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Abstract 
 

Colorectal diseases including cancer and several benign conditions lead 
to a significant number of surgical procedures worldwide. Today, these 
surgeries are commonly performed using a minimally invasive 
approach, such as laparoscopy or robot-assisted surgery. Reduced blood 
flow to the remaining healthy bowel is associated with significant 
postoperative complications, which negatively affect patient outcomes 
and increase healthcare costs. In recent years, near-infrared imaging 
using indocyanine green fluorescence has become a promising tool for 
intraoperative assessment of bowel perfusion. Temporal trend of 
fluorescence rather than its intensity may better predict the onset of 
complications. However, one major limitation of this technique is that 
fluorescence evaluation relies on the surgeon’s subjective 
interpretation. Intraoperative decisions based on indocyanine green 
fluorescence angiography are influenced by the surgeon’s experience 
and exhibit a considerable interindividual variation. Artificial 
intelligence is increasingly being explored as a powerful instrument in 
the surgical field to improve precision and ultimately enhance operative 
performance and patient outcomes. Due to its subjective nature, 
fluorescence assessment of bowel perfusion may benefit from the 
application of machine learning, a subset of artificial intelligence that 
enables computers to learn from and make predictions or decisions 
based on data. The objective of this research work is to investigate the 
feasibility of a machine learning-based decision-support system that 
can automatically evaluate the quality of perfusion during colorectal 
surgery. For this purpose, surgical videos were collected and 
preprocessed to reduce the impact of environmental factors. Randomly 
chosen regions of interest were tracked in the video frames to extract 
fluorescence intensity-time curves. Unsupervised machine learning 
methods including K-means and self-organizing map were developed 
to obtain curve patterns. This provides a starting point to perform risk 
labelling on each pattern and feed a neural network that may classify a 
bowel area as adequately or inadequately perfused. Such a system could 
facilitate efficient and objective decision-making in the operating room.   
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Introduction 
 

Colorectal resection involves surgical removal of all or part of the large 
bowel to treat some common conditions such as cancer or benign 
diseases. A minimally invasive approach through laparoscopic or robot-
assisted surgery is typically used for colorectal procedures. Following 
resection, the remaining healthy ends of the bowel are connected 
together using a suture known as an “anastomosis”. Several factors 
influence the healing of the anastomosis. Failure to heal can result in 
anastomotic leakage (AL), which leads to the flow of bowel contents 
into the abdominal cavity. AL is the most feared complication of 
colorectal surgery since it is associated with significant morbidity, 
mortality, reduced patient quality of life, shorter survival after cancer 
surgery, and higher healthcare costs. Blood flow reduction at the 
anastomotic site is associated with an increased risk of leakage. 
Therefore, it is crucial to assess bowel perfusion during the surgical 
procedure in order to reduce the risk of this complication.   
 In recent years, advanced imaging technologies have emerged as an 
important tool to guide surgical procedures. In this setting, fluorescence 
imaging using near-infrared technology and indocyanine green (ICG), 
a tricarbocyanine iodide dye molecule, has become a promising tool for 
intraoperative assessment of bowel perfusion. Despite some limitations, 
current studies suggest that ICG fluorescence angiography (ICG-FA) 
may reduce the incidence of AL following colorectal surgery. However, 
one major limitation is that fluorescence evaluation relies on the 
surgeon’s subjective interpretation of the amount, uniformity, and 
speed at which the green dye diffuses in the bowel wall. Therefore, 
decisions based on intraoperative ICG-FA are affected by surgeon’s 
experience and exhibit a significant interindividual variation.  
 The use of digital technology is widespread in the surgical field and 
artificial intelligence (AI) is an integral part of digital surgery. AI has 
the potential to revolutionize surgery by using data to improve precision 
and ultimately enhance patient outcomes, operative performance, and 
the efficiency of surgeons. Machine learning (ML) is a subset of AI that 
focuses on automatically learning insights and recognizing patterns 
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from data. Although still in their early stages, especially in the field of 
colorectal surgery, ML algorithms have been proposed as a potentially 
valuable tool for intraoperative decision-making and guidance. 
 Due to its subjective nature, ICG-based assessment of bowel 
perfusion may benefit from the application of AI. The objective of this 
research work is to investigate the feasibility of a decision-support 
system that can automatically evaluate the quality of perfusion. Such a 
system can inform the surgical strategy to minimize the risk of AL, 
which negatively impact on patients, surgeon, and healthcare system. 
For this purpose, surgical videos retrieved during minimally invasive 
colorectal procedures performed at both a university and a community 
hospital have been used.  
 The thesis is structured into four chapters, each addressing a 
different aspect of the topic. In the first part, the clinical setting for the 
work and the applications of AI in the surgical field are discussed. In 
the last two chapters, the proposed algorithm and its results are 
presented. 
 
 
 
 



 
 
  
Chapter 1 
 

Clinical setting 
 

Surgical resection is usually required for a variety of benign and 
malignant conditions of the colon and rectum, including diverticulitis, 
inflammatory bowel diseases, colonic volvulus and ischemia, pelvic 
floor disorders and constipation, severe infectious colitis, polyps not 
amenable to endoscopic removal, and, most notably, colorectal cancer. 
Over the last decades, there has been a growing trend in using 
minimally invasive techniques for colon and rectal surgeries. These 
techniques enable procedures to be performed through multiple small 
incisions, resulting in reduced trauma and faster postoperative recovery 
compared to traditional open surgery (1). 
 With the advancement of technology, colorectal surgeons have 
become interested in using intraoperative fluorescence imaging to guide 
surgical procedures. Fluorophores allow for the real-time visualization 
of anatomical structures and provide information that is typically 
difficult to perceive with the naked eye. ICG was approved for medical 
use in the late 1950s and is widely employed to assess bowel blood 
supply during colon and rectal resections (2).  
 The purpose of this chapter is to explain the clinical background for 
the thesis work. 
 

1.1 Surgery of the colon and rectum 
 

Colorectal diseases lead to a significant number of surgical procedures 
in colorectal and general surgery units worldwide. A wide range of 
operations are performed to treat colorectal conditions that require 
surgery. In the following sections, the principles of anatomy and 
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surgical technique as well as minimally invasive approaches to 
colorectal surgery will be discussed. 
 

