaru et al. [17] utilized RFID tracking tags placed on laparoscopic instruments in 

order to track usage in general, as well as the activation times of each tool. Data 

from the tags were transmitted onto RFID readers within the operating room. The 

RFID readers then transmitted the recorded data to specialized computer software 

that converted the electrical current readings to “on/off” indications and activation 

times. This experimental setup was successful in capturing the usage patterns of 

surgical instruments during cholecystectomy. This short proof of concept study 

opens the door towards incorporating network-based tracking systems within the 

everyday surgical practice that will capture surgical instrument use and possibly aid 

the surgeon in spatial navigation. Possible implications of this could include coupling 

a similar tracking system with an AI network that can aid in intra-operative, real-time 

decision making, or an in-hospital data accumulation system that will be able to 

measure surgical performance. A research group was recently able to combine the 

tracking of virtual laparoscopic instruments operated by a distant mentoring surgeon 

with the live feed image of the laparoscope and the real surgical instruments 

operated by a mentee [70]. Meier-Hein et al. also managed to construct a tracking 

algorithm for laparoscopic instruments by using sensor data and an Internet-based 

integration status. Their system was successful in producing an algorithm that could 

automatically detect and accurately annotate the laparoscopic surgical instruments, 

as well as their usage status in real-time operations.  

On the other hand, the cost of implementation of such technological advances might 

prove to be restricting for certain institutions [66–70]. One of the biggest drawbacks 

of the systems described in the literature is that the vast majority of them report 

small patient cohorts and lack a direct comparison with other, more traditional 

surgical methods. Some authors even reported comparable accuracy when they 

compared novel IGS systems with their simpler, older counterparts [71]. Other 

reports that describe exciting new advances in the field of IGS, with promising results 

in simulations of surgical operations, lack a patient application altogether [20,72]. In 

that aspect, the precise effect the Internet has had on the evolution of IGS is harder 
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to quantify. Still, we cannot deny that advances in the connectivity of devices 

achieved by an internet connection is a major component towards the 

modernization of medicine services in general, and surgery in particular. 

Table 3: Studies on Image-Guided Surgery incorporating IoT developments 

Studies 

Evaluating 

Image-Guided 

Surgery 

incorporating 

IoT 

developments 

Type of 

Study 

Evaluated Method – 

Connected IoST 

entities 

No of 

patients 

studied 

Proposed 

Advantages of 

IoST Image-

Guided Surgery 

Limitations of 

IoST Image-

Guided Surgery 

 

      
 

Padilla et al 

(2015) 

In Silico Tool 

Development 

Connected 

Preoperative 

Imaging and 

Intraoperative 

Surgical Tools 

- 

Interactive analysis 

of MRI data to 

assist in deep-brain 

stimulation. 

Identification of 

the placement of 

the microelectrode 

in real-time. 

Registration of 3D 

brain models. 

Lack of large 

quantities of 

patient data 

 

Ushimaru et al 

(2019) 

Feasibility 

study on 

animal 

models 

Visualization of 

instrument use in 

laparoscopic 

surgery. – Connected 

Surgical Tools 

5 Porcine 

Patient 

Models 

All surgical 

instruments were 

tracked accurately. 

- 

 

Guo et al (2018) 
System 

Development 

MRI device 

connected with a 

surgical robot, both 

connected to a 

central computer 

system - Connected 

Preoperative 

Imaging and 

Intraoperative 

Surgical Tools 

- 

Able to perform in 

confined space, 

tests on DBS 

electrode insertion 

show optimal 

accuracy, direct 

visualization, 

telesurgery, saves 

on operating times, 

as well as on 

nursing costs 

Lack of clinical 

trials for 

evaluation on 

humans. 

 

 

Li et al. (2015) 

 

System 

Development 

MRI-guided robotic 

system. MRI device 

connected with a 

surgical robot - 

Connected 

Preoperative 

Imaging and 

Intraoperative 

Surgical Tools 

- 

Interactive updates 

of the anatomy, 

accountability for 

intracranial 

structure shift. 

High accuracy, 

time efficient when 

compared to CT-

MRI coupling 

Lack of clinical 

trials for 

evaluation on 

humans. 
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Luis et al (2021) 
Clinical 

Study 

Extended reality 

(XR)system, that 

provided VR 

preoperative 

planning, and AR 

intraoperative 

assistance– 

Connected Pre- and 

Intra-operative 

Imaging 

49 

Patients 

Aided in the 

identification of 

vital structures, 

and their 

preservation. Real 

time functions, 

improved spatial 

awareness 

No comparison 

group included 

in the study. No 

measures of 

accuracy or 

surgical times. 

 

Ivan et al (2021) 
Clinical 

Study 

Augmented Reality 

glasses, that 

incorporated 

preoperative MRI 

imaging,. Open Site 

is used for the 

generation of a 

holographic surface 

through importing of 

the MRI imaging 

from an online cloud 

service – Connected 

Pre- and Intra-

operative Imaging 

11 

Patients 

Accuracy 

improved with 

experience. AR 

provided real time 

information on the 

3D imaging of the 

tumors. Wireless 

application, not 

overly costly. 

Not significantly 

more accurate 

than traditional 

navigation. The 

value of AR 

guidance needs 

to be evaluated 

in larger studies. 

 

Fan et al (2016) 
Clinical 

Study 

Updated MR 

imaging generation 

intraoperatively, by 

utilizing 

intraoperative 

stereovision images – 

Connected Pre- and 

Intra-operative 

Imaging 

20 

Patients 

Improved accuracy 

and alignment, 

effective 

decompensation 

for brain 

deformation 

during surgery 

- 
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Kiarostami et al 

(2020) 

Pre-Clinical 

study 

CT scans were 

imported in an AR 

generating 

HoloLens. – 

Connected Pre- and 

Intra-operative 

Imaging 

30 

simulated 

attempts 

Accuracy 

significantly 

increased for the 

more 

inexperienced 

surgeon. 

No significant 

increase of 

accuracy when 

compared to 

traditional 

surgery, in the 

experienced 

surgeon. 

 

Hu et al (2013) 
System 

Development 

AR - assisted image 

guided endocranial 

surgery. The live 

video was 

incorporated with 

preoperative scans,. 

Includes a live-

tracked marker. – 

Connected Pre- and 

Intra-operative 

Imaging 

- 

Easy model-to-

patient 

registration. 

Inexpensive 

equipment. 

Expected to be 

suitable for real-

life use. 

Use of a real-life 

tracker was 

necessary. 

Instances of 

manual 

recalibration 

were noted, that 

can cause 

reduction of the 

system's 

accuracy. 

 

Momi et al 

(2015) 

Clinical 

Study 

Integration of a 

neuronavigator 

system, with a 3D 

model creation 

application, 

intraoperatively– 

Connected Pre- and 

Intra-operative 

Imaging 

12 

Patients 

Accurate 

assessment of 

intraoperative 

brain shift. 

Anatomical 

landmarks must 

be chosen 

carefully in order 

to not interfere 

with the 

procedure. 
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Luo et al (2016) 
System 

Development 

A system for liver 

surgery planning. 

Incorporates 

preoperative CT 

imaging and CT 

angiography. 

Utilizes 3 

interconnected 

server systems.– 

Connected Pre- and 

Intra-operative 

Imaging 

- 

Successful creation 

of 3D model, 

including 

intrahepatic 

vessels. Expected 

to provide 

guidance in 

hepatectomy. 

- 

 

Yoon et al 

(2017) 

Clinical 

Study 

. Preoperative 

imaging data was 

incorporated with an 

intraoperative 

guidance system and 

a video capture 

system. The 

integrated images 

were then projected 

through a wireless 

cloud system. – 

Connected Pre- and 

Intra-operative 

Imaging 

2 

No complications 

were recorded. 

Limited 

obstruction of 

surgical field view. 

Voice-controlled 

system. 

Confirmation of 

positioning and 

tracking of the 

catheter trajectory 

in real time. 

Short battery life 

of the system. 

Size of display 

can be tricky. 

Method requires 

validation in 

larger studies. 

 

Eftekhar (2016) 
Clinical 

Study 

Incorporation of a 

mobile app, within 

IGS for 

neurosurgery. 

Preoperative 

imaging can be 

downloaded within 

the application. 

Overlapping of 

preoperative image 

on the camera feed– 

Connected Pre- and 

Intra-operative 

Imaging 

11 

Availability of 

smart phones. 

Application is free 

of charge. No need 

for head fixation. 

No requirement of 

training. 

Anatomic 

landmarks to be 

used are often 

difficult to 

appreciate. 

Manual 

adjustment of the 

overlay. Limited 

number of 

patients. 
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Watanabe et al 

(2016) 

Clinical 

Study 

Preoperative 

imaging utilized to 

render 3D models for 

the operation. 

Images were 

Intraoperatively 

overlaid in the live 

feed of a tablet's, – 

Connected Pre- and 

Intra-operative 

Imaging 

6 

Volumetric, three 

dimensional 

navigation was 

possible. No need 

to alter the 

surgeon's gaze 

between field and 

screen. No blind 

spots in 

navigation. 

System does not 

compensate for 

brain shifts 

during surgery. 

A lag of 0,4 

seconds between 

the physical 

movements of 

the tablet, and 

the 

corresponding 

image change 

was recorded. 

 

 

 

2.3.3 The Role of the IoT in Telemonitoring the Surgical Patient 

 

In order to complete our appraisal of the IoT concept in surgical specialties, we 

would be remiss if we did not include the potential uses outside the operating room 

(Supplemental Table S3). Medical telemonitoring usually consists of a specialized 

“smart” device that captures target parameters and transmits them through a 

wireless Internet connection, either directly to the referring physician, or to a 

centralized repository from which they can be accessed (Figure 3). The role of the 

Internet here is more straightforward: instead of being the network substrate that 

interconnects a variety of operating stations, data repositories and data processing 

modalities, here, it is used as a unidirectional “data highway” that runs towards the 

physician. In contrast to previous advances, telemonitoring has been widely 

implemented in some healthcare systems.  

Within the surgical patient subgroup, there have been a few clinical studies looking 

into the applicability of telemonitoring, usually in the postoperative period [15,77–

92] (Supplemental Table S3). Patients enrolled in an at-home monitoring program 

after chest wall surgery were also monitored effectively by utilizing the Internet to 

input certain parameters in an online platform [77,79] Cardiac surgery patients were 

also studied in an IoST rehabilitation program that included wearable biomedical and 

motion tracking sensors [80]. The physician was therefore able to monitor the 

patients’ activity levels and their performance in rehabilitation exercises. In a 2021 

study by Cos et al., patients scheduled to undergo pancreatic surgery were 

monitored preoperatively by using a wearable smart device that was able to record 

heart rate, activity status, etc., and through an internet connection, transmit them to 

a central server. Not only did patients adhere to this novel concept, but the data that 

were automatically collected were of such quality that the research team developed 

an accurate predictive model for postoperative outcomes [15]. Biosensor-based 

systems are able to wirelessly transmit data on physiological parameters of the 

patients in order to assist with postoperative monitoring. Authors have reported the 

incorporation of pulse rate, blood pressure and activity tracking sensors as being 

successful in monitoring the rehabilitation process of surgical patients [81–89]. 
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Reported advantages, include successful vital signs readings, short training period of 

nurses and patients alike, less unplanned office visits, and predicting unplanned 

postoperative complications by indirect monitoring of vital signs [20]. Kim et al. 

successfully developed a Doppler cuff that could be remotely monitored, allowing 

remote monitoring of the blood flow of skin flaps. This resulted in superior graft 

survivability rates [18]. Results such as these are indicative that we have come to a 

point at which smart devices with Internet connections can provide fast and accurate 

measurements of clinical parameters in a reproducible manner and have the 

potential to effectively substitute an in-office visit for routine monitoring. In addition 

to the universally observed accuracy of the requested parameter measurements, 

distance monitoring saves time for the patient and the physician alike, prevents 

missed appointments and is generally preferred by patients [90–92]. When studying 

the response of bariatric patients postoperatively, regarding the telemonitoring 

process, Vilallonga et al. found that patients themselves would prefer the 

telemonitoring option [83]. 

Postoperative monitoring of physiological parameters with the use of biosensors can 

be further expanded to include automated action after the received sensor signal. In 

an example by Wang et al. [87], patient-controlled analgesia was administered after 

indications from a biosensor feedback system that measured physiological responses 

to pain. Postoperative pain and nausea were reduced in the patients treated with 

this system. An ostomy alert sensor was developed by the team of Rouholiman et al. 

[92] that was capable of alerting nurses, patients, and physicians alike of the content 

status of the ostomy.  

The vast array of remote monitoring systems described in the literature could very 

well be applied to a pre- or post-operative surgical patient, even if there are 

currently no studies for this specific cohort of patients. Systems used to monitor 

diseases such as heart failure, hypertension, pregnancy-related complications and 

more can easily be applied to the surgical patient in the future. A recently developed 

smartphone application could aid in the distant monitoring of COPD patients and 

could be useful in the detection of acute exacerbations and advise timely 

hospitalization [86]. All the above-mentioned modalities for long distance patient 

monitoring rely on the Internet for data transmission and could very well see their 

way in surgical patient monitoring or consultation in the not-so-distant future. 

There are of course some hurdles still left in the way of universal internet-based 

patient monitoring. The biggest of which seems to be the reported difficulties elderly 

patients have with operating such systems [86–90]. Technological illiteracy is a 

persistent issue that seems harder to address than the technicalities of the systems. 

Patients of older age, of mental burden and patients without a reliable Internet 

connection that is readily accessible are in danger of being left out of such 

technological advancements, an observation reported in the majority of clinical 

studies. What is more, home-based distance monitoring relies entirely upon the 

adherence of the patient in data recording and the use of the instructed devices.  
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Table 4:Studies evaluating the IoT in Surgical Patient Telemonitoring 

Studies 

Evaluating 

the IoT in 

Surgical 

Patient 

Telemonitor

ing 

Type of 

Study 

Evaluated 

Approaches – 

Connected 

IoST entities 

No of 

Participa

nts 

Proposed 

Advantages 

Limitations 

      

Omboni et al 

(2019) 

Clinical 

Study 

An internet-

based 

telemedicine 

platform that 

allowed for 

the recording 

of blood 

pressure, 

laboratory 

results, 

anthropomet

ric data, as 

well as 

personal 

medical 

history. A 

portable 

oscillometer 

device was 

coupled with 

the platform. 

– Connected 

Monitoring 

Sensors to 

Distant 

Physician 

1200 

Patients 

Most 

patients 

remained 

consistent 

with the 

study 

requirement

s. The in-

office visits 

were 

reduced. 

The vast 

majority of 

patients 

were able to 

use the 

platform 

efficiently. 

The 

requiremen

t for 

additional 

oscillometer 

use brought 

about some 

technical 

difficulties. 

Wildemeers

ch et al 

(2018) 

Clinical 

Study 

An enhanced 

recovery 

programme 

after chest 

wall surgery, 

based around 

patient 

29 

Patients 

Telemonitori

ng at home 

was 

achieved at 

the vast 

majority of 

patients. 

Some 

adherence 

difficulties 

on behalf of 

the patients 

were noted. 
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monitoring 

and 

education– 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

Msayib et al 

(2017) 

System 

Developm

ent 

A 

postoperative

, at-home 

monitoring 

system for 

knee 

arthroplasty 

patients.– 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

- The system 

is expected 

to simplify 

postoperativ

e 

monitoring, 

enable 

telemonitori

ng and 

automate 

the 

postoperativ

e period. 

- 

Paysson et al 

(2015) 

Clinical 

Study 

An Internet 

based 

system, for 

transmission 

of home-

spirometry 

measurement

s for patients 

post lung 

transplantati

on . – 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

59 

Patients 

Agreement 

of 

spirometry 

values was 

satisfactory, 

between in-

hospital and 

home 

measureme

nts. 

Patient 

adherence 

proved to 

be an issue. 
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Jonker et al 

(2020) 

Clinical 

Study 

Evaluation of 

a 

telemonitorin

g system for 

postoperative 

patients that 

underwent 

cancer-

related 

surgery. 

Participants 

utilized a 

mobile 

application 

connected to 

several smart 

devices that 

recorded 

postoperative 

parameters . 

– Connected 

Monitoring 

Sensors to 

Distant 

Physician 

65 

Patients 

Within the 

participants, 

postoperativ

e data were 

collected 

with ease. 

Such 

methods 

are not 

available for 

the 

technologic

ally 

illiterate, 

those 

without 

internet 

access and 

elderly 

patients 

with high 

mental 

burden. 

Cos et al 

(2021)3 

Clinical 

Study 

A wearable 

device 

connected to 

the Internet 

was used for 

the 

preoperative 

evaluation of 

patients 

undergoing 

pancreatecto

my. – 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

54 

Patients 

The 

collected 

data could 

accurately 

predict 

postoperativ

e outcomes 

when used 

for model 

creation. 

Patient 

adherence 

was 

excellent. 

It is possible 

that elderly 

patients will 

be left out 

of such 

initiatives. 



 

63 
 

Image Processing and Deep learning for Colorectal Cancer Diagnosis 

Francesk Mulita 

Διπλωματική Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα Πληροφορικής» του 

φοιτητή ΦΡΑΝΤΣΕΣΚ ΜΟΥΛΙΤΑ 

Cornelis et al 

(2021) 

Clinical 

Study 

A home-

based 

exercise 

programme 

delivered 

through the 

Internet with 

the aid of 

wearable 

devices,. – 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

20 

Patients 

All of the 

patients 

adhered to 

the 

programme. 

Near-perfect 

satisfaction 

scores. All 

claudication-

related 

parameters 

were 

improved. 

Need for 

Internet 

access. 

Zetterman 

et al (2011)  

Clinical 

Study 

Preoperative 

evaluation of 

patients in a 

virtual 

environment . 

– Connected 

Monitoring 

Sensors to 

Distant 

Physician 

No of 

patients 

inaccessib

le 

The majority 

of patients 

preferred 

the virtual to 

live 

evaluation. 

No technical 

difficulties 

were 

recorded. 

About 1 in 

10 patients 

would still 

prefer a live 

preoperativ

e 

assessment. 

Mullen-

Fortino et al 

(2019) 

Clinical 

Study 

Comparison 

of 

preoperative 

assessment in 

the form of 

teleconsultin

g, with live 

assessment. – 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

361 

Patients 

Teleconsulti

ng saved 

time for 

patients and 

providers 

alike. All of 

the patients 

were happy 

with their 

evaluation. 

There were 

no 

appointmen

t 

cancellation

s in the tele-

evaluation 

- 
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group. 

Kim et al 

(2018) 

Clinical 

Study 

A Doppler 

cuff was 

implanted 

distal to 

blood vessel 

anastomoses, 

for the 

creation of 

skin flaps.– 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

18 

Patients 

Real-time 

monitoring 

of the skin 

flaps, 

allowed for 

greater 

survivability 

rates of the 

grafts. Real 

time 

monitoring 

was 

available 

everywhere. 

- 

Vilallonga et 

al (2013) 

Clinical 

Study 

Comparison 

of at-home 

follow-up, 

using the 

Internet, with 

standard 

follow-up 

after bariatric 

surgery. – 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

10 

Patients 

More than 

90% of the 

patients 

reported 

high 

satisfaction 

and 

positively 

evaluated 

timesaving. 

Lack of 

Internet 

access and 

Computer 

knowledge 

is limiting 

availability. 

Caggianese 

et al (2017) 

System 

Developm

ent 

A 

rehabilitation 

system for 

cardiac 

surgery 

patients. 

Input consists 

of motion 

tracking and 

- Long 

distance 

patient 

monitoring. 

Creation of a 

patient data 

repository 

utilization of 

biomedical 

- 
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biomedical 

sensors 

attached to 

the patient.– 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

signals. 

Wang et al 

(2020) 

Clinical 

Study 

Comparison 

of wireless, 

intelligent 

system for 

postoperative 

PCA with 

traditional 

PCA. – 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

6.191 

Patients 

Moderate or 

Severe pain 

was lower 

with the Wi-

PCA group. 

Postoperativ

e nausea 

was also 

reduced. 

Coupling the 

system with 

biosensors 

has the 

potential to 

create an 

A.I.-

controlled 

analgesia 

delivery 

system. 

Major 

safety 

concerns 

regarding 

the nature 

of analgesia 

drugs and 

their 

managemen

t by an A.I. 

McGillion et 

al (2020) 

Clinical 

Study 

Utilization of 

a biosensor-

based 

wireless 

system for 

long-range 

postoperative 

patient 

monitoring. – 

Connected 

Monitoring 

Sensors to 

Distant 

11 

Patients 

Both trained 

nurses and 

patients 

would highly 

recommend 

the system 

after the 

trial period. 

All patients 

managed to 

connect 

their devices 

and obtain 

regular vital 

Some 

patients 

experienced 

difficulties 

with using 

the system. 

Practice was 

needed 

prior to 

engagemen

t. 
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Physician sign 

readings. 

Rouholiman 

et al (2018) 

System 

Developm

ent 

Use of an 

ostomy alert 

sensor that 

could 

measure 

ostomy 

output 

connected 

wirelessly to 

a smartphone 

user 

interface. – 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

20 

Patients 

Anticipated 

to improve 

quality of 

life, 

infection 

rates and 

reduce 

inpatient 

visits. 

- 

Colomina et 

al (2021) 

Clinical 

Study 

Use of an 

Internet-

based 

preoperative 

monitoring 

platform 

coupled with 

an activity-

tracking 

sensor. – 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

29 

Patients 

Patients in 

the study 

group had 

50% lower 

unplanned 

visits to 

their 

physician. 

Need for 

patients to 

be 

technologic

ally adept. 
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Holmes et al 

(2020) 

Clinical 

Study 

Assessment 

of movement, 

location, and 

posture  

sensor data 

(transmitted 

over the 

Internet) 

from 

postoperative

– Connected 

Monitoring 

Sensors to 

Distant 

Physician 

3 Patients The system 

could 

identify 

trends in 

sleep 

quality, 

movementa

nd mobility 

of the 

patient. 

Need for 

simplified 

data 

visualization 

for 

healthcare 

professional

s.  

Kong et al 

(2021) 

Clinical 

Study 

Remote 

postoperative 

patient 

monitoring, 

using 

portable 

wireless 

sensors– 

Connected 

Monitoring 

Sensors to 

Distant 

Physician 

24 

Patients 

The system 

was able to 

detect 

postoperativ

e 

complication

s efficiently. 

Medical 

staff 

responsible 

for system 

handling, 

reported 

excellent 

satisfaction 

scores. 

- 

Ohta et al 

(2015) 

System 

Developm

ent 

Development 

of an NFC-

based 

wireless 

sensor that 

can be 

swallowed 

and 

magnetically 

anchored to 

the gastric 

wall. Wireless 

 Avoidance 

of surgical 

procedure in 

order to 

implant an 

indwelling 

sensor. The 

sensors 

were able to 

successfully 

record ECG, 

heart rate 
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data 

transmission 

is continuous. 

– Connected 

Monitoring 

Sensors to 

Distant 

Physician 

and gastric 

pH in a 

preliminary 

study. 

Avoidance 

of the 

inconvenien

ce used by 

the 

wearable 

devices. 

 

 

2.3.4 Discussing Open Issues and Challenges 

 

The present literature review showcases current uses of the IoT paradigm within 

surgical practice, mainly by exploring the concept of telesurgery and surgical 

telementoring.  

Telesurgery and surgical telementoring are undoubtedly the most impressive of the 

listed IoT applications within the surgical practice. Looking into the included particles 

of the presented survey, we can safely say that long-distance surgery on real-life 

patients is now feasible, although it seems to be scarcely performed. Authors do not 

mention any surgical safety compromises when IoT networks were utilized to 

perform telesurgery, which is most definitely the first hurdle that a newly emerging 

technique must overcome on its way to popularization. However, the most 

significant drawback of these applications, is the requirement of fast, stable Internet 

connections that will allow minimal latency and data loss. Paradoxically, such 

Internet connections may be lacking in the areas that are most in need of 

telesurgical and telementoring applications, such as rural and distant institutions 

that are not able to provide expert surgical consultations. Popularization of 5th 

generation (5G) mobile Internet networks is expected to be a big step towards that 

direction that will guarantee minimal latency and maximal connection stability. 

Particularly for telesurgical applications, there is also the issue of legal implications, 

as is underlined by several authors. The lack of specific legislature regarding long-

distance surgery might prove to be grounds for liability of the providers, which is not 

previously described or covered by insurance. Due to the rapid implementation of 

such systems that is expected to follow, we must tackle such issues rapidly so that 

providers feel confident in partaking in long-distance operations or consultations. 

Financial costs are once again a key factor in play here. Teleconsultation or 

telementoring might not require much more than an audiovisual connection over 

the Internet; however, telesurgery itself requires surgical robots in order to transfer 
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the instrument movements as instructed by the surgeon. Once again, these are not 

available everywhere on the globe, and rural centers in need of distant expert 

consultation are not likely to have robotic surgical systems available. From the 

above, it can be concluded that the feasibility and reliability of a new paradigm such 

as the IoST in telesurgery are not guarantees for its widespread application. There 

are still major logistic problems to overcome before telesurgery becomes part of the 

everyday surgical practice. Our research team aims to set up the first surgical 

telementoring system in Greece that will begin by providing a real-time audiovisual 

connection between an expert and a novice surgeon with live intraoperative 

guidance. This system will be evaluated against the traditional live mentoring of 

more inexperienced surgeons in order to provide a proof-of-concept. Further steps 

within our goals also include the introduction of more surgical centers to the said 

system in view of establishing a network of interconnected hospitals that provide 

regular surgical consultation over the Internet. 

Image-guided surgery is one of the most developed forms of operative strategy due 

to the minimization of tissue damage, blood loss, operative hours and postoperative 

pain. By making use of serial interconnected data processing modules, researchers 

are able to construct IoT networks that greatly facilitate image-guidance in surgery. 

The real-time integration of preoperative imaging is the main goal in this case. The 

tracking of the imaging-specified patient anatomy in real-time surgical operations 

has proved highly significant in increasing surgical accuracy, and, in many cases, in 

assisting the prevention of accidental tissue damage. Despite encouraging results 

from proof-of-concept studies, however, these systems seem to be lacking adequate 

investigation in large-scale patient cohorts. As such, it is not safe to state with 

confidence that image-guided surgery incorporating the IoT paradigm today is widely 

accepted for clinical use. Still, we can safely conclude that IoT-based tool-tracking 

sensors will be proved valuable in the near future, especially for the surgeons that 

require maximum precision in instrument or anatomical landmark tracking. A major 

advantage of these systems, as already mentioned by a large number of authors, is 

the capability of IoST to account for interpersonal variability in anatomical structures 

in a real-time manner. Despite the lack of explicit reference in any of the included 

studies, acquisition of the necessary tool-tracking sensors and software is surely 

expected to be a major issue for several institutions. Therefore, the scientific 

community ought to aim for larger studies on surgical patients that will not only 

include image-guidance systems similar to those mentioned here but will randomize 

patients between image-guidance systems in order to better delineate the proposed 

advantages over older systems. 

Long-distance monitoring using IoT is also one of the most common applications in 

medicine and healthcare. There is a limited number of articles including 

telemonitoring of the surgical patient specifically; however, such systems have 

proven their value in patient comfort and effective physiological parameter 

monitoring. The major challenge in the widespread implementation of said systems 

is the technological literacy of the patient population, as well as its Internet access. 



 

70 
 

Image Processing and Deep learning for Colorectal Cancer Diagnosis 

Francesk Mulita 

Διπλωματική Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα Πληροφορικής» του 

φοιτητή ΦΡΑΝΤΣΕΣΚ ΜΟΥΛΙΤΑ 

While improving Internet access is an ongoing global strife, researchers must focus 

on constructing adaptable and more intuitive user interfaces of such applications in 

order to appeal to older patients not comfortable with the everyday use of 

technological applications, wearable sensors and smart devices. Patient adherence is 

a challenge within these studies. The popularization of long-distance monitoring, in 

addition to patient education for these systems, will assist with the wider adoption 

of IoT-based monitoring of the surgical patient. 

 

Conclusions 

 

The aim of the present literature review is to collect and analyze the available 

knowledge on the most prominent fields that the IoT paradigm finds application to 

the surgical practice, i.e., the Internet of Surgical Things. Technological advances 

allow the incorporation of rendered preoperative data to the live surgical field, the 

valuable from-a-distance mentorship of younger from more experienced surgeons, 

the realization of a surgical procedure by remotely controlled robots, and the 

monitoring of surgical patients without the need for hospital visits. Despite the 

availability of reliable and fast Internet being a requirement for the actualization of 

these concepts in more areas of the world, the seamless incorporation of “smart” 

functions within the surgical world with the aid of the Internet is on a steady route to 

becoming a reality towards smarter and more efficient health services. 

This study faces certain methodological limitations which arise from the narrative 

structure of most of the included literature. To begin with, this is a narrative 

systematic review, meaning that there are no statistical deductions to be made or 

pre-specified comparisons between different methodological approaches. The IoST is 

a concept, rather than a method, and therefore tangible comparisons can only be 

made in very specific applications. Current literature on IoST is lacking in 

comparative studies that produce results one can use to reach safe conclusions. 

Despite adhering to specific selection criteria, our study selection process was 

amenable to an unavoidable degree of bias, arising mainly from the lack of specific 

clinical applications in many of the screened publications. Finally, our inclusion of 

feasibility and animal model studies needs to be interpreted as a showcase of 

potential future applications, rather than everyday uses of the IoST concept. The 

review’s findings can be summarized, per the research question, in the following 

paragraphs. 

Telesurgical applications are undoubtedly the primary example of IoST systems. 

Their validity has been repeatedly evaluated over the years and the literature reveals 

that telesurgical networks are routinely incorporated in many surgical centers. 

Within such systems, there is a wide adoption of sensorial arrays that transmit data 

to distant locations. Telementoring is an even more inclusive concept in surgical 

education. Evaluation of distant teaching in surgery has revealed that it is a viable 
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alternative to traditional teaching, which is at times preferred over in-person 

assistance. Recent literature also points out the incorporation of 5th generation 

cellular networks that are able to effectively eradicate latency times and connectivity 

issues. 

IoST in image-guided surgery is currently an “under development” application that 

has produced tangible results in only a few clinical studies. Intraoperative use of IoST 

networks mainly focuses on superimposing preoperative imaging on live surgical 

camera feeds to assist surgeons in precision-requiring tasks. Despite being 

investigated mainly in neurosurgical procedures, these networks are predominantly 

software-dependent, thus making it possible to also be incorporated in more 

procedures in the years to come. 

Patient telemonitoring involves the utilization of network-connected biosensors that 

track physiological patient parameters that are observed by a distant physician. Such 

sensorial ecosystems seem to be highly successful at detecting specified cutoff 

points and providing alerts to the physicians. Additionally, such systems can shorten 

hospital stays and lessen routine in-office patient visits, without compromising 

patient safety. Lastly, telemonitoring has relatively few requirements, considering 

the availability of biosensors in everyday technological products and “smart” 

wearable devices.  

 

2.4 The role of deep learning in diagnosing colorectal cancer 
 

Introduction 

The colon is one of the most commonly affected by malignancy organs.  In particular, 

colon cancer is the third most common malignancy in both men and women [93–97]. 

Since 2020 there are approximately 2 million new cases diagnosed on an annual 

basis, and despite the existing advanced screening tests, colorectal cancer (CRC) is 

the second most common cause of death by cancer worldwide with approximately 1 

million deaths on a global scale [98,99]. Unfortunately, according to the International 

Agency for Research on Cancer and the World Health Organization, the overall 

burden of CRC between 2020 and 2040 is expected to increase by about 56% and the 

annual number of associated deaths by about 69% [98]. Furthermore, while it was 

thought to affect most countries that have adopted a western- type lifestyle, new 

studies suggest that CRC is an emerging public health issue even in other parts of the 

world, such as sub-Saharan Africa [100]. Therefore, early diagnosis and receiving 

proper treatment are necessary for preventing deaths caused by CRC. Artificial 

intelligence (AI), and its’ subtype called “deep learning (DL) in particular, is one of 

the newest tools for achieving this goal [101–103]. 