1.1.1 Surgical anatomy 
 
The large bowel, approximately 150 cm long, is the distal part of the 
digestive tract. It is responsible for absorbing water and electrolytes, 
producing and absorbing vitamins, and forming and moving feces for 
elimination through the anus (3). The large bowel extends from the 
distal end of the terminal ileum to the anus and includes the cecum, 
colon proper, rectum, and anal canal. The colon proper can be divided 
into different segments, namely ascending, transverse, descending, and 
sigmoid, as shown in Fig. 1.1. The curve between the ascending and 
transverse colon is called hepatic flexure, while the curve between the 
transverse and descending colon is called splenic flexure. The cecum,  
 
 

 
 
         Fig. 1.1  Structure of the large bowel (4) 
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ascending colon, and the proximal two-thirds of the transverse colon 
form a surgical unit known as right colon. On the other hand, the distal 
transverse colon and the descending and sigmoid colons constitute the 
left colon (4).  
 The peritoneum is a thin serous membrane that lines the abdominal 
wall and organs. A peritoneal fold called mesocolon encloses the colon 
and connects it to the posterior abdominal wall. The mesocolon has a 
core of loose connective tissue and contains fat, lymph nodes, 
lymphatic and blood vessels, and nerves that supply the colon. The 
mesocolon is continuous from the ileocecal junction to the rectosigmoid 
junction. At this point, it extends into a similar structure that surrounds 
the rectum, which is referred to as the mesorectum (5). 
 The colon receives its blood supply from the superior and inferior 
mesenteric arteries. Branches from the superior mesenteric artery 
(ileocolic, right colic and middle colic arteries) supply the right colon, 
while the left colon is supplied by branches from the inferior mesenteric 
artery (left colic and sigmoid arteries). The boundary between the two 
arterial supplies is the splenic flexure. Branches from the mesenteric 
arteries form interconnected arcades that give rise to a single looping 
vessel known as the marginal artery of Drummond. This lies in the 
mesocolon and runs roughly parallel to the bowel, about 1 to 8 cm from 
the intestinal wall (Fig. 1.2). Occasionally, however, the continuity of 
this artery is disrupted in one or more points. The rectum and anal canal 
receive blood from various sources. These include the superior rectal 
artery, which continues from the inferior mesenteric artery, as well as 
branches of the internal iliac artery (middle and inferior rectal arteries) 
and aorta (median sacral artery).  
 The distribution of the veins of the large intestine resembles that of 
its arteries. Then, the veins from the colon and the superior rectal vein 
drain into the portal system, whereas the middle and inferior rectal veins 
along with the median sacral vein drain into the systemic circulation. 
 The lymph nodes of the large intestine have been divided into four 
groups: epicolic, under the serosa of the wall of the intestine; paracolic, 
along the marginal artery; intermediate, along the main arteries; and 
principal, at the root of the superior and inferior mesenteric arteries. 
Some of the lymphatic drainage from the lower rectum and anal canal 
goes to the hypogastric and inguinal nodes (4,6). 
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Fig. 1.2  Arterial anatomy of the colon and rectum (6) 

 

1.1.2 Principles of colorectal resections 
 
Colon resection is a surgical procedure in which either a part or the 
entire colon is removed along with the corresponding mesocolon. The 
length of the bowel as well as the width of the mesocolon that are 
removed depend on the condition that requires surgery (7). 
 Malignancy is the commonest indication for surgical resection of 
the colon and necessitates a wide resection of the entire tumor-bearing 
bowel segment supplied by a major artery. The corresponding 
mesocolon is removed at its root, in order to include almost all the 
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lymphatic drainage of the bowel segment. Thus, the location of the 
tumor along with the main vascular supply determine the type of 
colectomy to be performed (6). Tumors located in the right colon should 
be removed with a right colectomy, which involves resection of a 
portion of the distal ileum, cecum, ascending colon, and proximal to 
mid-transverse colon. Extended right hemicolectomy refers to 
extension of the distal resection margin to include the distal transverse 
colon up to the splenic flexure. Tumors of the left colon should be 
removed with a left colectomy, extending from the descending (or distal 
transverse) colon to the upper rectum (Fig. 1.3). For tumors located at 
the splenic flexure, a segmental resection extending from the distal 
transverse to the sigmoid colon can be performed. Less extensive 
resections of the bowel as well as the mesocolon may be performed for 
benign conditions such as trauma, diverticular disease, colitis, 
inflammatory bowel disease. Regardless of the extent of colon removal, 
the marginal artery of Drummond is interrupted at the same level as 
  

 
 
 
Fig. 1.3  Left colectomy for malignant disease (a). The mesocolon is depicted in 
yellow. The inferior mesenteric artery is ligated at its origin. The bowel is divided 
proximally at the descending (B) or less commonly transverse (A) colon and distally 
at the upper rectum (C). Vascular supply to the colonic stump is provided by the 
marginal artery, which is divided at the same level of colonic transection. In panel (b), 
a limited resection for benign disease is shown. Adapted from (8) 
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where the colon is cut. For certain diseases, a more extensive removal 
of the colon may be necessary, such as a total or subtotal colectomy (8). 
 Surgery is the cornerstone of curative therapy for rectal cancer. A 
local excision may be performed transanally for early tumors. However, 
most tumors require a radical excision. This is performed 
transabdominally with either an anterior resection of the rectum or an 
abdominoperineal resection (Miles’ operation). Anterior resection 
involves removal of the sigmoid colon and either part or the entire 
rectum dependently on the tumor location. This procedure also entails 
partial or total removal of the mesorectal envelope, while preserving the 
anal sphincter complex (9). On the other hand, abdominoperineal 
resection involves removal of the sigmoid colon, rectum, and anus. 
Indications include low-lying rectal cancer involving the anal sphincter 
complex or in patients with fecal incontinence, anal cancer, and 
inflammatory bowel diseases. Finally, total proctocolectomy refers to 
surgical removal of the entire colon and rectum (10). 
 After removing the diseased bowel segment, the proximal and distal 
ends of the bowel are usually connected through an anastomosis to 
restore the continuity of the digestive tract. The term “anastomosis” 
refers to any suture line joining two hollow conduits (11). When 
intestinal continuity cannot be restored, a stoma is performed. This 
involves exteriorization of either small bowel (ileostomy) or large 
bowel (colostomy) through the anterior abdominal wall (12).  
 After right colectomy, an anastomosis between the terminal ileum 
and transverse colon (ileo-colic anastomosis) is created. On the other 
hand, both left colectomy and anterior rectal resection involve 
fashioning an anastomosis between the descending colon and rectum, 
named as colorectal anastomosis. 
 Anastomoses are created using different methods, with the choice 
of technique typically based on the surgeon's preference. Hand-sewn 
anastomoses have become less common as the use of intestinal stapling 
devices has increased. Modern surgical gastrointestinal staplers have 
evolved from the first 1950s-era Russian prototypes. Linear staplers 
place two linear triple rows of staggered staples and divide the tissue 
between the rows. They are used to construct side-to-side anastomoses 
as well as to cut the bowel and close it on both sides of the section line. 
Circular staplers are used to construct end-to-end or end-to-side 
anastomoses. The stapler consists of a tubular body and a removable 



 

1.1 Surgery of the colon and rectum_        __________               ______17 

anvil. To create a colorectal anastomosis, the body of the stapler is 
inserted through the anus and pushed to the end of the rectal stump, 
which has been closed with a linear stapler. The anvil is secured within 
the colon by tying a purse-string suture tightly around the connecting 
end of the anvil. The spike in the body of the circular stapler is extended 
under direct vision through the closed end of the rectal stump. The 
connecting end of the anvil is placed onto the spike, and the stapler is 
closed and fired, producing a circular anastomosis of two or three 
concentric rows of staggered staples. The stapler contains a circular 
knife that removes the excess tissue (13). The process of creating an 
anastomosis using a circular stapler is shown in Figure 1.4. 
 