The term AI in general refers to all technological applications that under ordinary 

circumstances require human skills, such as decision-making and visual perception 
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[104–106]. DL is a subfield of AI, and its’ function is inspired by the function of the 

actual animal nervous system: Artificial neurons are trained to find patterns in a 

limited amount of data, in order to progressively extract higher-level features from 

them, such as histologic images diagnosis and classification. AI and DL have been 

massively adopted over the years in medicine, in order to assist and/ or add 

precision to diagnosis, patient stratification, drug discovery, and biomedical research 

in general [104–106]. Diagnosing CRC could not make an exception to this rule [95, 

107, 108]. In fact, the increasing interest concerning the use of DL in an attempt to 

diagnose CRC is reflected in a parallel increase in the number of published research 

regarding this issue. For instance, although the first paper on applying DL to CRC 

management appeared on the search engine PubMed in 2015, there was a 

significant rise in published articles: From 1 in 2015 to 3 in 2016, 5 in 2017, to 57 in 

2021, and 51 in 2022.  

DL has been incorporated in all diagnostic processes regarding CRC, from 

histopathological classification and endoscopic tumor identification to radiological 

diagnosis through CT scans and CT colonoscopy, and further serological screening 

tests. This review aims to summarize the achievements of DL application in 

diagnosing CRC and discuss practical benefits along with eventual drawbacks of 

applying such technology to CRC diagnosis. 

 

2.4.1 Deep Learning and histopathological diagnosis of CRC 

 

Pathology was among the first subfields of medicine to embrace AI to its benefit. 

Therefore, making a CRC diagnosis out of histological examination would make no 

exception to this rule. According to current diagnostic guidelines, histologic samples 

are required to be examined by pathologists in order to precisely diagnose the 

presence of malignancy and identify the exact histologic type and grade of the 

histologic lesion that is under investigation [95, 109, 110]. The usual protocol 

requires the application of a special stain onto the tissue samples, most commonly 

used hematoxylin and eosin (H&E) before microscopic examination. However, both 

tissue sample preparation and microscopic examination can be quite tedious and 

time-consuming [102, 111–113]. Moreover, the diagnostic verdict made by 

pathologists may have significant variability among different examiners [114]. Aiming 

toward quicker and more precise diagnosis, DL can assist in the pathologic 

identification of CRC in various ways. 

The vast majority of studies regarding the diagnosis of CRC with assistance by DL 

have been conducted through convolutional neural networks (CNN), a form of 

supervised DL with multiple layers of artificial neurons, in which, each “neuron” of 

one layer is connected directly with all neurons of the upper layer. To achieve 

diagnosis it is necessary to train a CNN to identify the presence of malignant tissue. 

The result would be either diagnosing cancer or not, or diagnosing and determining 
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the exact type of CRC t once [115–117]. Either way, two training strategies have 

been proposed, all with reported sensitivity over 90% [111, 117, 118]: training the 

CNN with manually selected pre-annotated images extracted from parts of 

pathology slides ( whole slide images – WSI) with previously diagnosed CRC or with a 

minimum load of information from annotated WSI, since current data from WSI 

appear to be relatively limited and because manual pre- annotation and selection of 

pathologic areas (either randomly or intentionally selected sub-regions) in WSI can 

be extremely time-consuming as the traditional pathological examination, as a whole 

[112,113, 115, 119, 120]. Surveys on both tactics have reported an accuracy of up to 

96% [112, 118, 119]. Overall, depending on the dataset of reference, DL has been 

reported to achieve up to 99.12% sensitivity in diagnosing DL [102, 115, 120]. 

Interestingly, apart from the extensively researched supervised CNN, Sari et al 

proposed in 2019 a totally semi-supervised DL strategy for unsupervised final feature 

extraction from WSI of pathology slides, reporting sensitivity levels non-inferior to 

supervised CNN [121]. Further research could yield interesting further data regarding 

this DL alternative. 

However, apart from mere diagnosing CRC from WSI, DL has enabled the extraction 

of more diagnostically valuable features from histologic slides. First of all, diagnostic 

protocols with the assistance of DL have been proposed in order to directly predict 

directly, and without any further testing and/or staining resulting in time waste, 

from the H&E slides the underlying molecular status of CRC, something that is crucial 

for the optimal treatment selection based on accurate patient-stratification and the 

determination of the overall prognosis of a patient at the exact time of the primary 

diagnosis of CRC [122, 123]. Therefore, thanks to DL it is feasible to detect if the 

underlying CRC is related to K-RAS, TP53, and BRAF mutations and define the CRC 

subtype based on the underlying gene expression profile with the reported area 

under the receiver operating characteristics (AUROC)  from 0.73 to 0.86 depending 

on each tested mutation, directing clinicians early to the appropriate treatment and 

follow-up options, even if testing for those mutations is not available at their existing 

laboratories and hospitals [124-127]. Furthermore, DL has been used to successfully 

test WSI for microsatellite instability (a status of genetic hypermutation due to 

severe DNA repair mismatch, that requires administration of immunotherapy as a 

first-line treatment option), without further preparations on H&E stained slides, with 

a reported AUROC of up to 0.865 and sensitivity up to 76%, exceeding the AUROC 

and sensitivity of the control group consisted by experienced pathologists [128-132]. 

What is more, DL via CNN has been proven efficient in extracting further information 

regarding the cellular characteristics of CRC and spatial features regarding the 

tumor’s microenvironment, such as the stroma-tumor ratio, the presence and/or the 

type of white blood cells infiltrating the peritumoral region, avoiding the into 

observational variability. For this purpose, in order to avoid artifacts caused by the 

H&E staining, according to various researchers infrared microscopy could be a non-

inferior alternative; infrared microscopy could enhance details regarding the 

molecular background of the existing CRC and information concerning the spatial 
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features of the tumor [133-136]. For this purpose, both direct infrared microscopic 

observation of H&E slides or image editing through Fourier- transformation have 

yielded quite promising outcomes, reporting an AUROC up to 0.83 and sensitivity 

ranging from 69% to 83% depending on the tumor grade [114]. Taking advantage of 

the data derived from the intervention of DL in extracting data associated with the 

tumor architecture, such as the characteristics of the submucosal adipose tissue, 

could also provide estimations regarding patient survival; in 2021 Wulczyn et al 

developed a DL protocol able to predict patient survival with an accuracy up to 87-

95.5% [137-139]. 

Finally, DL has enabled the estimation of the possibility of distant lymph node 

metastasis directly from WSI; Schiele et al in 2021 reported a CNN architecture using 

binary images from H&E slides and clinical data from patients with metastasized CC, 

achieving a sensitivity of about 75.6% in successfully predicting metastatic disease 

[140]. Interestingly, one year before Tsirikoglou et al reported that it is also feasible 

to detect lymph node metastases in CRC with minimal or absolutely no clinical data 

of metastasis, only by taking advantage of the histological characteristics of the 

pathologic sample [141]. Further research could provide a deeper insight into 

metastasis prediction of CRC in the future. Overall, the interference of DL and CNN in 

examining pathology slides has transformed CRC diagnostics. 

 

2.4.2 Deep Learning and endoscopic diagnosis of CRC 

 

In order to obtain a histologic specimen of an underlying CRC it is necessary first to 

locate the exact area of the lesion, and then to perform a biopsy on it. This is 

achieved through a colonoscopy and endoscopic process that is considered the 

golden standard for making a diagnosis of CRC possible. Although the exact time of 

performing a colonoscopy varies according to current guidelines, it is commonly 

suggested as a check-up in adults above the age of 50 years old, and the interval 

between each colonoscopy session is shorter if a large number of lesions and/or 

lesions of considerable size (more than 10 mm) are diagnosed at a first place [93, 99, 

142, 143]. In general, CRC presents as lesions in colonic mucosa protruding into the 

enteric lumen, called polyps, and less frequently as mucosal ulcers [142-146]. The 

majority of polyps are usually benign. Malignant or pre-malignant polyps are called 

adenomas. Overall, larger lesions are easier to detect. However, it is crucial not to 

miss even smaller lesions, particularly smaller than 5 mm, from which up to 16% 

might be endoscopically missed; it is estimated that every 1% increase in adenoma 

detection rate (ADR) is associated with a 3% drop in CRC incidence 147]. The 

experience of the person that performs a colonoscopy session is an inevitable factor 

contributing to successful adenoma diagnosis and localization. However, even 

experienced endoscopists cannot perform with 100% diagnostic success; in fact, up 

to 26% of polyps remained undiagnosed within a single colonoscopy session [143, 

147]. In addition to that, CRC can develop during the interval between two 
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colonoscopy sessions according to standard guidelines, leading to almost 58% of CRC 

patients with advanced disease at the time of diagnosis, even with compliance with 

the screening guidelines [149]. Therefore, it is of crucial importance to maximize ADR 

and polyp detection capacity and minimize the existing diagnostic variability among 

endoscopic doctors and DL has made some significant contributions to this [143, 

150]. 

Overall, DL can assist in accurate CRC diagnosis in two different ways: either lesion 

localization and/or diagnosing whether it is adenomatous or not, a task quite 

challenging even for experienced endoscopists. The majority of the conducted 

studies have heavily focused on polyp detection and localization, and for this 

purpose, they have proposed numerous CNN protocols. The reported results are 

quite promising, despite the initial concern that CNNs were mostly trained with 

static images from recorded colonoscopies instead of a real-time video: In all studies, 

DL has demonstrated a decrease in adenoma miss rate and an increase of up to 80% 

in ADR, which was higher when the CNN was compared to less experienced and/ or 

trainee endoscopists, exactly as if DL functioned as a “second pair of eyes” for 

doctors [150-161]. The reported CNN models appear to have reached an accuracy 

ranging from 93.6% to 96% in detecting polyps in real-time and a negative predictive 

value of up to 92.6% [108,154–157]. In addition to all above, DL has also been 

applied to improving polyp detection in water-exchange colonoscopy, a relatively 

new endoscopic technique that uses water currents instead of air-assisted bowel 

distension; in a review published by Hsieh et al in 2019, combining DL protocols and 

water-exchange leads to overall increased ADR, providing a diagnostic modality that 

could be of particular benefit for less experienced and/or trainee doctors [158]. And 

apart from mere polyp detection, DL has the capacity to progress diagnostically one 

step further: In 2021 Minami et al developed a DL protocol able to diagnose 

submucosal invasion directly from endoscopic data with sensitivity up to 87.2% and 

AUROC 0.758; this piece of information does provide valuable insight in planning and 

managing future operative management of CRC patients even at the early stages of 

CRC [137]. 

At the same time, quite promising results come from the application of CNNs in 

perfectionating polyps’ optical biopsy, in other words differentiating adenomatous 

from non-adenomatous lesions. Beginning in 2017, Komeda et al proposed a CNN 

architecture for primary optical biopsy, resulting in 70% accuracy and an AUROC of 

about 0.751 in a non-real-time polyp detection study [159]. One step further was 

achieved in 2018 by Misawa et al, who reported a DL protocol of real-time polyp 

optical biopsy, with a sensitivity reaching up to 90% and AUROC of about 0.87 [148]. 

Furthermore, along with the above studies that have been conducted with RGB-

colored images, binary in gray-scale editing of colonoscopy images can be an 

interesting alternative; in 2021, Hsu et al reported a CNN architecture trained with 

grayscale colonoscopy images, resulting in higher detection and diagnostic real-time 

accuracy in comparison to RGB images (95.1% to 94.1% respectively), taking 
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advantage of the higher processing speed when computers and DL receive grayscale 

images [160]. 

Interestingly, DL can assist in improving CRC diagnosis through a parallel path: by 

dealing directly with the traditional technical parameters, such as the level of colon 

preparation and distension, the size of the inspected colon surface, and the quality 

of the existing endoscopic view. For this purpose, in 2020 Thakkar et al proposed a 

CNN model that could provide real-time metrics regarding endoscopic technical 

parameters and interact with the performing endoscopist by giving real-time 

feedback regarding his/her actions for obtaining ideal procedure conditions [169]. 

The reported result was an increase in ADR, however, further research is required in 

this direction. 

Finally, DL has also been applied to CRC diagnosis made by using an endoscopic 

capsule, a diagnostic alternative for patients unable to comply with colonoscopy 

requirements or when traditional endoscopy is contraindicated for them [162–164]. 

Overall, each swallowed capsule produces approximately 50000-100000 image 

frames, whose evaluation is of course time-consuming and quite prone to diagnostic 

errors [165]. Beginning in 2021 and up to the time of this writing, various CNN 

diagnostic protocols have been developed, with AUROC up to 0.99 and sensitivity up 

to 96.9% [165]. 

In conclusion, DL appears to be a valuable ally in the accurate endoscopic diagnosis 

of CRC. 

 

2.4.3 Application of DL in other diagnostic tests for CRC 

 

This section will feature the outcome of applying DL protocols in other tests 

attempting to diagnose CRC. Overall, DL has been successfully implemented in: 

1) CT colonography: CT colonography is an alternative but rising in popularity 

process for detecting polyps within the bowel lumen, especially for people 

unable to cooperate and/ or tolerate the conventional colonoscopy and/ or 

have strong contraindications against it, in which a depiction of bowel lumen 

is reconstructed after extensive bowel scanning through a differentiated CT 

scan protocol [144, 149,166-169]. The final outcome leads to polyp detection 

through X-ray- derived images, which is prone to all limitations related to 

patient preparation as the conventional colonoscopy. Attempts have been 

made to maximize ADR with DL through CT colonoscopy; beginning in 2019, 

Cao et al reported a CNN model able of characterizing colon polyps as benign 

or not with an AUROC of about 0.945 but with a high standard deviation 

(more than 25%) [170-172]. In the coming years, Wesp et al and Hedge et al 

published trials with DL attempting to perform the same polyp 

characterization, achieving an AUROC up to 0.83 and sensitivity of about 80%. 
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Interestingly, all researchers pointed out that both the training sample and 

the patient sample datasets in their trials were small (less than 100 patients), 

suggesting that further research is required to establish the role of DL in 

optimizing CRC diagnosis through CT colonoscopy after the initial promising 

results [172]. 

2) CT scan: CT scans are not a first-line test for diagnosing CRC compared to 

endoscopy and pathologic examination, but the gold standard for identifying 

the extent of disease staging at the time of preliminary diagnosis [173]. 

However, since a CT scan is usually performed before any surgical 

intervention, on a CRC patient, the need for extracting the maximal amount 

of diagnostic information from a CT scan has encouraged various researchers 

to explore the outcome of the potential involvement of DL in data extraction 

from CT scans. In 2022, Wong et al managed through 3D-reconstruction of CT 

scan images of patients in disease stage II and III  in a correlation of the 

serum levels of CEA (carcinoembryonic antigen), along with the involvement 

of a DL protocol to increase the rate of diagnosing extra-peritoneal CRC, 

reporting having reached a sensitivity of about 95%. Further future relative 

research would be of particular interest in the pursuit of further diagnostic 

data from CT scan images [174]. 

3) Although OCT has been traditionally used for diagnosing diseases of the 

retina, recent research data suggest that it could be further expanded in 

other tissues and organs by defining benign and malignant tissue layers [175]. 

In particular, OCT is applied to CRC diagnosis, and in 2020 reported using DL 

for real-time CRC diagnosis, by training a CNN with 26000 OCT images. 

According to the published outcome, the CNN achieved 100% sensitivity and 

AUROC of about 0.998, demonstrating a promising potential of evolving to 

another competent tool for CRC optical diagnosis [176]. 

 

2.4.4 Applying DL for CRC optimization: current aspects and future 

challenges 

 

Each problem requires a proper solution, and since CRC is a worldwide growing 

public health issue, it is inevitable to tackle it properly without implementing novel 

technologies. Applying the features made available by AI and DL in particular 

appears to have a deeply transforming effect in medicine and biomedical research in 

general, and CRC could not make an exception to this rule. Overall, DL protocols 

appear to optimize CRC diagnosis by increasing diagnostic accuracy, adding to the 

value of clinicians’ experience, minimizing diagnostic variability among doctors, and 

maximizing and/or expanding the extracted clinical data without performing 

additional conventional diagnostic tests on the existing diagnostic material 

(histologic samples, endoscopy images, etc.) [103, 120, 177]. 
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However, although deducting the assumption that clinicians could be substituted by 

computer-assisted AI systems might appear inevitable, in fact, DL could be proven a 

valuable helping hand in the effort of fast CRC diagnosis: Apart from helping trainee 

doctors gain experience in CRC diagnosis during their internship years, DL could first 

of all function as a quick and efficient confirmatory test after the initial traditional 

clinical investigation. In addition to this, adding DL to CRC diagnosis could be quite 

beneficial for health systems on a global scale: The number of CRC patients rises 

without an equivalent increase regarding the number relative to the field doctors, 

leading to an increase in the diagnostic workload for doctors, something that is 

highly prone to diagnostic mistakes [178-179]. Furthermore, CRC new cases tend to 

increase even in poorer countries, where neither experienced clinicians nor the 

patients can afford an extensive diagnostic work-up. However, DL can speed up the 

CRC diagnostic process (taking benefit of computer-assisted data processing 

technology) with minimal misdiagnosis, allowing clinicians to save valuable time for 

other probably more urgent clinical tasks, and make its’ benefits available worldwide 

even in less developed regions, with a considerable fund-saving capacity worth 

considering. 

On the other hand, it appears that DL is currently far from being accepted as a 

standard diagnostic modality for CRC screening despite the initial promising results 

of the existing trials. It is necessary to establish globally accepted standards of CNN 

training (each trial created diverse CNN training conditions) based on larger patient 

and/or image and data sets. Furthermore, especially for DL in bowel endoscopic 

investigation, it is necessary to standardize not only the DL protocols but also the 

performance technique which the DL is asked to reinforce because marked 

differences were noticed when the first related trials from Europe started to show 

up among the overwhelming majority that has been conducted in China [107,150]. 

What is more, concerns have been widely expressed regarding the proper way of 

adapting medical training to the new conditions dictated by widely used DL systems, 

the potential danger of personal patient data leakage, and the economic impact that 

the increased computing power for performing DL projects on a wide scale would 

push the current capacity of our health systems [103, 107, 150, 174]. Still, further 

research might also contribute to the improvement of the collateral technical issues. 

 

2.5 Review of Computer Vision in Surgery 
 

Technology has become a key component of surgery the last decades. Especially the 

last few decades, minimally invasive surgery is a field that has advanced amazingly, 

including laparoscopic and robotic operations [183]. These surgeries have provided a 

huge amount of operative information which are extracted from surgical videos, 

especially those taken from endoscopic cameras [181,183]. Therefore, the 

automation of data analysis plays an ever more important role in surgery, both for 

medical research and the reduction of complexity [183]. 
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Computer vision is a computer science discipline, which uses artificial intelligence 

(AI) techniques in order to analyze and interpret visual data and automate tasks that 

can be performed by the human visual system [181,183,184]. For instance, deep 

learning is a main tool that is used to give computers human-like image recognition 

ability, by processing information through networks of multiple neuron layers, 

allowing computers to learn complex tasks [182,183]. The main objectives of this 

technology are the support of the surgeons in decision-making processes, thus 

making surgeries safer [181,183,184]. In the future it may also lead to fully 

automated surgery [183]. 

It is a domain that is developing exponentially, due to the growth of minimally 

invasive approaches in surgery and the complexity that follows them, as well as the 

effort to prevent large number of medical errors which happen in operating rooms 

[181]. These algorithms could potentially extract invisible, quantitative and objective 

intraoperative information and utilize them for real time case monitor and 

prediction of complications [181]. The main goals so far in computer teaching are 

identification of the surgical phase (step) and tracking of surgical tools. These two 

aspects are fundamental for such algorithms in order to understand surgical context 

and assist with high value information [182,183]. 

The development of CV will have a huge impact in many aspects of surgery. Models 

for procedure and surgical phase recognition could be used to split collections of 

surgical videos and retrieve meaningful and significant information, producing for 

example short videos of specific intraoperative steps, such as the division of the 

cystic duct and artery in a laparoscopic cholocystectomy[181]. Using a temporal 

level, a whole surgical video could be broken down into more specific steps, which 

are followed by the surgeon in order to achieve the surgical goals, for example the 

exposition of anatomic structures [181,185]. CV models could also be trained to 

analyze the complexity of the operation as well as assist the surgeon by supporting 

the intraoperative decisions, by confirming for instance anatomical structures 

[181,185]. Difficult and dangerous anatomical structures such as nerves and vessels 

will be recognized and marked in order to facilitate the surgeon [183]. 

Surgical coaching using CV is ever closer to becoming reality. Quantitative metrics 

could be utilized to provide useful feedback to both trainees and practicing surgeons, 

such as time spent in an operative phase and which instruments were used in each 

phase, or even highlight important anatomic structures that could be potentially 

unsafe to dissect [182]. However, for CV to be established as “surgical mentors” a 

few obstacles must be overcome. CV models should include knowledge from a 

variety of institutions to minimize bias and optimize generalizability, better metrics 

should be put into place and explainability should be improved [182]. 

An important aspect of these technological advances is the ethical issues which arise 

and need to be taken into consideration [181,183]. Privacy of the patients, data 

safety, and transparency should be protected by all means [181]. 
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3 Working towards a complete tissue classification algorithm 

3.1 Deep Learning and Image Processing in Colorectal Cancer diagnosis 
 

Related Literature 

Introduction 

Colorectal cancer (CRC), a form of epithelial cancer arising from the glandular tissue 

of the colon and rectum, is the fourth most diagnosed cancer in the United States. 

Even though current epidemiological data show that the death rate for both men 

and women has been dropping for the past several decades, it remains the second 

most common cause of cancer-related deaths when the numbers of both sexes are 

combined. [186] In addition, the incidence of CRC in people under 50 years has 

steadily increased, with symptomatic disease driving the need for further 

examinations and diagnosis at advanced stages, which is also associated with a 

poorer prognosis. [188] Thus, screening methods are in a great need more now than 

ever, with the most notable one being a routine colonoscopy, which allows direct 

visualization of suspicious lesions or polyps and tissue biopsy retrieval.  

The evaluation of histopathological samples, under microscopy, remains the gold 

standard for the establishment of CRC diagnosis. This is done by examination of 

hematoxylin and eosin (H&E) stained tissues under a microscope, examining an array 

of morphological microscopical tissue alterations, with first and foremost the 

presence and depth of tissue invasion, and additional characteristics such as 

glandular architecture, cell polarity, the disappearance of glands, presence of 

desmoplastic reactions, to determine the deviation from normal tissue architecture 

and the presence of malignancy. As such, the pathological report is therefore 

essential for the optimal treatment protocol selection and directly affects patient’s 

survival length. However, histopathological examination is a time-consuming 

process, which in combination with the worldwide pathologist shortage has led to an 

increased time for diagnosis which contributes to delays in treatment. Moreover, 

this procedure is subjective by nature leading to inconsistent results between 

pathologists (inter-observer variability) [188,189] as well as inconsistency between 

the same pathologist due to fatigue and medical burnout (intra-observer variability). 

To alleviate this process, Computer-Aided Diagnosis (CAD) systems have been 

recently proposed to quantitively analyze digitalized counterparts of glass slides, the 

Whole Slides Imaging (WSI).  

Whole Slide Imaging (WSI), also referred to as virtual pathology, involves the 

creation of a very high-resolution digitalized analog of the images obtained through 

the entire stained tissue as viewed under light microscopy. These images carry the 

inherent privileges of any computerized image such as magnification and free-hand 
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navigation on any of its parts. Recent publications have proposed that WSI can be 

utilized for automated diagnostic tools that are capable of producing results highly 

similar to those of the human operator. [190] 

Many of the recently introduced CAD models have found their way to assist 

pathologists in the evaluation of many tissue samples, such as lung, breast, and 

colon by minimizing inter- and intra-observer variability and have proved to be at 

least noninferior in pathologic image classification. [191] The spectrum of the trained 

algorithms ranges from conventional Machine Learning to the more advanced and 

widely used Deep Learning (DL) models, in the face of Convolutional Neural 

Networks (CNNs). CNNs extract information from the digitalized RGB images, analyze 

them and perform classification of the colorectal tissue sample in order to provide 

robust results and decrease the amount of time required for diagnosis.  

Our current fund of knowledge lacks a clear understanding of the current state of 

the DL algorithms regarding CRC digital histology samples and whether there is 

enough data to support their implementation in the current evidence-based clinical 

practice as well as a systematic report of under-utilized capabilities of such models. 

The aim of this systematic review is to advance our understanding of these modern 

techniques, specifically examining their diagnostic usage in binary malignant 

detection and colorectal tissue classification. 

 

 

Materials and Methods 

 Search Strategy and Study Eligibility Criteria 

This systematic review was performed according to the updated Preferred Reporting 

Items for Systematic reviews and Meta-Analyses statement (PRISMA) and submitted 

to PROSPERO for registration. The study period included PubMed literature searches 

from Cochrane Library from October 2009 until November 1, 2022, with the 

following keywords for the electronic search: “convolutional neural networks,” 

“CNN,” “deep learning”, “colon cancer”, “malignant intestinal cancer”, “colorectal 

cancer”, “bowel cancer”, “biopsy”, “histology”, “microscopy images”, 

“histopathology.” Systematic searches were conducted by two independent 

investigators, blind to each other, and any discrepancies were resolved by consensus 

between them. 

The systematic review was undertaken in accordance with the Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. [192] Studies 

were eligible for inclusion provided they met the following criteria: Presentation of 

the development of at least one Machine Learning, Deep Learning model for tissue 

classification or diagnosis, using a binary or multiple class outcome, with a training 

dataset that included histopathological colorectal tissue whole-slide images or 

segmentations of WSI (patches). Review articles, meta-analyses, or articles that 
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presented the use of algorithms for analysis of images from endoscopic procedures 

or for a different outcome other than tissue classification and diagnosis, were 

excluded. Institutional board review approval is not required for a study-level 

systematic review.  

 

Study Selection and Data Collection Process 
 

All record results retrieved from the systematic search of electronic libraries were 

imported into Rayyan and duplicates were manually removed. Titles, abstracts, and 

keywords of all the articles were screened by two independent reviewers and 

irrelevant reports were removed. Full-text screening of the selected articles was 

performed by the two same reviewers. Each disagreement was resolved through 

discussion and consultation with the other authors.  

A data extraction form was created to extract the study’s characteristics and model 

performance metrics. This form was evaluated for suitability in two randomly 

selected studies by all study’s authors. After finalizing the form, two of the authors 

independently extracted the data from each study. (Table 5) 

The study of bias assessment was conducted using the Quality Assessment tool for 

Diagnostic Accuracy Studies (QUADAS-2) tool, to  assess  studies regarding diagnostic 

tests (Table 6). QUADAS-2 is a highly validated tool, focusing on four domains: 

Patient Selection, Index Tests, Reference Standard, and Flow and Timing. Each 

domain is assessed on two levels ranked as “Low / High / Unclear”: Risk of Bias and 

Concerns regarding applicability. More information on the tool itself and the 

assessment process can be found in the corresponding reference [193] 

The systematic review searches recognized 309 articles for potential inclusion. After 

title and abstract screening 69 were deemed eligible for full-text screening. Overall, 

41 articles were considered for this systematic review in accordance with the 

inclusion criteria. Our systematic search of the literature is depicted in more detail in 

the PRISMA flowchart. (Figure 3). All details regarding the study origins, and the 

number of included images can be viewed in Table 5. 
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Figure 3. Study Selection Process according to Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) guidelines. 

For evaluating the performance of a model sometimes it is more useful to have a 

one-number summary than to examine both the sensitivity and the specificity. 

Performance metrics were evaluated wherever available, and the rest of the 

discussion was based on qualitative results from the literature, fulfilling the inclusion 

criteria. In order to compare the performance of the two sub-categories of models 

(customized vs pre-trained) the Mann-Whitney U test for comparison of means was 

employed. One widely used metric is balanced accuracy (ACC). Since specificity and 

sensitivity are rates, it is more suitable to compute the harmonic average. In fact, the 

F1-score is the harmonic average of precision and recall and has been regarded as 

the preferred performance metric. It is worth mentioning that the size of the 

datasets ranged greatly from 38 to 14,234 WSIs (170,099 patches). 

 

3.1.1 Binary outcomes (Benign or Malignant) 
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The simplest result for DL techniques is to return a binary outcome (yes or no), 

whether the sample includes any suspicious parts for malignancy since the answer to 

this question alters the therapeutic plan completely.  

For this reason, to provide more robust results Qaiser et al [194] tested two 

Convolutional Neural Network (CNN) models while also using Persistent Homology 

profiles of topological features of a WSIs, with the authors reporting the highest F1 

score achieved to be 92% on a retrospectively obtained dataset. Furthermore, Yu et 

al [195] using a database of 13,111 WSIs from 13 centers constructed a semi-

supervised learning algorithm (SSL) which performed equally to pathologists for CRC 

recognition.  

A recent trend that has been getting adopted is Transfer Learning Models. Transfer 

Learning is a subclass of Machine Learning that implements knowledge used in an 

already existing model (pre-trained) in order to tackle a different but related task 

using a new model with the main advantages including a higher performance and 

less training time. Utilizing InceptionV3 as the basis, Xu et al [196] trained a CNN 

model for screening with 99.9% accuracy on normal slides compared to pathologist, 

which was pretrained on ImageNet – a well-known image dataset that follows a 

nodular organization of image groups that illustrate a word and its cognitive 

synonyms. ImageNet utilizes the grouping of nouns into cognitive synonyms (nodes) 

formed by WordNet, created according to conceptual relationships between words, 

in order to categorize and organize into nodules images pertaining to or depicting 

these words. A different multicenter study that compared the performance of an AI 

pre-trained model with pathologists was presented by Wang et al. [191] using a 

considerable large database (14,680 WSIs) with the reported AUC for AI being 99% 

vs 97% of the pathologists. Another unique AI model was developed by Cowan Ho et 

al [197] which was based on a Faster-Region-Based CNN (Faster-RCNN) with ResNet 

as a backbone and simultaneously segmented the glands from the WSIs into high-

risk or low-risk while also classifying them into: benign glands, glands that are either 

characteristic for adenocarcinoma or high-grade dysplasia, low-grade dysplasia, 

blood vessels, necrosis, mucin or inflammation. Despite the model’s high sensitivity 

(97.4%), the small dataset limits its generalization.  

Direct comparison of the state-of-the-art pre-trained CNN feature extractors on 

different segmentation architectures, was conducted by Kassani et al. [13] which 

underscored that shared DenseNet and LinkNet architecture is the one with the 

most potential with reported Accuracy of 87.07% and F1-score of 82.79%. In this 

domain, a study by Gupta et al. [199] compared the performance of many pre-

trained techniques for discriminating the abnormal from normal patches obtained 

from digitalized images with IR-v2 performing better than the rest without sacrificing 

time for diagnosis. Another comparative study, using the LC25000 dataset that 

includes both lung and CRC images tested six different pre-trained models and 

compared their performance. The results showed that the XGBoost model had a 

higher accuracy of 99% and an F1-score of 98.8%. [200] 
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Following the current trends of Machine Learning research in histopathology, a team 

led by Collins et al. tried to extrapolate the pre-trained CNNs and utilize them to 

detect the presence of cancer-free margins in Hyperspectral Images (HIS) of surgical 

specimens. This study highlights a novel field of CNN training, providing results even 

faster than conventional pathology, and tissue classification techniques in the 

operative setting. This approach is effectively an extension towards not only 

characterizing a specimen as benign or malignant but also determining the spatial 

boundaries of the malignant tissue.  [201] 

 

3.1.2 Higher-Class Tissue Classification and Grading 

 

To further advance the protean characteristics of the cellular level images, models 

that report higher class outcomes have also been proposed serving for grading 

purposes (normal tissue, low grade of differentiation, high grade of differentiation) 

and even models which are designed to classify the tissue up to nine types such as 

adipose, background, debris, lymphocytes, mucus, smooth muscle, normal colon 

mucosa, cancer-associated stroma, and colorectal adenocarcinoma epithelium.  

To tackle the CRC grading task (normal, low and high grade of dysplasia, according to 

the WHO histopathological classification) Awan, Shaban and Yan et al [202–204] 

developed custom CNN models with reported accuracy being 91%, 95.7% and 95.3%. 