 

 
 
Fig. 1.4  Construction of an end-to-end anastomosis with a circular stapler during left 
colectomy or anterior rectal resection  
 

1.1.3 Minimally invasive surgery 
 
The collaboration between surgical innovators, biomedical engineers, 
industry, and the growing patient demand led to the development of 
what is known as minimally invasive surgery (14). This term is 
commonly used to describe endoscopic, laparoscopic, and more 
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recently, robotic surgery. The word “laparoscopy” derives from the 
Greek word λαπάρα (lapara) which means “flank” or abdomen and 
σκοπέω (skopeo) meaning “to look at” or examine. Laparoscopy is a 
surgical approach that involves inserting a visualization device 
(laparoscope) and surgical instruments through small ports to perform 
the procedure (15). 
 The first laparoscopic colectomies were reported by surgeons 
Jacobs, Verdeja, and Goldstein in 1991(16). Laparoscopy has been a 
major revolution in colorectal surgery, although it has taken several 
years to become a popular approach due to the great complexity of 
laparoscopic colorectal resections (17). However, over a span of more 
than thirty years, this approach has been proven to enhance short-term 
postoperative outcomes when compared to open surgery. Laparoscopy 
is associated with less blood loss, quicker bowel recovery, shorter time 
to resume oral intake, less analgesic consumption, fewer wound 
complications, shorter hospital stay, earlier return to regular activity, 
and better cosmetic results. In addition, long-term evidence of 
oncologic safety has been demonstrated for the laparoscopic treatment 
of colorectal cancer (18,19). 
 In laparoscopy, the abdomen is inflated with carbon dioxide 
(pneumoperitoneum) to create a working space. Pneumoperitoneum 
also helps to separate anatomical structures. To prevent the loss of the 
working space, instruments are inserted through trocars or ports that are 
placed through small incisions (5 or 12 mm) in the abdominal wall. 
These ports are equipped with gaskets that create a seal around the 
instruments. The instrument handles are located outside the patient, 
while the shafts are long, which reduces tactile feedback. Because 
laparoscopic instruments are placed through trocars that are fixed in the 
abdominal wall, this creates a lever or fulcrum effect, which limits the 
range of motion to six directions (up, down, right, left, clockwise, or 
counterclockwise rotation). Working with long instruments across a 
fulcrum can amplify any existing tremor, making it difficult to perform 
procedures that require fine movements. The laparoscope illuminates 
the target tissues and provides a magnified, high-definition image to the 
entire surgical team through an attached or incorporated camera system. 
Laparoscopes are available with either a straight (0°) or angled (30°) 
tip. Laparoscopic imaging typically provides a monocular view, as 
opposed to the binocular view in open surgery, because traditional 
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laparoscopes use a single-lens system. The surgeon obtains a two-
dimensional view of the abdominal cavity and its structures displayed 
on a video monitor. However, three-dimensional and, more recently, 
ultra-high-definition (4K) technology has been developed to improve 
the depth perception in laparoscopic surgery (20). Laparoscopes can be 
used to capture still images or videos for documentation, research, or 
teaching. These images can be stored either locally on a physical hard 
drive, desktop viewing station, and onsite picture archiving and 
communication system (PACS) or using cloud storage solutions. A 
drawback of laparoscopy is the limited field of view; the laparoscope 
must be moved to maintain an ideal image. The closer the laparoscope 
image is to the target, the better the illumination, magnification, and 
image detail, but the field of view is more limited (21).  
 After laparoscopy became integrated into surgical practice, the next 
step in this revolutionary process was the adoption of robot-assisted 
surgery at the dawn of the new millennium. Colorectal procedures for 
benign disease (22) as well as for colon cancer (23) were first reported 
in 2002. 
 The word “robot” is derived from the Czech noun “robota”, which 
describes forced labor or activity and appeared almost a century ago in 
the science-fiction play R.U.R. Rossumovi univerzální roboti (R.U.R. 
Rossum’s Universal Robots) by the novelist Karel Čapek (24).  
 Unlike the use of robotics in industry, most surgical applications do 
not involve autonomous robots. Instead, the robot serves as an interface 
between the operating surgeon and patient. In this master-slave 
relationship, the master (surgeon) sits at a console, in an ergonomic and 
comfortable position, and uses movements of both hands and feet to 
control movement of the laparoscope and instruments (slave) in the 
patient. Robot-assisted surgery was designed to overcome most of the 
technical limitations of conventional laparoscopy, potentially 
enhancing the capabilities of the surgeon when compared with working 
freehand (21). Its application to colorectal surgery has shown some 
operative advantages for surgeons.  However, it is often challenging to 
prove clear advantages for patients. This is partly due to the rapid 
development of technology, which outpaces the ability of high-quality 
studies to validate the results (24). 
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 The da Vinci® system is the most widely used multiport robotic 
platform. However, as technology continues to advance and many 
patents expire, new robotic platforms are being introduced to the market 
or awaiting regulatory approval (25).  
 The da Vinci® system presents three main components: a surgical 
console, a vision cart, and a patient cart (Fig. 1.5). The surgical console 
 
 

 
 
Fig. 1.5  Components of the da Vinci® surgical system: (a) vision cart; (b) console; 
(c) patient cart (26) 
 
 
consists of a stereoscopic viewer providing an immersive binocular 
vision of the operative field; a touchpad for system configuration; 
master control handles to drive the instrument arms; foot pedals to 
control electric devices, to switch or release instrument arms, and to 
move the camera. The patient-side moveable cart supports the robotic 
arms for instruments and camera, which are inserted in the abdominal 
wall through 8 or 12-mm cannulas. The robotic arms use remote center 
technology, where the arms and cannulas move around a fixed point in 
space, minimizing the force exerted on the patient's abdominal wall. 
The instruments are wristed near their distal tips and provide seven 
degrees of freedom (EndoWrist® technology). These are depth 
adjustment of the instrument tip, side-to-side and up and down rotation 
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of the instrument around the remote center (via the instrument arm), 
rotation of the instrument shaft around its own central axis, side-to-side 
and up and down rotation (via the instrument wrist) as well as opening 
and closing of the instrument jaws. This technology imitates the human 
wrist and provides surgeon with natural dexterity, eliminating the 
fulcrum effect that exists in conventional laparoscopy. Aligning the 
instrument tip with hand movement (intuitive motion) enables the 
replication of the experience of open surgery, while motion scaling and 
tremor filtration improve accuracy and precision. One drawback is that 
the surgeon cannot rely on tactile feedback but must use visual 
information. The vision cart includes the image processing and vision 
equipment, a touchscreen for system settings, and adjustable shelves for 
other surgical devices like insufflators and electrosurgical generators. 
Available with either a straight (0°) or angled (30°) tip, the da Vinci® 

endoscope has two separate optical channels and focusing elements. 
The camera head also includes two separate cameras, providing a 
magnified, three-dimensional, high-definition image with accurate 
depth perception.  
 In 2011, the FireFly® imaging system was developed and integrated 
into the da Vinci® platform. The system can emit an infrared excitation 
laser light through the endoscope and detect the infrared signal from 
fluorescing ICG. Software algorithms colorize the fluorescence signal. 
Commands at the surgical console enable real-time switching between 
normal white light and near-infrared (NIR) light modes. This feature 
enables fluorescence-guided surgery to be performed (26). Similarly, 
NIR telescopes, and more recently, integrated imaging platforms have 
been developed for laparoscopic surgery. 
 