The latter proposed CNN was also based on majority-voting (MV) technique and 

could also be used in different tissues like breast cancer WSIs samples proving its 

superiority. One of the largest evaluations for a CNN model was presented by Dabass 

et al. [205] which comprised of Enhanced Convolutional Learning Modules (ECLMs), 

multi-level Attention Learning Module (ALM), and Transitional Modules (TMs) and 

was tested on four diverse publicly available datasets (Gland Segmentation 

challenge(GlaS), Lung Colon(LC)-25000, Kather_Colorectal_Cancer_Texture_Images 

(Kather-5k), and NCT_HE_CRC_100K(NCT-100k) and one from their department 

(HosC). The reported F1-score for cancer gland classification was for GlaS 97.67%, on 

LC-25000 100%, and on HosC 99.65%, while also for the tissue classification, for 

Kather-5k 98.85% and lastly for NCT-100k 97.71%.  

Following the trend of Transfer Learning Malik et al. [206] were from the first to 

propose a pre-trained CNN model (InceptionV3) and tested for its accuracy which 

reached 87% for multiclassification outcomes. In certain instances however, the 

reported accuracy of the models was characterized by high values of standard 

deviation, such as in the work of Popa et al [207] with a reported standard deviation 

of 4%. This variability of the accuracy metric could compromise the stability of the 

model’s performance. To overcome this hindrance, Albashish et al [208] designed   

two models (E-CNNs) that ensemble previously pretrained transfer learning models 

DenseNet, MobileNet, VGG16, and InceptionV3 to maximize the efficiency of feature 

extraction and classification tasks. The reported accuracy of the two models was 
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95.20% and 94.52% respectively, with a standard deviation that was much lower, 

calculated at 1.7% tested on the dataset of Stonean et. al.[209] In a different 

comparative study Hamida et al., [209] trained a “from-scratch” CNN model using 

the AiCOLO-8 database along with pre-trained CNN state-of-the-art models (AlexNet, 

VGG, ResNet, DenseNet, Inception) and externally validated them in a different very 

large WSI dataset comparing their results. The ResNet model achieved the highest 

accuracy with 96.98%. Moreover, a study [210] highlighted the feasibility of 

encompassing the spectrum of the CRC into four stages (non-neoplastic, adenoma, 

well-to-moderately ADC, poorly differentiated ADC) using DL techniques with 

comparable performance results such as the proposed models of Sena and Kim et al. 

[211,212] Three studies evaluated the performance of custom 8-category tissue type 

classification techniques on CRC patches reporting similar results. [213–215] Of note, 

although the databases that were evaluated has a significant number of patches, 

they were different from each other. Lastly, Li et al. proposed that fine-tuning the 

ImageNet-based neural networks with histopathological images could significantly 

enhance the prediction performance with segmentation up to 9 tissue types 

(adipose, background, debris, lymphocytes, mucus, smooth muscle, normal colon 

mucosa, cancer-associated stroma and colorectal adenocarcinoma epithelium), 

while also being used for the prediction of gene mutation and expression. [216] 

 

 

3.1.3 Customized vs Pre-Trained Models 

 

A comparison of reported metrics between customized and pre-trained models, did 

not return any significant differences. To compare the average reported metrics 

from reportng studies, we employed the Mann-Whitney U test for comparison of 

mean values. On average, the F1-score reported by custom CNNs was calculated at 

0.88, as opposed to 0.93 from pre-trained models, a difference that was not 

however of statistical significance (p=0.423). Classification accuracy was also non-

significantly different between customized networks and pre trained models, with a 

reported average of 0.95 and 0.953 respectively (p=0.9). Therefore, no significant 

differences in terms of performance, can be detected between pre-trained and 

customized neural networks currently reported in literature. Pre-trained networks, 

are usually built similarly to the UNET example, as reported by Awan et al. The 

network performs pixel-based classification tasks, by importing a pixel of a 

histopathological image as input, and outputting a corresponding pixel which 

represents the probability that the pixel of origin, belongs to a glandular structure, or 

not, therefore characterizing the presence of tumor, as well as being able to classify 

its histological grade. Customized models largely follow the structure of the LeNet 

model, proposed in 1998 [217] and are compised of convolutional layers that lead 

their output into a function, that produces the pixel’s probability of belonging to a 

pre-specified class (usually benign/malignant if it is a binary classification algorithm). 
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3.1.4 Attention learning models in tissue classification 

 

Due to its recent rise in popularity within classification tasks, we separately discuss 

the performance of attention learning within tissue classification in CRC. Within the 

included studies, there are two reports of attention modelling techniques employed 

in pathological image analysis [205,218]. Dabass et al, (2022) present the inclusion of 

an attention learning module within their CNN architecture, as an enhancer deep 

learning module, tasked with allocating bias towards the most informative features 

of those already extracted by enhanced convolutional learning modules that are 

previously involved in the image analysis. The end goal of the attention learning 

module, is to tackle the challenge of varying sizes of important pathological regions 

in an image, and therefore enhance the model’s target refinement capacity. The 

biasing mechanism effectively re-directs computational resources towards the 

classification-specific tasks only. The result of incorporating the attention module, 

was to counter the gradual decrease of spatial resolution of malignant feature maps. 

The team, ran an analysis of the classification model, before and after the inclusion 

of the attention module [205]. They demonstrated an increase in all prediction 

metrics in both binary, and multi-level classifiaction tasks for colorectal tumours. In 

binary grade classification all metrics (accuracy, precision, sensitivity and specificity), 

were estimated at a range of 99.31% - 100% for the testing dataset. It also must be 

noted that this study utilized slides from a completely different dataset as their 

testing set, rather than utilizing images from the same dataset, which could falsely 

generate better model performance metrics. Multi-class classification of tumor 

structure was also augmented after the introduction of attention module increasing 

the F1-score to a total of 97.7% from 93% prior to the inclusion of the attention 

module. Integrating attention modelling managed to overcome the variability in 

tissue patterns, by selectively enhancing the weights of specific structures of interest 

for the classification of a tissue specimen. The model’s performance metrics on an 

entirely separate dataset, originating from different patients, is evidence that adding 

attention modelling modules to a CNN, can help overcome the interpersonal tissue 

variability that exists in clinical practice and burdens the human operator. 

Another example of attention modelling in pathological images of CRC, is the one 

developed by Yan et al [218]. The ultimate goal of their classification model was to 

classify cellular nucleic structures from histological slides, as belonging to malignant 

tissue or not. Following image decomposition into nucleic and non-

nuclecsstructures. The proposed architecture followed a “Divide-and-Attention” 

structure. The initial model, splits the image data in 3 categories and performs 

feature extraction. At the end, the branches are re-fused, using global average 

pooling, to obtain a total of five feature vectors. Data from these vectors are 

funneled into the attention learning module that will select the most representative 

tissue features, and allow the model to focus on them. Although the team does not 
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report results before and after the inclusion of the attention model layer, the overall 

reported accuracy for their model was 95.33% with an AUC of 0.94. It must be noted 

however that both the training and the testing image sets were derived from the 

same dataset. 

Table 5. Deep Learning Models for Diagnosis and Classification of Colorectal Cancer. 

Author Year Country 
Study 

Type 

Aim of 

Model 
Architecture Task Dataset Used 

 Evaluation 

Metrics 

Kainz 2017 Austria 
Journal 

Article 

Classific

ation of 

Glands 

Custom CNN 

4-class (benign, 

benign 

background, 

malignant, 

malignant 

background)  

2015 MICCAI Gland 

Segmentation 

Challenge, Training 85 

Images (37 benign and 

48 malignant). Testing 

80 (37/43) 

Detection 

results 

(MICCAI Glas): 

F1 score = 

(0.68 + 

0.61)/2, DICE 

index (0.75 + 

0.65)/2, 

Hausdorff 

(103.49 + 

187.76)/2 

Xu  2017 China 
Journal 

Article 

Gland 

Classific

ation 

Custom CNN 

Binary 

(bening/malign

ant)  

2015 MICCAI Gland 

Segmentation 

Challenge, Training 85 

Images Testing 80 

Images 

Detection 

results 

(MICCAI Glas): 

F1 score 

(0.893 + 

0.843)/2, DICE 

index (0.908 + 

0.833)/2, 

Hausdorff 

(44.129 + 

116.821)/2 

Awan  2017 UK 
Journal 

Article 

Grading 

of CRC 
UNET 

(A) Binary 

(normal/cancer

) (B) 3-class: 

normal/low 

grade/high 

grade 

38 WSIs, extracted 139 

parts (71 normal, 33 

low grade, 35 high 

grade)  

(A) Binary 

ACC: 97% (B) 

3-vlass ACC: 

91% 

Chen  2017 China 
Journal 

Article 

Nuclei 

Classific

ation 

Custom CNN 

Binary 

(bening/malign

ant)  

2015 MICCAI Gland 

Segmentation 

Challenge and 2015 

MICCAI Nuclei 

Segmentation 

Detection 

results 

(MICCAI Glas): 

F1 score = 

0.887, DICE 



 

89 
 

Image Processing and Deep learning for Colorectal Cancer Diagnosis 

Francesk Mulita 

Διπλωματική Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα Πληροφορικής» του 

φοιτητή ΦΡΑΝΤΣΕΣΚ ΜΟΥΛΙΤΑ 

Challenge index 0.868 

Hausdorff = 

74.731 

Segmentation 

results: D1 

and D2 

metrics from 

Challenge  

Xu  2017 China 
Journal 

Article 

Tissue 

Classific

ation 

Alexnet—

SVM  

(1) Binary 

(cancer/not 

cancer) 

2014 MICCAI Brain 

Tumor (incl. Colorectal 

metastases) Digital 

Pathology Challenge 

ACC: (1) 

Binary: 98% 

Hassan 2017 France 
Journal 

Article 

Tissue 

Classific

ation 

Custom CNN 

Triple: benign 

hyperplasia 

(BH), 

intraepithelial 

neoplasia (IN), 

and carcinoma 

(Ca) 

Biopsy images of 30 

CRC patients 
ACC: 99.17%  

Chaofeng 2017 China 
Journal 

Article 

Tissue 

Classific

ation 

Custom 

Bilinear CNN 

Eight types of 

tissue, namely 

tumour 

epithelium, 

simple stroma, 

complex 

stroma, 

immune cells, 

debris, normal 

mucosal 

glands, adipose 

tissue and 

background 

(no tissue) 

H&E stained colorectal 

cancer 

histopathological 

image dataset from the 

University Medical 

Center Mannheim 

AUC value of 

0.985 

Eycke 2018 Belgium 
Journal 

Article 

Diagnosi

s 
VGG 

Binary 

(bening/malign

ant)  

2015 MICCAI Gland 

Segmentation 

Challenge, Training 85 

Images Testing 80 

(37/43)  

Detection 

results 

(MICCAI Glas): 

F1 score = 

(0.895 + 

0.788)/2, DICE 

index (0.902 + 

0.841)/2, 
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Hausdorff 

(42.943 + 

105.926)/2 

Graham  2019 UK 
Journal 

Article 

Diagnosi

s 

Custom 

Architecture 

MILD-net 

Binary 

(bening/malign

ant)  

(1) MICCAI Gland 

Segmentation 

Challenge (2) 38 WSIs, 

extracted 139 parts (71 

normal, 33 low grade, 

35 high grade)  

(1) F1 socre: 

(0.914 + 

0.844)/2, 

Dice: (0.913 + 

0.836)/2, 

Hausdorff 

(41.54 + 

105.89)/2 (2) 

F1 score: 

0.825, Dice: 

0.875, 

Hausdorff: 

160.14 

Yoon  2019 
South 

Korea 

Journal 

Article 

Diagnosi

s 

modified-

VGG 

Binary 

(bening/malign

ant)  

Center for CRC, 

National Cancer 

Center, Korea, 57 WSIs, 

10.280 patches 

ACC: 93.48%, 

SP: 92.76%, 

SE: 95.1% 

Qaiser 2019 UK 
Journal 

Article 

Diagnosi

s 
Custom CNN 

Binary 

(bening/malign

ant)  

(1) Warwick-UHCW 75 

H/E WSIs (112.500 

patches), (2) Warwick-

Osaka 50 H/E WSIs 

(75.000 patches) 

(A) PHP/CNN: 

F1 score 

0.9243, 

Precision 

0.9267 (B) 

PHP/CNN: F1 

score 0.8273, 

Precision 

0.8311 

Sari  2019 Turkey 
Journal 

Article 

Grading 

of CRC 

Feature 

Extraction 

from Deep 

Belief 

Network 

and 

classification 

employing 

linear SVM, 

Comparison 

with 

Alexnet, 

(1) 3-class: 

normal (N), 

Low Grade 

(LG), High 

Grade (HG) (2) 

5-class: 

Normal, Low 

(1), Low (1–2), 

Low (2), High 

(1) 3236 images 1001 

N, 1703 LG, 532 HG) (2) 

1468 images 

(1) mean ACC: 

96.13 (2) 

mean ACC: 

79.28 
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GoogleNet, 

Inceptionv3, 

and 

autoencoder

s 

Rączkowski 2019 Poland 
Journal 

Article 

Tissue 

Classific

ation 

Custom CNN 

(A) Binary: 

tumor/stroma 

(B) 8-class: 

tumor 

epithelium, 

simple stroma, 

complex 

stroma, 

immune cells, 

debris, normal 

mucosal 

glands, adipose 

tissue, 

background 

5000 patches 

(1) AUC 0.998 

ACC: 99.11 ± 

0.97% (2) AUC 

0.995 ACC: 

92.44 ± 0.81% 

Sena 2019 Italy 
Journal 

Article 

Tissue 

Classific

ation 

Custom CNN 

normal 

mucosa, 

preneoplastic 

lesion, 

adenoma, 

cancer 

393 WSIs ACC: 81.7 

Xu  2020 Canada 
Journal 

Article 

Diagnosi

s 
Custom CNN 

Binary 

(bening/malign

ant)  

St. Paul’s Hospital, 307 

H/E images 

ACC: 99.9% 

(normal 

slides),  ACC: 

94.8% (cancer 

slides) 

Independent 

dataset: 

median ACC: 

88.1%, 

AUROC 0.99 

Song  2020 China 
Journal 

Article 

Diagnosi

s 
Custom CNN 

Binary 

(bening/malign

ant)  

579 slides 
ACC: 90.4, 

AUC 0.92 

Shaban  2020 UK 
Journal 

Article 

Grading 

of CRC 
Custom CNN 

3-Class: 

Normal, Low 

Grade, High 

38 WSIs, extracted 139 

parts (71 normal, 33 

low grade, 35 high 

ACC: 95.70 
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Grade grade)  

Iizuka  2020 Japan 
Journal 

Article 

Tissue 

Classific

ation 

(1) Inception 

v3, (2)RNN 

3-class: 

adenocarcinom

a/adenoma/ 

non-neoplastic 

4.036 WSIs 

(1) AUC: (ADC: 

0.967, 

Adenoma: 

0.99), (2) 

AUC: (ADC: 

0.963, 

Adenoma: 

0.992) 

Masud 2021 
Saudi 

Arabia 

Journal 

Article 

Diagnosi

s 
Custom CNN 

Binary 

(bening/malign

ant)  

LC25000 dataset, 

James A. Haley 

Veterans’ Hospital, 

5.000 images of Colon 

ADC, 5.000 images of 

Colon Benign Tissue 

ACC: 96.33% 

F-measure 

score 96.38% 

for colon and 

lung cancer 

identification 

Wang  2021 China 
Journal 

Article 

Diagnosi

s 

modified 

Inception v3 

Binary 

(bening/malign

ant)  

14,234 CRC WSIs and 

170.099 patches 

ACC: 98.11%, 

AUC 99.83%, 

SP: 99.22%, 

SE: 96.99% 

Gupta  2021 
Switzerlan

d 

Journal 

Article 

Diagnosi

s 

(a) VGG, 

ResNet, 

Inception, 

and IR-v2 for 

transfer 

learning, (b) 

Five types of 

customized 

architecture

s based on 

Inception-

ResNet-v 

Binary 

(bening/malign

ant)  

215 H/E WSIs, 

1.303.012 patches 

(a) IR-v2 

performed 

better than 

the others: 

AUC 0.97, F-

score: 0.97 (b) 

IR-v2 Type 5: 

AUC 0.99, F-

score: 0.99 

Yu  2021 China 
Journal 

Article 

Diagnosi

s 
SSL 

Binary 

(bening/malign

ant)  

13.111 WSIs, 62,919 

patches 

Patch-level 

diagnosis 

AUC: 0.980 ± 

0.014 Patient-

level 

diagnosis 

AUC: 0.974 ± 

0.013  

Toğaçar 2021 Turkey Journal DiagnosiYOLO-based Binary 10.000 images Overall ACC: 
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Article s DarkNet-19 (bening/malign

ant)  

99.69% 

Terradillos 2021 Spain 
Journal 

Article 

Diagnosi

s 

Custom CNN 

based on 

Xception 

Binary 

(bening/malign

ant)  

14.712 images 
SE: 0.8228, 

SP: 0.9114  

Paladini 2021 Italy 
Journal 

Article 

Tissue 

Classific

ation 

2 × 

Ensemble 

approach 

ResNet-101, 

ResNeXt-50, 

Inception-v3 

and 

DensNet-

161. (1) 

Mean-

Ensemble-

CNN 

approach, 

the 

predicted 

class of each 

image is 

assigned 

using the 

average of 

the 

predicted 

probabilities 

of four 

trained 

models. 