1.2 Anastomotic leakage 
 

 Every colorectal surgeon during his or her career is faced with 
anastomotic leakage (AL); the most dreaded complications due to its 
unpredictability, variable clinical presentation, and significant impact 
on postoperative outcomes (27,28).  
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 AL is defined as a defect of the intestinal wall at the anastomotic 
site (including suture and staple lines of neorectal reservoirs) leading to 
a communication between the intra- and extraluminal compartments 
(29). Leak occurs when an anastomosis fails to heal, resulting in the 
flow of bowel contents into the abdominal cavity (Fig. 1.6). 
 
 

 
 

Fig. 1.6  Anastomotic leakage (30) 
 
 
 AL has a wide range of clinical features ranging from a radiological 
only finding to systemic symptoms (e.g., accelerated heart rate, 
tachypnea, and oliguria) or even life-threatening conditions such as 
peritonitis, and sepsis with multiple organ failure. Based on the patient 
presentation, leaks may not require active intervention or may be 
managed with either non-operative intervention (e.g., antibiotics, 
radiologic placement of a pelvic drain) or surgery (31).    
 In the postoperative period, leakage remains a strong negative 
determinant of early outcomes. It significantly increases the morbidity, 
mortality, readmission, and reoperation rates, while significantly 
prolonging length of hospital stay (32). But leak also impact heavily on 
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late results by causing stricture formation at the anastomotic site, 
significantly decreasing survival rates after cancer surgery, condemning 
patients to live with often permanent stomas, and finally by hugely 
increasing the cost of care (28,33,34). 
 Leak rates have been found to vary according to the anatomic 
location of the anastomosis, with distal colorectal, coloanal, and 
ileoanal anastomoses leaking in up to 20% of cases. The etiology of AL 
is multifactorial, which makes it challenging to accurately predict the 
perioperative risk of leakage (35). The integrity of any anastomosis 
created at any site along the gut depends on four main factors: the 
patient, the bowel, the surrounding milieu, and the surgeon (Table 1.1). 
 
 

Patient Bowel Milieu Surgeon 
Nutrition (albumin 
level) 

Edema (e.g., after 
massive fluid 
resuscitation; 
decreased venous 
outflow) 

Infection of the 
space where 
anastomosis lies 
(e.g., peritonitis, 
empyema) 

Too much tension on 
anastomosis (i.e., poor 
surgical judgement)  

Cardiovascular 
stability (shock) 

Inflammation (e.g., 
inflammatory bowel 
disease) 

Severe inflammation 
adjacent to the 
anastomosis (e.g., 
acute necrotizing 
pancreatitis) 

Anastomosis not 
watertight/airtight (i.e., 
faulty technique) 

Respiratory status 
(hypoxiemia) 

Poor perfusion 
(e.g., vasculitis) 

No parietal cover 
leading to exposed 
anastomosis (loss of 
abdominal wall, 
laparostomy) 

Stapler disfunction – due 
to faulty device or 
improper use 

Uremia  Abdominal 
compartment 
syndrome (decreased 
mesenteric 
perfusion) 

 

Chronic steroid intake    
Cytotoxic drugs    
Non-steroidal anti-
inflammatory drugs 
(NSAIDs) intake 

   

Uncontrolled diabetes    
Smoking    

 
Table 1.1 Common factors influencing anastomotic healing or leaking (36) 
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 Intraoperatively, the following cardinal principles must be obeyed 
to perform a good anastomosis: the blood supply to the anastomosed 
bowel must be meticulously preserved; only healthy bowel ends should 
be joined; before creating the anastomosis, the bowel ends should come 
together comfortably and without tension; the anastomosis must 
provide a seal against liquid and gas (36). 
 Good bowel perfusion is a major contributing factor for the 
complete healing of the anastomosis. Blood flow reduction at the 
anastomotic site is associated with an increased risk of anastomotic 
failure (37). Thereby, evaluation of bowel perfusion at the anastomotic 
site may have a useful role in reducing the rates of AL. Traditionally 
perfusion assessment has been performed visually and manually by 
surgeons. They rely on the color of the tissue, peristalsis, bleeding from 
the resection line, and palpation of the mesenteric pulse to determine if 
the visceral perfusion is acceptable. However, these methods are limited 
when performing minimally invasive surgery. Furthermore, this 
traditional assessment is susceptible to the clinician’s experience and 
has low accuracy. Over the years, various methods to assess intestinal 
microcirculation, e.g., X-ray angiography, spectroscopy, doppler 
ultrasound, and laser Doppler velocimetry, have been suggested but not 
incorporated into routine practice due to technical complexity, poor 
reproducibility, and high costs (38). In recent years, NIR fluorescence 
technology with ICG has emerged as the most promising method that 
provides a real-time assessment of intestinal perfusion (39).  
 

1.3 Indocyanine green 
 
Indocyanine green (ICG) has been approved by the U.S. Food and Drug 
Administration (FDA) for clinical and research use in humans since 
1956. ICG is a tricarbocyanine iodide dye molecule that is amphiphilic 
(Fig. 1.7). It can be either used either intravenously or through targeted 
injections into the tissues. Intravenously injected ICG quickly binds to 
plasma proteins, such as albumin, globulins, and lipoproteins. As a 
result, approximately 95% to 98% of ICG remains within the 
bloodstream. The dye is quickly cleared by the liver with a rate of 18% 
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to 24% per minute. This leads to a half-life of generally 3 to 4 minutes 
depending on the vascularization of the organ of interest. ICG is 
virtually nontoxic, provided the patient does not have an iodide allergy 
(40).  
 In the 1970s, it was discovered that protein-bound ICG emits 
fluorescence peaking at approximately 830 nm when irradiated with 
NIR light of approximately 750-800 nm wavelength (41). ICG is not 
selective to specific tissues but can highlight tissues with fluorescence 
when perfused into the tissues or excreted from the liver or kidney (42).  
 