(2) In the 

NN-

Ensemble-

CNN 

approach, 

the deep 

features 

correspondi

ng to the 

last FC layer 

are 

7-class, 8-class 

respectively 

WIS-Kather-CRC-2016 

Database (5000 CRC 

images) and CRC-TP 

Database (280,000 CRC 

images) 

 

Kather-CRC-

2016 

Database: 

Mean-

Ensemble-

CNN mean 

ACC: 96.16% 

NN-Ensemble-

CNN mean 

ACC: 96.14% 

CRC-TP 

Database: 

Mean-

Ensemble-

CNN ACC: 

86.97% Mean-

Ensemble-

CNN F1-Score: 

86.99% NN-

Ensemble-

CNN ACC: 

87.26% NN-

Ensemble-

CNN F1-Score: 

87.27% 
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extracted 

from the 

four trained 

models 

Hamida 2021 France 
Journal 

Article 

Tissue 

Classific

ation 

(1) 

Comparison 

of 4 

different 

architecture

s Alexnet, 

VGG-16, 

ResNet, 

DenseNet, 

Inceptionv3, 

with 

transfer 

learning 

strategy 

(2) 

Comparison 

of SegNet 

and U-Net 

for semantic 

Segmentatio

n 

(A) 8-class: 

tumor, stroma, 

tissue, 

necrosis, 

immune, fat, 

background, 

trash 

(B) Binary 

(tumor/no-

tumor) 

(1) AiCOLO (396 H/E 

slides), (2) NCT 

Biobank, University 

Medical Center 

Mannheim (100.000 

H/E patches), (3) CRC-

5000 dataset (5.000 

images), (4) Warwick 

(16 H/E) 

(1) ResNet 

On AiCOLO-8: 

overall ACC: 

96.98% 

On CRC-5000: 

ACC: 96.77% 

On NCT-CRC-

HE-100κ: ACC: 

99.76% 

On merged: 

ACC: 99.98% 

(2) On 

AiCOLO-2 

UNet: ACC: 

76.18%, 

SegNet: 

ACC:81.22% 

Zhou  2021 China 
Journal 

Article 

Tissue 

Classific

ation 

Custom CNN 

with Res-

Net 

Binary 

(bening/malign

ant)  

TCGA 1346 H/E WSIs 

ACC: 0.946 

Precision: 

0.9636 Recall: 

0.9815 F1 

score: 0.9725 

Riasatian 2021 Canada 
Journal 

Article 

Tissue 

Classific

ation 

Custom CNN 

based on 

DenseNEt 

8-class: tumor 

epithelium, 

simple stroma, 

complex 

stroma, 

immune cells, 

debris, normal 

mucosal 

glands, adipose 

tissue, 

background 

The Cancer Genome 

Atlas' 5.000 patches 

ACC: 96.38% 

(KN-I) and 

96.80% (KN-

IV) 
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Tsuneki 2021 
Switzerlan

d 

Journal 

Article 

Tissue 

Classific

ation 

EfficientNet

B1 model 

4-class: poorly 

differentiated 

ADC, well-to-

moderately 

ADC, adenoma, 

non-neoplastic) 

1.799 H/E WSIs AUC 0.95 

Jiao  2021 China 
Journal 

Article 

Tissue 

Classific

ation 

DELR based 

8-class: normal 

mucosa, 

adipose, 

debris, 

lymphocytes, 

mucus, smooth 

muscle, 

stroma, tumor 

epithelium 

 

180.082 patches AUC: >0.95 

Kim  2021 
South 

Korea 

Journal 

Article 

Tissue 

Classific

ation 

Custom CNN 

5-class: ADC, 

high-grade 

adenoma with 

dysplasia, low-

grade 

adenoma with 

dysplasia, 

carcinoid, 

hyperplastic 

polyp 

390 WSIs  

ACC: 0.957 ± 

0.025 Jac: 

0.690 ± 0.174 

Dice: 0.804 ± 

0.125  

Yan  2022 China 
Journal 

Article 

CRC 

Grading 

Custom 

Divide-and-

Attention 

Network 

(DANet) + 

Majority 

Voting 

3-class 

(normal, low 

high grade) 

15,303 patches as 

proposed by Awan et. 

Al 

ACC: 95.3%, 

AUC: 0.94 

Dabass 2022 India 
Journal 

Article 

CRC 

Grading 

Custom CNN 

based on 

Enhanced 

Convolution

al Learning 

Modules 

(ECLMs), 

multi-level 

3-class 

(normal, low 

high grade) 

Gland Segmentation 

challenge(GlaS), Lung 

Colon(LC)-25000, 

Kather_Colorectal_Can

cer_Texture_Images 

(Kather-5k), 

NCT_HE_CRC_100K(NC

T-100k) and a private 

GlaS 

(Accuracy(97.

5%), 

Precision(97.6

7%), F1-

Score(97.67%)

, and 

Recall(97.67%
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Attention 

Learning 

Module 

(ALM), and 

Transitional 

Modules 

(TMs) 

dataset Hospital 

Colon(HosC) 

)), LC-25000 

(Accuracy(100

%), 

Precision(100

%), F1-

Score(100%), 

and 

Recall(100%)), 

and 

HosC(Accurac

y(99.45%), 

Precision(100

%), F1-

Score(99.65%)

, and 

Recall(99.31%

)), and while 

for the tissue 

structure 

classification, 

it achieves 

results for 

Kather-

5k(Accuracy(9

8.83%), 

Precision(98.8

6%), F1-

Score(98.85%)

, and 

Recall(98.85%

)) and NCT-

100k(Accurac

y(97.7%), 

Precision(97.6

9%), F1-

Score(97.71%)

, and 

Recall(97.73%

)) 

Hosseinzade

hKassani 
2022 USA 

Journal 

Article 

Diagnosi

s 

Comparison 

of ResNet, 

MobileNet, 

VGG, 

Binary 

(Healthy/Cance

r) 

DigestPath, 250 H/E 

WSIs, 1.746 patches 

Dice: 82.74% 

ACC: 87.07% 

F1 score: 
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Inceptionv3, 

InceptionRe

snetv2, 

ResNeXt, SE-

ResNet, SE-

ResNeXt 

82.79%  

Shen  2022 China 
Journal 

Article 

Diagnosi

s 

Custom CNN 

based on 

DenseNEt 

3-class: loose 

non-tumor 

tissue, dense 

non-tumor 

tissue, 

gastrointestinal 

cancer tissues 

1063 TCGA samples 

DP-FTD: AUC 

0.779,  DCRF-

FTD: AUC 

0.786 

Chehade 2022 France 
Journal 

Article 

Diagnosi

s 

XGBoost, 

SVM, RF, 

LDA, MLP 

and 

LightGBM 

Binary 

(bening/malign

ant) for CRC 

LC25000 dataset 

ACC of 99% 

and a F1-

score of 

98.8% for 

XGBoost 

Collins  2022 Italy 

Prospec

tive 

Study 

Diagnosi

s 
Custom CNN 

3-class 

(normal, T1-

2,T3-4) 

Images from 34 

patients 

15-fold cross-

validation (Se: 

87% and Sp: 

90%, 

respectively), 

ROC-AUC: 

0.95. T1-2 

group Se: 

89%, Sp: 90%, 

T3-4 group, 

Se:81%, Sp: 

93%. 

Ho  2022 Singapore 
Journal 

Article 

Diagnosi

s 

Faster-RCC 

Architecture 

Binary (low 

risk/high risk)  

66,191 image tiles 

extracted from 39 

WSIs, Evaluation 150 

WSI biopsies 

AUC of 91.7% 

Reis  2022 Turkey 
Journal 

Article 

Nuclei 

Classific

ation 

Custom 

method 

(DenseNet1

69 + SVM, 

DenseNet16

9 + GRU) 

10-class 

10-class MedCLNet 

visual dataset 

consisting of the NCT-

CRC-HE-100 K dataset, 

LC25000 dataset, and 

GlaS dataset 

95% accuracy 

was obtained 

in the 

DenseNet169 

model after 

pre-train 
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Albashish 2022 Jordan 
Journal 

Article 

Tissue 

Classific

ation 

(1)E-CNN 

(product 

rule), (2) E-

CNN 

(majority 

voting) 

4-class and 7 

class 

Stoean (357 images) 

and Kather colorectal 

histology (5,000 

images) 

(1)ACC: 

97.20%, (2) 

91.28%  

Li  2022 Hong Jong 
Journal 

Article 

Tissue 

Classific

ation 

pretrainedI

mageNet 
9 class 

100 000 annotated 

H&E image patches  
ACC: 98.4% 

 

 

3.1.5 Discussion 

 

In this systematic review we analyzed 41 studies focusing on the binary (normal, 

malignant) and multiclass categorization and grading of digital colorectal tissue 

pathology using state-of-the-art CNN classifiers. The reported classification 

outcomes and measures of effect differed among studies, while reaching impressive 

individually high numbers with a mean balanced accuracy of 95.8% ± 3.8% (highest 

reported being 99.69%), the mean F1-Score being 89.7% ± 9.8% (highest reported 

being 99%), with only a few studies also co-reporting sensitivity, specificity, precision 

and recall. Of note, the efficiency of the models increased in accordance with the 

years. However, upon closer investigation of the individual studies, there is a lack of 

a standardized approach in reporting the results as well as the heterogeneity in the 

training datasets, which makes a direct objective comparison between the studies 

impossible. Another common characteristic of the included studies is an inherent 

weakness in image acquisition. Most datasets utilized, reach their final number of 

images from much less pathological slides that they rotate or refocus slightly, in 

order to obtain a different picture. However, the likeliness between these images 

can be contributing to better classification performance metrics. 

One possible explanation for the inter-model variability of the tissue segmentation 

classes could be the reflection of the inter-observer variability of Western versus 

Eastern pathologists. In Western countries the presence of cancerous lesion is made 

by ruling in the invasion beyond the submucosal tissue (also referred to as Vienna 

Classification), while the Eastern model the diagnosis is based on inner structural and 

nucleic abnormalities of the epithelium (also referred to as Japanese Classification). 

Despite the research for which one encompasses the CRC spectrum in its entirety, a 

unified method has yet to be finalized. [237]. 

Comparison of handcrafted feature-based models versus automated deep learning 

models also showed the superiority of unsupervised training in classification models, 

rather than feature-based classification [238]. Another point raised by several 
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authors, regarding the comparison of different classification models, is the quality of 

the initial annotation by the pathologist that can influence solely the malignancy-

containing slides  [213,225]. Furthermore, the direct comparison of different models 

and classification architectures is further hindered by the variability of the tissue 

itself. For instance, higher histological grades of colorectal cancer have been pointed 

out as being a challenge for the deep learning algorithms due to the presence of 

irregular and dense structures that are an impediment for the segmentation 

algorithms [54]. There is a lack of reporting histological grades in many of the 

included studies, and a complete absence of comparison of performance metrics 

between tissue grades. Therefore, the introduction of machine learning-based tissue 

classification in true clinical practice, first requires the resolution of such issues.  

Furthermore, even though it is evident that the performance of the included CNNs 

for CRC diagnosis is on par with the clinical pathologists, [237][240] many of the 

studies’ generalization potential was hindered by the study design, relatively small 

and proprietary nature of training and validation datasets of many individual studies. 

For this reason, it is often recommended to external cross-validate using publicly 

available, accepted and large datasets such as TCGA database, GIaS, LCK25000 etc. 

Furthermore, estimations of at least 10,000 WSIs are required to train a CNN model 

for histopathology tasks without even accounting for the variation in each of the WSI 

due to the digitalization process. [241–249][219-226] From the studies included in 

this review, only three were evaluate with databases in accordance with this 

estimation, while 8 tested their results in widely available big datasets. Thus, 

standardized evaluation of a models’ architecture and reporting is a necessary step 

towards its clinical implementation. A few studies mention an existing discrepancy 

between the automated classification results and the expert pathologist diagnosis. 

Scanning only select slides, and slides that happen to contain no abnormal 

architecture of carcinomas, (despite the existence of malignancy in the tissue in a 

deeper slide) are some of the dangers that are already described by authors [240]. 

As a result, it should be noted that the macroscopic appearance of a tissue 

specimen, the selection of scanned slides and the overall distribution and number of 

processed images from the slides of a specimen are still issues that remain to be 

resolved, and quite possibly the parts where a human operator might be called to 

support a machine learning algorithm.  

A more unified approach in reporting the results was performed in the AI models 

that participated in the Gland Segmentation in Colon Histology Images (GlaS) 

challenge in 2015 and onwards [252]. The GIaS challenge was conducted by the 18th 

International Conference on Medical Image Computing and Computer-Assisted 

Intervention (MICCAI) in which the proposed models competed with objective 

measures of effect in order to achieve the optimal gland segmentation. The metrics 

of performance consisted of the F1-score, Dice Score (evaluating similarity of sample 

A vs sample B) and Hausdorff distance (measure for comparing the end result with 

the segmentation result) 244]. 
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When looking into possible differences between pre-trained models and custom 

neural networks, we found no differences in the reported numerical outcomes for 

accuracy, specificity, and sensitivity of classification. It must be noted however, that 

looking into the model builds described, pre-trained and CNNs, are largely based on 

the same mechanisms and model layers. 

A subsection of models used for tissue classification, employed attention learning 

algorithms. Although these instances were few in the current literature on CRC 

pathological classification [205,218], they did provide some insights that could 

enhance the model outcomes already predicted by other CNNs. There is however 

some outstanding criticism regarding attention modelling. One issue that experts 

mention, is that attention models are called to be fitted on top of usually pre-

existing CNN backbone architectures [245]. Therefore, the question remains to be 

answered; to what extend to the attention models (and in turn, their performance) 

rely on the backbone architecture they are placed on? Objective techniques for 

model assessment must be created if the quality of “learning” is to be properly 

assessed. 

Lastly, it is worth mentioning that the spectrum of CRC histology and CNNs is ever 

evolving, and recent advances include many more areas of interest, other than 

structural alterations like tumor microenvironment, prognosis and survival, nucleic 

alterations like microsatellite instability, specific gene mutation prediction and more. 

The emergence of potent DL techniques that harness the wide available data can 

enrich the cancer diagnosis field with the introduction of new research fields that 

could also provide invaluable information for the diagnostic process and aid the 

therapeutic plan. 

Although most of the included studies are of a high standard, there are still a few 

underreported parameters that still need to be assessed before such innovations are 

introduced within everyday practice. The vast majority of existing studies fail to take 

into account significant histological findings that constitute oncological parameters, 

such as histological subtypes, stage of colorectal cancer, tumor grade, necrotic 

debris, and peritumoral necrosis. Additionally, there is a lack of research endeavors, 

regarding the histological classification of harvested lymph nodes, and very little 

work on the identification of metastatic carcinomas. Future work should also include 

the exploration of correlations between patient factors and the performance of such 

models. It is highly likely, that patients with early-stage tumors (e.g., in situ 

carcinomas) pose a higher classification challenge to DL models, due to more subtle 

differences with normal tissue. On the other end of the spectrum, higher grade 

carcinomas and tissue specimens with extremely distorted architectures are a hurdle 

for image segmentation algorithms and feature extraction models. Next research 

steps should include the use of such models in the clinical environment rather than 

testing them in pre-determined datasets, as well as setting up randomized controlled 

trials for true comparison with expert pathologists. In the long run, more work is 



 

101 
 

Image Processing and Deep learning for Colorectal Cancer Diagnosis 

Francesk Mulita 

Διπλωματική Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα Πληροφορικής» του 

φοιτητή ΦΡΑΝΤΣΕΣΚ ΜΟΥΛΙΤΑ 

needed, to determine, whether the use of such methods influences treatment 

choices, patient survival, and disease-free survival. 

Conclusions 

The performance of the currently available CNN DL models is at least non-inferior to 

conventional image-pattern recognition from pathologists exhibiting impressive 

accuracy. However, owing to the small-scale datasets, variability of their training 

data and lack of big-scale external validation, generalization of these results is not 

yet possible. In all likeliness, we seem to be at least a few years away from large-

scale, systematic inclusion of AI-assisted pathological reviews of specimens. 

Additionally, we cannot expect the first implementation of such approaches to fully 

replace pathologists; AI-assisted screening will aid in the reduction of work hours, 

lessening the time-to-diagnosis period in the process. Few studies tackle the issue of 

external validation, further solidifying the need for future ones being compared 

using the same large datasets and thus paving the path of their implementation in 

the evidence-based healthcare system. In our study we can conclude not only that 

the current state-of-the-art algorithms are non-inferior to pathologists for image 

analysis and classification tasks, but also that their generalization potential is still 

limited due to their inherent uniqueness in their training and lack of widely accepted 

external validation datasets. 

 

Table 6: Risk-of-bias assessment for the included studies 

 

Author Year Domain 1: Patient Selection Domain 2: Index Test(s) 
Domain 3: Reference 

Standard 

Domain 4: Flow and 

Timing 

Kainz  2017 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: High 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Xu  2017 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Unclear 

Risk of Bias: Low 

Awan  2017 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Chen  2017 
Risk of Bias: Low 

Applicability Concerns: Unclear 

Risk of Bias: Low 

Applicability Concerns: 

Unclear 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Xu  2017 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: High 

Applicability Concerns: Low 

Risk of Bias: High 

Applicability Concerns: 

Low 

Risk of Bias: Unclear 

Hassan  2017 
Risk of Bias: High 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: 

Low 

Risk of Bias: Unclear 

Chaofeng  2017 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Unclear 

Eycke  2018 Risk of Bias: High Risk of Bias: Low Risk of Bias: Low Risk of Bias: Low 



 

102 
 

Image Processing and Deep learning for Colorectal Cancer Diagnosis 

Francesk Mulita 

Διπλωματική Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα Πληροφορικής» του 

φοιτητή ΦΡΑΝΤΣΕΣΚ ΜΟΥΛΙΤΑ 

Applicability Concerns: Low Applicability Concerns: Low Applicability Concerns: 

Low 

Graham  2019 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Unclear 

Yoon  2019 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: Low 

Qaiser  2019 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Sari  2019 
Risk of Bias: Low 

Applicability Concerns: Unclear 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Rączkowski  2019 
Risk of Bias: High 

Applicability Concerns: High 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: High 

Sena  2019 
Risk of Bias: High 

Applicability Concerns: High 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

High 

Risk of Bias: High 

Xu  2020 
Risk of Bias: High 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: Low 

Risk of Bias: High 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Song  2020 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Shaban  2020 
Risk of Bias: High 

Applicability Concerns: High 

Risk of Bias: Low 

Applicability Concerns: High 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: High 

Iizuka  2020 
Risk of Bias: low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: Unclear 

Masud  2021 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Wang  2021 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: Unclear 

Gupta  2021 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Unclear 

Risk of Bias: Unclear 

Yu  2021 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Toğaçar  2021 
Risk of Bias: High 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: High 

Terradillos  2021 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Unclear 

Paladini  2021 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: 
Risk of Bias: Unclear 



 

103 
 

Image Processing and Deep learning for Colorectal Cancer Diagnosis 

Francesk Mulita 

Διπλωματική Διατριβή ΠΜΣ μέσω Έρευνας «Ευφυή Συστήματα Πληροφορικής» του 

φοιτητή ΦΡΑΝΤΣΕΣΚ ΜΟΥΛΙΤΑ 

Low 

Hamida  2021 
Risk of Bias: Unclear 

Applicability Concerns: Unclear 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: Unclear 

Zhou  2021 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Riasatian  2021 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Unclear 

Tsuneki  2021 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Unclear 

Risk of Bias: Low 

Jiao  2021 
Risk of Bias: High 

Applicability Concerns: High 

Risk of Bias: High 

Applicability Concerns: 

Unclear 

Risk of Bias: High 

Applicability Concerns: 

Unclear 

Risk of Bias: Low 

Kim  2021 
Risk of Bias: High 

Applicability Concerns: Unclear 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: High 

Applicability Concerns: 

Low 

Risk of Bias: Unclear 

Yan  2022 
Risk of Bias: High 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: Unclear 

Dabass  2022 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Unclear 

Hosseinzadeh Kassani  2022 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Unclear 

Shen  2022 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: High 

Applicability Concerns: Low 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: High 

Chehade  2022 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Collins  2022 
Risk of Bias: High 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: High 

Risk of Bias: Low 

Applicability Concerns: 

High 

Risk of Bias: High 

Ho  2022 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Reis  2022 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: 

Low 

Risk of Bias: Low 

Albashish  2022 
Risk of Bias: Unclear 

Applicability Concerns: Unclear 

Risk of Bias: Low 

Applicability Concerns: 

Unclear 

Risk of Bias: Unclear 

Applicability Concerns: 

Unclear 

Risk of Bias: Unclear 

Li  2022 
Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias: Low 

Applicability Concerns: Low 

Risk of Bias:Low 

Applicability Concerns: 

Low 

Risk of Bias: Unclear 
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Table 7: Commonly Utilized Datasets for model training on pathological annotations of 

colorectal cancer 

 

Dataset Name Origin Sample Size Sample Description 

    

MICCAI 2015 Dataset (GlaS Challenge) University Hospitals of 

Coventry and 

Warwickshire 

165 Images (85 Training 

– 80 Testing) 

Histopathological H&E 

Images of Colorectal Cancer 

and healthy tissue. Various 

tumor grades are included. 

NCT-CRC-HE-100K Dataset NCT Biobank and the 

University Medical Center 

Mannheim archive 

100.000 Images from 85 

CRC patients 

Histopathological H&E 

Images of Colorectal 

Adenocarcinoma and healthy 

tissue 

CRC-VAL-HE-7K Dataset NCT Biobank 7180 Images from 50 

CRC Patients 

Histopathological H&E 

Images of Colorectal 

Adenocarcinoma. Used as a 

validation dataset for the 

NCT-CRC-HE-100K Dataset 

(no overlapping images) 

AiCOLO Dataset Multicentre Project 396 Images Histopathological H&E 

Images of Colorectal Cancer 

and normal tissue. 

Annotations include extra-

tumoral structures of interest 

LC25000 Dataset The Veterans Health 

Administration Healthcare 

System 

10.000 Images Histopathological H&E 

Images of Colorectal 

Adenocarcinoma and healthy 
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tissue 

 

 

3.2 Materials and Methods 

 

Our experiments, are largely modelled after previous work on deep learning in the 

pathological diagnosis of colorectal cancer. Our study, was designed as a proof of 

concept for the applicability and effectiveness of artificial intelligence utilization in 

the correct annotation of pathological slides for colorectal cancer patients. We will 

present the results of a novel classification algorithm utilized in images taken from 

two case study patients, that were not included in the training dataset. 

For the present study, we used the Gland Segmentation challenge dataset, a part of 

the MICCAI 2015 challenge as the training dataset for our algorithm. The dataset was 

comprised of data from 85 H&E slides of colorectal adenocarcinomas of various 

histological grades, as well as 80 slides of healthy colonic tissue. All slides belong to 

the training dataset for the MICCAI challenge, and were pre-annotated by Pathology 

specialists. The images were extracted from a total of 16 H&E histological WSIs that 

were scanned by a Zeiss MIRAX MIDI Slide Scanner at a resolution of 0.465μm/pixel. 

Rescaling of the WSIs followed 0.620 µm/pixel and a total of 165 image tiles were 

extracted from the dataset. All of the training images have instance-level 

segmentation of the ground truth, that accurately detailed the glandular boundaries. 

In addition, a total of two expert pathologists provided annotations for glandular and 

carcinoma boundaries within the dataset. 

In order for our study to be complete, after building and assessing our deep learning 

model, we proceeded to use it on two real-life cases of colorectal carcinoma 

patients. Both patients were operated within the General University Hospital of 

Patras. Specimens were collected immediately postoperatively, and underwent the 

standardized protocol for pathological examination as stated by the institution. Two 

expert pathologists examined both cases and agreed on the diagnosis of subtype, as 

well as the histopathological staging. Images at different magnification levels, from 

the two can be seen in Figure 5. 
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Figure 5.a: Example of a tissue slide in lower magnification 

 

 

 

Figure 5.b: Example of a tissue slide in higher magnification 

 

The most recent state-of-the-art artificial intelligence techniques, involve deep 

learning, and have been proven extremely effective in classifying malignant tissue 

specimens, and in some instances, predicting even the survival of cancer patients. 

The applications of DL that are already implemented are numerous, with 

Convolutional Neural Network being one of them where histopathology image 
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analytics that include tumour detection and classification, grade classification are 

done efficiently/Deep neural networks, often suffer from issues such as lack of 

focused and refined feature selection process that can limit their capabilities in 

diagnostics. The purpose of previous proposed research works is limited to either 

classification tasks, or textural tissue structure classification within the patches, 

without providing any information on tissue structure analysis. Therefore, a deep 

learning based technique that can be generalized to routine pathology diagnostics 

and can ease clinical encumbrance of pathologists while improving diagnostic 

accuracy is still lacking. 

To address these challenges in digitized image analysis in the histopathology 

laboratory, we propose the creation of an automated, deep-learning-based 

classification technique that offers clinical information, and incorporates referential 

secondary opinions. We present the creation of a CNN architecture that is 

incorporated with three different modules that are enhanced convolutional learning 

module (ECLM), attention learning module (ALM), and transitional module (TM). The 

result is expected to be focused multi-scale extraction that will help in performing 

classification of cancer grades and structures of H&E in CRC histopathological 

images. 

 

 

Figure 6: Proposed workflow of our approach 

 

3.3 Proposed Architecture 
 

First, we will begin with the pre-processing process of the images before applying 

the proposed model. We plan to begin with patch extraction from the dataset 

images. Of a size of 150x150 from the dataset, using grid sampling techniques based 

on the concept of random transformation. Color augmentation follows, in which 

several variants of the original images will be generated by modifying brightness, 

contrast and RGB channel values. This step is necessary in order to include diverse 

color variations, and to develop the robustness of the model that will follow, against 

the color variations. Morphological augmentation will follow, in which various 

approaches such as random rotations, mirroring, deformations, flips and blurring will 

be applied in order to avoid overfitting between the training and testing cohorts of 

images. 

Stain normalization will follow, where the color concentration of all images will be 

mapped to emulate the appearance of a reference target image. Finally, the 

pathologist’s approval will be seeked out, due to the large texture variations 

between the histopathological images. This validation is mandatory, to assess the 
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appearance of the resulting images for their analogous nature and inferential 

capability, so that images do not contain ambiguous information. 

Classification can be a very complicated task. Therefore, a dense, deep convolutional 

neural network (DCNN) is required for persuasive feature extraction. The overall 

architecture of our proposed classification network, can be seen in Figure 3. The 

network consists of a convolutional layer that is accompanied by a max-pooling 

layer, four enhanced convolutional learning modules (ECLM), one attention learning 

module (ALM), transitional modules (TMs), followed by two connected layers, trailed 

by a final SoftMax layer. ECLMs are comprised of parallel architecture convolutions 

and are responsible for obtaining the discriminative features as well as tackling the 

gradient issues that arise. ALM provides element, channel and scale wise attention 

mechanisms that can deal with the varying size of important pathological regions, 

and as such, can incorporate target refinement capability within the proposed 

model, by allocating a bias mechanism in favor of the most informative features. 

TMs are entasked with infusing multi-scalar information, by augmenting the 

receptive field size of the generated maps. These layers, perform dimensionality 

reduction within the final extracted feature maps, and the final SoftMax layer, 

provides the classification and probabilities for each class. 

 

3.3.1 Enhanced convolutional learning module 

 

With the aim of learning effectual discriminative features and avoiding vanishing 

gradient problems, the ECLMs can be designed here. In order to reduce 

convolutional complexity, the standard operation is decomposed into two 

complementary operations, that are the depth-wise and point-wise convolution by 

factorization. Here, a parallel factorized structure that consists of conventional and 

atrous convolutions and dilation rates will be used. It will perform dual mechanisms 

of extracting spatial contextual features, as well as modeling cross-channel 

correlations. The inspiration was taken from the MobileNet and Xception models, 

with a few additional changes: Our parallel structuring results in the capturing of 

competent information. Further fusing the efficacious learned features with a 1x1 

convolution layers, can lead to making the proposed model with fewer parameters, 

that is deeper in architecture. Therefore, it can extract abstract information from 

more convolutional operations that significantly enhance the learning capability of 

the proposed classifier. Finally, the ECLM, employs a residual structure similar to 

Resnet. 

A 1x1 convolutional layer will be applied to reduce the dimensions of the input 

feature maps with a ratio of 1:2. A parallel network structure will be applied to these 

reduced feature maps, in order to effectually manage both the spatial and the cross-

channel correlations.The point-wise convolutional branch of this parallel structure 

uses a 1 1 convolution for effective learning of feature relationships across the 
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various channels, while the depth-wise convolutional branch uses a 3 3 atrous 

convolution layer with an atrous rate of two, followed by another 3 3 atrous 

convolution with an atrous rate of four. Following this parallel construction, the 

learnt feature information is combined with a trailing 1 1 convolution layer to 

effectively recover the channel dimensions. Finally, the element-wise summation is 

used to integrate these produced feature maps with the initial input feature 

maps.Additionally, each convolution layer—aside from the final one—is followed by 

batch-normalization (BN) and exponential linear unit (ELU) nonlinearity (ELU). In 

order to exercise the regularization impact and lessen the model's susceptibility to 

different initialization values, batch normalization (BN) is used. The ELU uses an extra 

positive alpha constant to get rid of the fading ReLU and has a quicker tendency to 

converge to zero as a result. It results in quick multi-scale learning as a result. The 

convolution-factorization process significantly enhances the suggested classification 

model's ability to learn deeper features while using fewer computational resources 

when different levels of feature abstraction are used. It is also more inexpensive 

because the depth and width both greatly increase in this area. 

 

3.3.2 Attention Learning Module 

 

The Attention Learning Module (ALM) is developed to improve the proposed 

classification model's ability to sharpen focus. It gives the CNN architecture the 

capacity to comprehend how to use universal information to prioritise certain 

feature channels and scales for diagnosis (classification). To distribute the 

computational resources only to certain task-specific features, it uses a biasing 

method. It is divided into two sections, the first of which performs adaptive 

recalibration of channel-specific features produced via ECLM, and the second of 

which takes advantage of scale dependencies to identify the scale at which these 

channel-weighted feature maps are most useful for classification.By locating class-

specific feature channels, the Channel and Element-wise Attention Learning Module 

(CE-ALM) seeks to increase the sensitivity of feature representations. The Squeeze 

and Excitation network is used as the basis for the applied mechanism in this. 

These channel-specific activations are made to travel through a self-learning weight 

mechanism during the trailing excitation operation. It is composed of two layers that 

are completely linked (FC). By multiplying the number of neurons with the reduction 

constant (set to 1/16), the first FC layer reduces the number of dimensions using the 

Hard-Swish activation function. The Exponential Linear Unit (ELU) activation function 

and dimensionality increment are performed by the second FC layer. 