 

 
 
Fig. 1.7  Indocyanine green. After intravenous injection, the region of interest is 
illuminated with near-infrared light. The fluorescence emission of the excited dye is 
detected by an infrared-sensitive camera (43) 
 
 ICG fluorescence has been widely used for over forty years to 
examine liver function, microcirculation, and ophthalmic angiography 
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(43). Since the 2000s, fluorescent capabilities have increasingly been 
used to provide intraoperative information in various surgical 
specialties, such as neurosurgery, plastic surgery, gynecology, and 
general surgery (44). As the human eye cannot detect light at NIR 
wavelengths, the fluorescent agent does not interfere with the standard 
surgical field and can be used for intraoperative imaging with a camera 
system capable of excitation and detection of the fluorescent contrast. 
In the operating room, a white light camera is used to capture real-world 
images, while a second NIR camera is used to capture the fluorescence 
images emitted by the dye. Both cameras can be integrated into a single 
system (42,44). 
 In the field of colorectal surgery, ICG can be applied for multiple 
functions such as tumor localization, lymphatic mapping, intraoperative 
angiography, as well as detection of peritoneal carcinomatosis and 
prevention of iatrogenic ureteral injuries (45–47).  
 ICG-based assessment of bowel perfusion, also known as ICG 
fluorescence angiography (ICG-FA), is the most used application.  
During ICG-FA, the well perfused colonic segments appear clearly 
fluorescent in contrast to the poorly perfused segments that exhibit 
delayed or no fluorescence. ICG-FA can be performed either inside or 
outside the abdomen in low-light conditions by turning off the operating 
room lighting (45). Perfusion can be evaluated before bowel resection 
to ensure a proper transection line and confirm adequate blood flow to 
the remaining bowel (Fig. 1.8). Based on the results of fluorescence 
angiography, surgeons can change the transection line to a more 
fluorescent and better perfused segment. After completing the 
anastomosis, another ICG injection can be performed to visualize the 
integrity and blood flow to the anastomosis (48). 
 To date, several studies have been conducted to determine if ICG-
FA is an effective tool for reducing the occurrence of leakage. However, 
high-quality evidence has been lacking in terms of reaching definitive 
conclusions. Although ICG-FA is becoming an extremely widespread 
technique, it is applied with considerable variability regarding the 
fluorescence systems that are used, the type or resection requiring 
assessment, the dose and dilution of ICG, and the timing of injection. 
These issues hinder the collection of accurate multicentric data, which 
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Fig. 1.8  ICG fluorescence angiography before bowel transection. (a) Bowel under 
white light. (b) Fluorescence image. Note the clear distinction between the well-
perfused (green) and non-vascularized (grayish) colon. 
 
 
is necessary for obtaining high-quality evidence on the effectiveness of 
this technique (49). The largest and most comprehensive review on the 
role of ICG-FA in colorectal anastomosis assessment included 27 
studies entailing more than 8,000 patients. Assessment of colorectal 
anastomoses with ICG-FA was associated with significantly lower odds 
of AL (OR 0.452; 95% CI 0.366-0.558) and complications (OR 0.747; 
95% CI 0.592-0.943) than inspection under white light. The weighted 
mean rate of change in surgical plan based on ICG-FA was 9.6% (95% 
CI 7.3-11.8) and varied from 0.64% to 28.75% across the studies (50). 
In addition, a meta-analysis of three randomized controlled trials 
including almost 1,000 patients found that ICG-FA was significantly 
protective against AL (RR: 0.67, 95% CI 0.46-0.99), although the 
magnitude of the effect was small (51). From the hospital payer’s 
perspective, a cost analysis demonstrates that based on recent 
publications of leak rates and cost of colorectal resections, the routine 
use of ICG-FA for perfusion assessment is a cost-saving measure (52). 
 The explanation of lower leak rates with the use of ICG-FA is 
reasonably attributed to the ability of the surgeons to recognize sub-
optimally perfused bowel segments, which may otherwise appear 
healthy under white light (50). 
 It is noteworthy that despite the benefit of ICG-FA in reducing the 
rates of colorectal AL, this technique is not entirely objective. The 
assessment remains at the discretion of the operating surgeon, relying 
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on his/her subjective interpretation of the on-screen images to guide 
decision-making. Hardy et al. investigated the inter-user variation in the 
interpretation of NIR imaging among forty surgeons with different 
levels of experience in ICG-FA. Surgeons were asked to either choose 
the colonic transection line or judging bowel perfusion based on ICG 
fluorescence. Regarding colonic transection, overall agreement was 
higher among expert users than non-experts, while there was no 
interpretation concordance among any cohort when judging ICG 
perfusion sufficiency on a yes/no basis. Moreover, most experts felt that 
more than 50 cases are required for competency in the use of ICG-FA. 
This study confirms that ICG-FA is prone to variable interpretation. 
Variability may decline with increasing user experience, although the 
learning curve is longer than a few initial cases. These findings support 
the development of methods to provide real-time quantitative decision 
support. Such systems may shorten the learning curve and increase the 
yield of fluorescence imaging for users of all experience levels (53). 
 
 

 

 

 

 

 

 



 
 
 
Chapter 2 
 

Digital surgery 
 

The healthcare industry is currently facing several challenges including 
increasingly high costs of healthcare services, professionals, and 
equipment; shortage of skilled professionals in the face of a rising 
demand for high-quality healthcare services; size and complexity of the 
healthcare value chain; the need for collaboration among healthcare 
providers, supporting industries, and organizations; and intense 
competition among healthcare providers. These challenges are 
prompting healthcare providers to consider incorporating and using 
new healthcare models that utilize innovative and advanced information 
and communication technology. The integration of new information 
technologies into the healthcare domain resulted in what is known as 
Health 4.0. This is a newly coined concept that is developed from 
Industry 4.0, which represents the fourth manufacturing revolution and 
aims to enhance operations, reduce costs, and improve quality through 
optimization, industrial automation, and the use of intelligent services 
(54,55). Health 4.0 is a term used to describe the digital transformation 
occurring in the sector of health concurrently with Industry 4.0. The aim 
of Health 4.0 is to offer advanced, valuable, and cost-effective 
healthcare services to patients while also enhancing the efficiency and 
productivity of the healthcare industry (56). Health 4.0 focuses on 
moving healthcare services from being based on “empirical data” to 
“precision medicine”, which involves personalized healthcare services 
(54). Categories of Health 4.0 are shown in Figure 2.1. 
 The use of digital technology is widespread in the surgical field. Its 
uptake is not limited to the operating room alone, but has an increasing 
role in different domains, such as preoperative planning, surgical risk 
prediction, and surgical performance assessment. An expert consensus 
recently defined digital surgery as “the use of technology for the  
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Fig. 2.1  Different categories of Health 4.0 (57) 
 
 
enhancement of preoperative planning, surgical performance, 
therapeutic support, or training, to improve outcomes and reduce harm” 
(58). Digital surgery exploits real-time analytics with technology (59). 
As shown in Fig. 2.2, the components of digital surgery can be 
categorized into three key areas: data, analysis, and applications. Data 
is central both to the development and use of digital surgical 
technologies. Digital surgery not only involves the use of digital 
technology during surgery, but also encompasses a transformation in 
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the culture and practice of surgery. Traditionally, the focus of surgery 
has been on postoperative outcomes, with minimal attention given to 
collecting data within the operating room. AI, computer vision and ML 
systems are proving that today the machines analyze large amounts of 
data faster and better than human beings (60). AI is an integral part of 
digital surgery (58,61). The adoption of AI and the generation of large 
amounts of data raise important ethical and legal concerns that should 
not be overlooked (62). 
 In the next sections, the role of AI as a support for surgeons will be 
investigated, with a focus on the application of AI in bowel perfusion 
assessment during colorectal surgery. 
 
 
 

 
 
 
Fig. 2.2  Elements of digital surgery (58) 
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2.1 Artificial intelligence in the surgical field 
 

Artificial intelligence (AI) can be defined as the ability of a digital 
computer or computer-controlled robot to perform tasks commonly 
associated with intelligent beings (63). It refers to computer systems 
that are designed to think or act like humans (human approach) and 
systems that think or act rationally (rational approach). A rational agent 
is one that acts so as to achieve the best outcome or, when there is 
uncertainty, the best expected outcome (64). AI encompassing multiple 
technologies, which can be divided into two main categories: data-
driven AI and knowledge-based AI. Data-driven AI leverages large 
datasets to train models for predictions and decisions. It relies on 
techniques like neural networks and statistical learning. These 
techniques are commonly employed in applications with abundant data, 
such as image and speech recognition, natural language processing, and 
predictive analytics. On the other hand, knowledge-driven AI uses a 
formal representation of knowledge to make decisions and inferences 
using reasoning and logic and is typically used in applications where 
data is limited, such as expert systems, decision-support systems, and 
natural language understanding (61). 
 In general, AI applications in the medical field have two main 
branches: virtual and physical. ML and deep learning (DL) constitute 
the virtual component of AI  (65). Figure 2.3 shows the fundamental 
relationship between AI, ML, and DL. 
 ML refers to a set of techniques that enable systems to learn from 
available data (training) and, through generalizing the training 
experience, analyze new data and make predictions within the same 
application domain as the training data. In 1959, the American scientist 
Arthur Samuel described ML as the “field of study that gives computers 
the ability to learn without being explicitly programmed”. More 
recently, Tom Michael Mitchell, director of the ML department at the 
Carnegie Mellon University, provided a widely quoted, more formal 
definition of ML algorithms: “A computer program is said to learn from 
experience E with respect to some class of tasks T and performance 
measure P, if its performance at tasks in T, as measured by P, improves  
 



 

2.1 Artificial intelligence in the surgical field________    __     ______33 

 

 
 

Fig. 2.3 Relationship between AI, ML, and DL. 
 
 
with experience E.” Experience exists in the form of training datasets, 
which aid in achieving accurate results on new and unseen data (66). 
 With the advancement of big data and increased computational 
capabilities, the field of DL has grown significantly. In 2006 the 
concept of DL was introduced by Hinton et al. in their article “A fast 
learning algorithm for deep belief nets” (67). DL is a branch of ML 
based on the concept of artificial neural networks (ANNs), which are 
collections of connected artificial neurons inspired by biological neural 
networks. ANNs typically consist of an input and output layer with one 
or multiple hidden layers within. Each neuron generates a series of real-
valued activations for the target outcome. Like ML, DL also represents 
learning methods from data, where the computation is done through 
multi-layer neural networks and processing. The term “deep” refers to 
the concept of multiple levels or stages through which data is processed 
for building a data-driven model. DL differs from standard ML in terms 
of efficiency as the volume of data increases. DL modeling is highly 
beneficial when working with a large volume of data due to its ability 
to process a wide range of features and create a powerful data-driven 
model (68). 
 ML algorithms are classified into supervised, unsupervised and 
reinforcement learning. Supervised learning refers to learning 
techniques that infer the underlying relationship between the observed 
data (also called input data) and a target variable (a dependent variable 
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or label). These techniques use a training dataset to develop a prediction 
model by consuming input data and output values. The model can then 
make predictions of the output values for a new dataset. Two main types 
of supervised learning are: classification, which entails the prediction 
of a class label, and regression, which entails the prediction of a 
numerical value. Unsupervised learning algorithms are designed to 
discover hidden structures in unlabeled datasets, in which the desired 
output is unknown. The general approach to learning involves training 
using probabilistic data models. Two popular examples of unsupervised 
learning are clustering and dimensionality reduction. Reinforcement 
learning involves exploration of an adaptive sequence of actions or 
behaviors by an intelligent agent in a given environment with a 
motivation to maximize the cumulative reward. The intelligent agent’s 
action triggers an observable change in the state of the environment. 
This methodology can be seen as a trial-and-error learning paradigm 
with rewards and punishments associated with a sequence of actions 
(66). 
 The second form of application of AI in the medical field includes 
physical objects, medical devices, and increasingly sophisticated robots 
(65,69). However, it should be emphasized that the da Vinci® system, 
currently used in robotic surgery, is a master-slave system or tele-
manipulator. It is not an autonomous system with the “ability to perform 
intended tasks based on current state and sensing without human 
intervention”, according to the definition of the International Standard 
Organization (70). 
 Surgery is in its fourth generation (open surgery, endoluminal 
surgery, laparoscopic surgery, and robot-assisted surgery). Minimally 
invasive surgery provides a huge amount of data which can be 
processed by AI. However, analyzing images in minimal access surgery 
can be a challenge due to various factors such as changes in 
illumination, unfocused frames, presence of blood and smoke in the 
surgical field, and anatomical diversity. In addition to data from videos, 
robot-assisted surgery also generates data from robot kinematics and 
events, such as pressing camera buttons and clutching pedals (71). 
Given this large amount of data, the field of Surgical Data Science 
(SDS) is actively growing. It aims to improve the quality of 
interventional healthcare by collecting, organizing, analyzing, and 
modeling data (72).  
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 Surgical video analysis is one of the most common applications of 
AI in surgery. A schematic representation is depicted in Fig. 2.4. Once 
a clinical need has been clearly defined, the next step is to generate an 
appropriate dataset that is large-scale and representative. To ensure the 
suitability of the data, it is recommended to check if subject-matter 
surgeons regularly use and successfully address the identified problem 
using this specific type of data. The agreement among experts can also 
give an idea of how much data are needed to train and test an AI model.  
 
 

 
 
 
Fig. 2.4  Typical AI pipeline in the surgical field (73) 
 
 
When experts have lower agreement, it usually means that larger 
datasets are needed to solve more complex problems. A further step in 
generating a dataset for AI is annotation, which describes the process 
of labeling data with the information the AI should learn to predict. 
High-quality annotations are essential for training AI using supervised 
learning approaches. The annotated dataset should be divided into a 
training set, which will be used to develop the AI algorithm through 
multiple iterations, and a test set, which will be used to evaluate the AI's 
performance on unseen data. Test data should not be exposed during 
training and should remain as independent as possible from the training 
dataset. At this stage, the dataset and task of interest will be explored to 
select the best AI architecture or algorithm to then refine, train, and test. 
In most cases, healthcare professionals and computer scientists 
collaborate in this process. Interdisciplinary education is crucial in 
order to allow all stakeholders to comprehend both the clinical and 
algorithmic perspectives, evaluate relevant literature, and promote 
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effective interdisciplinary collaboration. Then, external validation and 
translational studies are essential to evaluate the clinical potential of the 
AI system. Since the performance of AI is significantly influenced by 
the training data, it is important to test AI systems on data from multiple 
centers that represent different acquisition methods, patient 
populations, and hospital environments. This enables the evaluation of 
how well AI systems can generalize beyond the development setting. 
However, very few external validations studies have been performed to 
date. Finally, research on integrating this technology into complex 
clinical and surgical workflows, and evaluating how these changes 
affect patient care, is crucial for measuring the real value for patients 
and healthcare systems (73). 
 Surgical procedures require a combination of situational awareness, 
decision-making abilities, technical skills, as well as cognitive and 
procedural competency in order to be successful. At the forefront of 
research, there are numerous instances of ML-based approaches being 
utilized in the field of surgery. These approaches have the potential to 
improve the aforementioned aspects. AI can be used in surgery to assist 
with intraoperative navigation and to identify and prevent errors early. 
The development of AI-based context-aware systems can greatly 
enhance decision-making, which is one of the most challenging tasks in 
surgical practice. This improvement can lead to reduced risks for 
patients, prevention of complications, and overall enhancement in 
healthcare services. AI applications can also be used to assess surgical 
skills objectively during training, to automate surgery using the concept 
of self-driving cars in robot-assisted surgery as well as for diagnostic 
purposes and optimization of perioperative care (61,71,73). 
 While other areas of surgery, like orthopedics, neurosurgery, and 
maxillofacial surgery, have already adopted surgical planning using 
computer-generated models and intraoperative navigational aids, the 
use of AI methods in gastrointestinal surgery, especially colorectal 
procedures, is still in its infancy. No AI algorithm has been approved 
for clinical use to date (59,73,74).
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2.2 Applications of artificial intelligence in 