The magnitude of the pathogenic anomalies in the malignant class varies. 

Additionally, the spatial resolution of the recovered feature maps in the CNN models 

continuously decreases but their semantics gradually grow with each denser blocks. 

As a result, when analyzed at a finer scale, larger anomalies may lose their global 
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structure while smaller abnormalities may become less obvious at coarser scales. 

Consequently, in order to address this critical issue, the Scale-wise Attention 

Learning Module is fed the feature maps generated by the three various scale CE-

ALMs (SALM). The SALM makes better use of the extracted features by utilizing the 

scalar dependencies to determine the scale at which the attention-weighted feature 

maps have a significant impact on the classification of a particular class. 

 

3.3.3 Transitional Module 

 

The dimensionality reduction in retrieved feature maps is carried out using the 

Transitional Module (TM). It starts with a layer that concatenates the feature maps 

of the ECLMs and ALMs, followed by a 1 1 convolutional layer and a 2 2 average 

pooling layer to reduce the dimensionality of the feature matrix. When networks are 

being trained, loss values are calculated using the cross-entropy function. Both the 

two-class and the multi-class classifications in this case have an unbalanced 

distribution of classes. In order to reduce the negative effects of the class-

imbalanced dataset, the weighted cross-entropy loss is used. This involves adding an 

additional weight factor to the loss function. 

 

3.4 Discussion of future implications 
 

Hematoxylin-&-eosin-stained histopathology slide image analysis is crucial for the 

accurate prognosis of CRC on a global scale. When it comes to histology-based 

diagnosis, it is regarded as the "Gold Standard." Here, the pathologists thoroughly 

review and evaluate each case to guarantee an accurate and clear diagnosis. 

However, due to the presence of significant variations in tissue appearance patterns 

related to the malignancy of cancer, gland mimics, artifacts, and noise developed 

during various sectioning and staining procedures, this visual manual assessment is 

operator-dependent, time-consuming, and laborious. The pathologist's inexperience 

as well as inter- and intra-observer variability can further contaminate them. These 

days, the number of new cancer cases is increasing daily, forcing pathologists to 

work longer hours. It exhausted them and could further contaminate the manual 

labor required for the pathological diagnosis.Because of this, pathologists will 

benefit from automated computerized analytical approaches as well as a notable 

improvement in the precision and success rate of their developed diagnosis. 

Despite the fact that modern methods have had great success classifying medical 

images. However, these are far from being suitable for installation in actual clinical 

applications since they lack the necessary expertise and precision. Some of the main 

obstacles in the way of these techniques include (1) the inability to handle the 

existence of digital variability linked to real-world clinical images due to the lack of 
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diversity in the few available medical image training datasets, (2) the induction of 

diminishing gradient and resolution degradation issues in the deeper neural 

networks that are further coupled with the absence of focus refinement process, and 

(3) the inability to handle the issue of deteriorating gradient and resolution in the 

shallow neural networks.The presence of complex structures in histopathological 

images, such as adjoined and clustered objects, obscured object boundaries, and a 

wide range in the appearance of tissue patterns, from tiny once-healthy objects to 

highly deteriorated large objects; and (4) The absence of pathologists from the 

research projects. This paper proposes an automated end-to-end deep convolutional 

neural network framework-based classification model that aims to improve clinically 

relevant proficiency and reliability for accurately analyzing cancer grades as well as 

the tissue structures in histopathological images. This model is meant to address 

these research gaps. It will help pathologists create extremely accurate prognoses 

and suitable treatment strategies to increase patient survival rates. Now, the 

numerous obstacles that have been described are being addressed as follows: 

Small picture datasets with little variety can lead to over-fitting, which reduces the 

precision with which the CNN model can forecast fresh image data. As a result, 

training the CNN requires a significant amount of picture data. In this case, the five 

huge, diversified datasets—three datasets from GlaS, LC-25000, and HosC for binary-

class cancer grade identification, and two datasets from Kather-5k and NCT-100k for 

multi-class tissue structure analysis—that were collected from various scan centers 

are used. Additionally, despite the use of standardization processes in clinical 

practice, accurate color calibration is still challenging to achieve.Using various tissue 

preparation techniques for sectioning and staining causes digital variability, such as 

data variability and color heterogeneity; gland mimics; and noise in pictures from 

various locations. When trained on data from a single center or scanner, it can have 

an impact on the effectiveness of deep learning classification approaches, making 

them easily overfit and producing inaccurate predicted results. It may also result in 

failure when attempting to generalize to images from different centers. Therefore, 

various pre-processing techniques are applied to the images from the training 

dataset in order to manage this challenge and develop model invariance against 

these traits present in real-life clinical data applications. These techniques include 

data augmentation (color and morphological), stain normalization, and patch 

extraction. These provide further support for improving the proposed classifier's 

generalizability. 

Here, the suggested CNN architecture is equipped with the proposed Enhanced 

Convolutional Learning Modules to incorporate enhanced learning capabilities 

(ECLMs). With fewer computations and effective avoidance of vanishing gradient, 

this module provides a dual mechanism for extracting multi-level discriminatory 

deeper spatial features and modeling cross-channel correlations. It is a parallel 

architecture created using point-wise convolution to help with cross-channel 

relations, depth-wise atrous convolution to help with collecting context from various 

spatial scales, and feedback connection to help with recovering any informative loss. 
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More convolutional processes are used to extract abstract information, which 

greatly improves the proposed model's capacity for learning and results in a deeper, 

more complex model with fewer parameters. 

The different important regions of interest, which are class-specific, have varying 

sizes and shapes in histopathological images. In the cancer grading work, for 

example, the benign class has intact circular glandular structures, but with the 

entrance of malignancy, these glandular structures start to deteriorate and deviate 

greatly from the circular shape and size. With each subsequent deeper convolutional 

learning layer of the DCNN, there is a steady loss in spatial resolution along with an 

expansion in the semantics of the derived feature maps. As a result, when evaluated 

at a finer size, larger abnormal structures may lose their global structures, while 

smaller abnormal structures may become less evident at a coarse scale. The opposite 

happens if the analytical layer site is switched around.Attention learning modules 

(ALMs) are thus added to the network design to address this urgent problem and 

improve the target-refinement capabilities of the proposed classifier model. In order 

to determine the scale at which these channel-weighted feature maps contribute the 

most to the classification, it first performs adaptive recalibration of the channel-

specific elemental features derived from ECLM. After that, it takes advantage of the 

scale dependencies to find the most efficient scale. Additionally, the transitional 

module (TM) is used to effectively combine multi-scaler feature map clustering with 

improved resolution-recovery of critical contextual details for improved 

classification. 

Deep CNNs are unnecessarily complicated and frequently referred to as "black 

boxes" because there is no way to show what they have learnt or to infer which part 

of the input image was responsible for their anticipated results. As a result, when 

these networks malfunction and make an incorrect forecast, they frequently do so 

drastically and without giving any warning or providing an explanation. Therefore, 

Explainability (or Interpretability) approaches can help to make sense of the 

predictions generated by deep CNNs.In this case, the three Explainability techniques 

LIME, Occlusion Sensitivity mapping, and Grad-CAM are used in addition to the 

conventional quantitative analytical matrices for performance analysis to locate and 

highlight the input image regions that have had the greatest impact on the 

classification outcome predicted by the proposed classifier. The expected judgments' 

visual interpretation as a result offers understanding of the deep neural network's 

choices and assurance that the suggested network is operating correctly. 

The pathologists must be involved in evaluating the inferential skills of the projected 

graded outcomes because the automated categorization approaches are only 

intended to support pathologists. As a result, numerous expert pathologists are 

given these activation map visualization pictures from LIME, Occlusion Sensitivity 

mapping, and Grad-CAM to assess whether the regions of the image used by the 

proposed classification model are in line with their clinical routine findings. 

Additionally, they are required to provide a validation score for the clinical reliability 
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and pattern alignment compatibility based on the presence of pertinent clinically 

aligned portions. The pathologists' validation score helps close the gap between 

routine pathology analysis and the current state-of-the-art classifier models. 

Therefore, to put it briefly, the proposed classification model's primary contribution 

is that it can wonderfully execute the classification of not only the numerous tissue 

structures found in CRC H&E-stained histological pictures, but also the various cancer 

grades. The proposed enhanced convolutional learning modules (ECLMs) are used in 

the classifier CNN architecture in this case to make it easier to capture contextual 

data and handle cross-channel relationships effectively. More convolutional 

processes are used to extract abstract information, greatly enhancing the proposed 

model's capacity for learning. Consequently, the suggested model has fewer 

parameters but a deeper design.Attention learning modules (ALMs) are incorporated 

into the network architecture to further address the issue of the progressive loss of 

spatial resolution and increase in the semantics of the extracted feature maps with 

successive deeper convolutional learning layers associated with DCNN and 

strengthen target-refinement capabilities of the proposed classifier 

model.Additionally, to improve classification, the transitional modules (TM) are used 

to inject efficient multi-scale feature maps and recover crucial contextual data at a 

higher resolution. Additionally, the training dataset images are subjected to a variety 

of pre-processing techniques, including data augmentation (color and 

morphological), stain normalization, and patch extraction, to build the proposed 

classifier networks' invariance capability against the traits present in real-life clinical 

data applications. These applications result from the use of various tissue 

preparation processes for sectioning and staining, which induce digital variability, or 

data variability.These also help to increase the suggested classifier's capacity for 

generalization. Five big, heterogeneous datasets, including three datasets from GlaS, 

LC-25000, and HosC for binary-class cancer grading and two datasets from Kather-5k 

and NCT-100k for multi-class tissue structure analysis, are used here to demonstrate 

classification performance. Along with more conventional quantitative performance 

analysis measurements, LIME, Occlusion Sensitivity, and Grad-CAM attention 

mapping visualization approaches are used in this context. Using their clinically 

comparable-inferential skills, the several expert pathologists are asked to submit 

validation scores for these visualizations. This rating helps to demonstrate the 

proposed classification model's capacity for pattern recognition that is clinically 

relevant and confirms its acceptability for facilitating clinical applications. 

In many medical protocols, pathological investigations are regarded as the gold 

standard, and they are particularly important in the process of diagnosing cancer 

(Gurcan et al., 2009). We offer a unique deep contour-aware network with the goal 

of enhancing the effectiveness and reliability of automated histopathology image 

analysis. The usefulness of the deep contour-aware network and the contributions of 

its parts are demonstrated by extensive tests on two difficult histopathological 

object recognition and segmentation tasks. It is important to highlight that the 

proposed CNN-based method makes no use of prior knowledge regarding object 
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shape or the presence of cancer in histopathology images.As a result, it is broad 

enough to be used on a variety of items and malignant tissues of varied histologic 

grades. The proposed method's success on two different object segmentation tasks 

with both benign and malignant cases serves as proof of this. 

Our technique achieves a little better detection performance on malignant testing 

data than that with the contour-aware component, as seen from the detection 

results on the GlaS Challenge. A thorough investigation led us to the conclusion that 

it most likely results from the uneven structures in some severely deteriorated 

malignant cases, which may lessen the impact of contour information. The method is 

more likely to fail in such situations because, for instance, inner structures with 

dense nuclei as a result of excessive proliferation may result in erroneous outlines. 

A wide range of applications, including gland segmentation for colon cancer 

diagnosis (Sirinukunwattana et al., 2015a), nuclei segmentation for cancer grading 

(Irshad et al., 2014), and cell segmentation and tracking for understanding cellular 

mechanisms (Meijering, 2012), depend critically on the detection and segmentation 

of clustered object instances. When there are many clustered object instances, 

previous approaches like U-net in Ronneberger et al. (2015) and SDS in Hariharan et 

al. (2014) that simply include appearance information may not work effectively. 

Sadly, this is a typical occurrence in histology photographs.It is worth noting that 

contour detection and object segmentation are two complementary tasks and 

previous studies showed preliminarily promising results by exploring semantic 

contours on PASCAL dataset (Bertasius, Shi, Torresani, 2015a, Chen, Barron, 

Papandreou, Murphy, Yuille, 2015c). In this paper, we propose a more efficient and 

effective solution by harnessing the information of object appearances and contours 

simultaneously. Furthermore, the efficiency is greatly boosted with our unified 

framework within one forward propagation (about 1.5 s), which was much faster 

than state-of-the-art methods (for instance, 200+ s in Sirinukunwattana et al., 

2015a). 

A long-standing issue is the separation of clustered histology structures (such as 

nuclei) in high-level densities, which often calls for the incorporation of domain-

specific shape priors. While numerous techniques have been created to separate 

clustered or overlapping nuclei with significant advancements, this issue has not yet 

been fully resolved. By combining special shape prior of nuclei, such as maker-

controlled watershed algorithm in Cheng and Rajapakse (2009) and spatially 

adaptive active physical model in Plissiti and Nikou, some high-degree clustered 

nuclei can be further separated with other advanced post-separating processes 

(2012).Since our primary goal is to segment contacting objects and deliver initially 

positive segmentation results for highly clustered cases, this topic is outside the 

scope of this work. Our method can produce such good probability maps, which can 

act as "seeds" or "markers" in the following algorithms for delineating the spatial 

extent of each nucleus, as Al-Kofahi et al. (2010) indicated that the segmentation 
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performance depends crucially on the accuracy and reliability of the initial seed 

points or shape markers. 

The wide range in tissue appearance is another famously challenging problem in 

histopathological image analysis and is regarded as one of the key barriers to 

creating a reliable automated analysis tool (Veta et al., 2015). When tissue samples 

are collected from several patients or at various times, a variety of circumstances, 

such as different scanners for image collection, different sectioning and staining 

techniques, etc., might affect the variation. The inconsistent issue of tissue 

appearance may be addressed and the performance may be enhanced using pre-

processing normalization measures (Khan et al., 2014). 

 

4 Conclusions  andFeature Work Implications 

 

Using automated cancer grade detection and tissue structure analysis in H&E-stained 

colon histopathology images, a clinically equivalent CNN-based classifier architecture 

is given here. The Enhanced Convolutional Learning Module (ECLM), Attention 

Learning Module (ALM), and Transitional Module are the three components that 

make up the suggested architecture (TM). For improved learning capabilities, the 

suggested ECLM made use of the residual mechanism and convolution factorization. 

It performs a dual deeper function for modeling cross-channel correlations with 

simpler computations and extracting multi-level discriminative spatial features. The 

proposed ALM includes attention learning at the channel, element, and scale levels 

to perform feature refinement for targeted task-specific learning. Dimensionality 

reduction and multi-level feature learning are accomplished by the TMs by 

concatenating the features of these two modules. 

We introduce a deep contour-aware network to precisely detect and segment 

histological items from histology images by integrating multi-level contextual data. 

By explicitly utilizing the complimentary appearance information (such as textures 

and colors) and contour information, we approach this difficult segmentation 

problem as a unified multi-task learning process, which significantly improves the 

object instance segmentation performance. Extensive experimental outcomes on 

two difficult item segmentation tasks from histology photos show our method 

performs better than state-of-the-art approaches by a significant margin. The 

suggested DCAN can be used to solve further issues in histopathology image 

processing because it is naturally broad. Future research will assess our approach 

using more histology pictures and advocate for its use in clinical settings. 

Additionally, a number of pre-processing techniques are used to train the model 

using a dataset that is similar to actual clinical data. In order to establish network 

invariance capability against noise, artifacts, and variations prevalent in actual 

clinical data, along with better generalization capability, five diverse datasets from 
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multiple scan centers were used. The proposed classifier is therefore capable of 

managing issues with overfitting, significant spatial information loss, diminishing 

gradient, and lack of focus-refinement process for extracted features associated with 

deep neural network architectures, as well as digital variability, artifacts, and noise 

of clinical data. Additionally, classifying H&E-stained colon histopathology pictures 

effectively and accurately for both tissue architecture and cancer grades. 

The underlying problems of clinical data variability, the data-hungry nature of deep 

learning-based classification approaches, as well as shrinking gradient, focus 

refinement, and resolution degradation, will help to some extent be resolved by 

these discoveries. When given to pathologists as a second opinion, these categorized 

output images can help them come up with an accurate diagnosis and treatment 

strategy. The suggested classifier will be further optimized in upcoming work for the 

analysis of various organ histopathology data. 
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