colorectal surgery 
 

As for other fields of surgery, colorectal surgical outcomes great rely 
on the efficacy of intraoperative decisions and actions as well as on the 
accuracy of preoperative assessment and the adequacy of postoperative 
care. Although still in their early stages, artificial intelligence (AI) 
applications have been explored in all the phases of the surgical 
pathway (61).  
 Critical aspects of the preoperative phase include choosing the ideal 
treatment, assessing the risk for perioperative complications and poor 
outcomes, optimizing patient clinical condition, and creating tailored 
treatment pathways for each patient. Clustering algorithms based on 
clinical data have been used for prediction of cancer stage, which 
informs the treatment plan (75). Unsupervised ML has been useful in 
identifying and monitoring care pathways that have shown favorable 
performance in terms of shorter hospital stay, fewer 30-day 
readmissions, and lower costs (76). ANNs have been utilized to predict 
the interval between diagnosis and surgery, in order to customize 
patient preoperative optimization. This prediction achieved an accuracy 
of 90% (77). The value of AI supporting systems like IBM’s Watson 
for Oncology (WFO) in the clinical decision-making process for 
colorectal cancer treatment has been explored. Aikemu et al. 
investigated the concordance between treatment recommendations for 
colorectal cancer patients given by WFO and a multidisciplinary cancer 
team. The concordances for colon cancer, rectal cancer, or overall were 
all 91% (78). Other AI tools are designed for preoperative risk 
assessment. Azimi et al. developed some prediction models using 
preoperative features to identify those patients at higher risk of 
postoperative infections after colectomy. This can help clinicians better 
control the modifiable factors that are known from the literature to be 
significantly associated with postoperative infectious complications. 
Naïve Bayes and Support Vector Machine had the best performance 
with an area under the curve (AUC) of 0.81 (79). Similarly, Sammour 
et al. developed an online calculator (http://www.anastomoticleak.com) 
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to predict the risk of AL after colon cancer resection. The calculator 
was based on the ANACO study group nomogram and included six 
independent variables (gender, body mass index, oral anticoagulants, 
intraoperative complication, serum protein level, hospital size). The 
authors utilized IBM Watson Analytics to analyze an anonymized 
dataset and identify a predictive model. Among all the variables 
evaluated by the AI software, the calculator output and patient age were 
identified as independent predictors of leak. Modification to the online 
calculator because of the analytics slightly improved its performance 
(80,81). ANNs have also been employed to predict delayed discharge 
and readmission following laparoscopic colorectal cancer surgery (82). 
Finally, various radiomic models have been used on preoperative 
magnetic resonance or computed tomography images to predict the 
response to preoperative chemoradiation in patients with rectal cancer 
(83), nodal or liver metastases (84,85), and gene mutations (86). 
 Intraoperatively, AI assistance has primarily focused on minimally 
invasive surgeries, which natively rely on the use of endoscopic video 
to guide such procedures (73). AI has primarily been proposed for 
identifying surgical phases or tracking devices, as well as distinguishing 
tumor tissue from normal bowel wall. Kitaguchi et al. established the 
LapSig300 dataset which includes 300 laparoscopic colorectal surgery 
videos from 19 high-volume Japanese centers. More than 82 million 
frames from the videos were labeled with the surgical phase and action 
under the supervision of two colorectal surgeons, while more than 4000 
images were labeled with tool annotations and the tool area was 
extracted for a segmentation task. A convolutional neural network was 
used to analyze the videos. The accuracy rates for automatically 
classifying surgical phases and actions were 81.0% and 83.2%, 
respectively. However, further improvement is needed when it comes 
to recognizing surgical tools (87). In an in-vivo study, Baltussen et al. 
evaluated the accuracy of diffuse reflectance spectroscopy for tissue 
characterization during colorectal cancer surgery. Using two Support 
Vector Machines, the classification resulted in a mean accuracy for fat, 
healthy colorectal wall, and tumor of 0.92, 0.89 and 0.95 respectively 
(88).  Integration of AI into robotic platforms has also been attempted. 
The Smart Tissue Autonomous Robot (STAR) system, developed at the 
Johns Hopkins University, could autonomously complete bowel 
anastomoses in both ex-vivo and in-vivo animal models with equal or 
better performance than its human counterpart (89). Initial experiences 
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of AI-enhanced surgery using ICG applications will be discussed in the 
section 2.4. 
 In the postoperative phase, ML algorithms and ANNs have mainly 
been proposed as early warning systems for complications (90,91). DL 
models have also been used to provide recommendations about 
postoperative chemotherapy (92). Moreover, voice recognition 
technologies have been employed to monitor patients in the post-
discharge setting (93). 
 Additional areas of AI applications include the assessment of 
patient-reported outcomes, automated pathology assessment, and 
research (61). An overview of potential applications of AI in colorectal 
surgery is provided in Figure 2.5. 
 
 

 
 
Fig. 2.5  Fields of application of artificial intelligence in colorectal surgery (61)
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2.3 Quantitative indocyanine green fluorescence 
angiography 

 

In the previous chapter, we discussed the limitations of indocyanine 
green fluorescence angiography (ICG-FA), specifically its 
susceptibility to individual interpretation. Hence, an objective 
(quantitative) methodology is needed to overcome the inherited 
observer bias. Different from visual ICG-FA, where the surgeon 
assesses the fluorescence signal, quantitative ICG-FA (Q-ICG) 
involves an algorithm that interprets the fluorescence signal. This is 
translated into a fluorescence-time curve. Subsequently, the system can 
calculate different parameters, which reflect the perfusion of the 
examined tissue (94).  
 Briefly, the NIR camera is placed at a set angle and distance to the 
target tissue. Regions of interest (ROIs) are selected by the surgeon 
under white light. The ICG-FA system is activated and ICG is injected 
intravenously. The Q-ICG software generates a fluorescence-time 
curve based on the average pixel intensity of a selected region of 
interest (ROI) and plotted against time. The fluorescence-time curve 
has different phases as depicted in Figure 2.6. During ICG 
administration, the curve displays baseline static. In the next phase, ICG 
molecules enter the target tissue and, excited by the NIR light, begin to  
 
 

 
 

Fig. 2.6  A schematic overview of the different Q-ICG phases (95) 
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emit fluorescence. A steep increase in fluorescence intensity is 
observed in the curve. This is the inflow phase. Finally, ICG is removed 
by hepatic clearance, and the curve displays a steady decline in 
fluorescence intensity. After generating the fluorescence-time curve, 
the Q-ICG software calculates Q-ICG parameters from the ROI selected 
by the surgeon. A visual representation of the various parameters is 
given in Figure 2.7. Relative parameters can also be obtained by 
selecting two ROIs. The reference ROI is placed within an area with 
excellent perfusion, while the target ROI is placed in an area at risk of 
reduced perfusion. The relative parameters are obtained by dividing the 
target ROI with the reference ROI.  
 
 

 
 
Fig. 2.7  Q-ICG. A visual representation of the fluorescence-time curve and its 
different parameters (95) 
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 Q-ICG parameters can be divided into two categories: inflow and 
intensity parameters. The former are defined from the timing of distinct 
perfusion events, while the latter are based on absolute fluorescence 
measurements. Inflow parameters include the following: time-to-peak 
(ttp): the time to reach the maximum fluorescence intensity (Fmax); 
slope (slp): the differential to the fluorescence-time curve during the ttp 
interval; T1/2max: the time from the first intensity increase until 50% of 
maximum intensity is reached; T0: the time to first fluorescence signal. 
Intensity parameters include the following: the maximum fluorescence 
intensity (Fmax); drainage ratio (DR): the absolute intensity value at 120 
s divided by Fmax; plateau intensity (PI): the median value intensity in 
the last 25% of the ICG-FA (95). 
 Several factors may distort the validity of the Q-ICG readings, 
including camera distance and angulation, camera movement artifacts, 
light reflections at the bowel wall, and movement of the target ROI. The 
fluorescence intensity decreases with increased camera distance due to 
the inverse-square law. Also, with increased angulation to the target 
ROI, less light illuminates the tissue and the lens (96,97). Moreover, the 
varying anatomy of patients' microcirculation leads to significant 
interindividual differences in ICG quantitative parameters. These are 
affected by ICG plasma concentration, systemic perfusion factors 
(cardiac output, blood pressure, vasoconstrition), overtime retrograde 
flow of ICG within tissues (95).  
 Q-ICG is still a novel technology, and currently, no Q-ICG 
parameter or methodology is considered a gold standard. Q-ICG 
parameters have mostly been examined in animal models (98,99) and a 
few clinical studies have been conducted, where Q-ICG analysis was 
commonly performed post-hoc by analyzing video recordings of the 
ICG-FA. The animal studies found that both inflow and intensity Q-
ICG parameters do correlate with visceral perfusion given the 
controlled experimental conditions. However, in the clinical setting, the 
inflow parameters (especially slp and T1/2max) perform better and exhibit 
a stronger correlation with AL than intensity parameters. This is 
because inflow parameters, which rely on the timing of perfusion events 
rather than the numerical intensity values, are less affected by the 
environmental, tissue, and patient factors mentioned above. These, 
instead, strongly influence intensity factors. 
 Currently, many different software systems for Q-ICG are 
available, and a small number of commercial ICG-FA systems offer 
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built-in support for intraoperative Q-ICG (although only employing 
intensity parameters). However, one major limitation of Q-ICG is 
interpreting measurements. Q-ICG still lacks verified procedure-
specific cut-off values for swift objective decision-making in the 
operating room. Only a few studies (100–102) have suggested cut-off 
values for AL based on slp, T1/2max, Fmax, and ttp, but these values are 
not validated. As a matter of fact, although Q-ICG provides objective 
measurements, clinical decisions will remain subjective unless cut-off 
values are established. 
 

2.4 Artificial intelligence analysis for 
indocyanine green fluorescence 

 
In the field of fluorescence imaging for intraoperative guidance, early 
reports have investigated the role of ML for cancer tissue 
discrimination, characterization of liver metastases, and bowel 
perfusion assessment.  
 Cahill et al. developed a computer vision real-time tissue-tracking 
and categorizing prototype (103). Intraoperative videos captured using 
white-light and NIR fluorescence imaging techniques were utilized for 
both training and testing the AI model. These videos displayed 
colorectal tumors, both benign and malignant, along with the 
surrounding normal tissue. Following video capture and tissue 
annotation by the surgical team, a number of ROIs were chosen from 
each surgical field of view. A custom video-tracking algorithm was 
used to adjust external factors while gathering time-varying pixel 
intensities that represented ICG brightness within the ROIs across 
consecutive video frames. The extracted NIR intensity data were then 
fitted to a parametric curve derived from a biophysical model, which 
was created to capture both the inflow behavior and exponential decay 
of the ICG bolus. A supervised method was used to train ML-based 
classification models on a library of archival videos for cases with 
known pathology results to differentiate healthy tissue from tumor 
within each ROI. After training, the model proceeds to assign the 
pathology label to unseen cases based on the assumption that patterns 
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hold more broadly. The mean accuracy was 86.4%. Notably, the model 
was applied in two patients intraprocedurally, providing real-time data 
acquisition, AI analysis, and tissue classification within 10 minutes. 
 Hardy et al. used ML to demonstrate and characterize colorectal 
liver metastases following intraoperative ICG administration (104). 
Video recordings of 25 consenting patients with liver lesions 
undergoing surgery were analyzed. User-selected ROI perfusion 
profiles were generated, milestones relating to ICG inflow/outflow 
extracted and used to train a ML classifier. This classified 97.2 % of 
liver metastasis ROIs within 90 s of ICG administration following 
initial mathematical curve analysis identifying ICG inflow/outflow 
differentials between healthy liver and metastases. 
 Park et al. explored the usability of a ML algorithm for assessment 
of bowel perfusion (105). The ICG curves were obtained from 200 
ROIs across 65 videos of laparoscopic colorectal surgery. Curves were 
preprocessed to decrease the degradation of the AI model due to 
external factors. The authors employed unsupervised learning to cluster 
10,000 ICG curves into 25 patterns with a self-organizing map (SOM) 
network. The training was performed using the neural net clustering in 
MATLAB 2019 (MathWorks, Natick, MA, United States). 
Subsequently, anastomotic risk labelling was performed for each 
classified pattern using a simplified colorectal vessel model and colonic 
circulation simulator and data on patient complications. When new ICG 
curves from additional videos were used for testing, the learned network 
classified it into the most similar pattern and evaluated risk. A color 
mapping system that classifies the level of vascularization in red-green-
blue areas was created. Based on comparing the AUC of the AI-based 
method with T1/2max, time ratio (T1/2max/Tmax), and slope, the AI model 
demonstrated a higher accuracy in the perfusion assessment, with 
values of 0.842, 0.750, 0.734, and 0.677, respectively.  
 
 
 
 



 
 
 
Chapter 3 
 

Proposal and implementation 
 

The fluorescence imaging technology has shown itself to be a useful 
intraoperative predictive test for evaluating perfusion during colorectal 
resections. However, as discussed in the previous chapters, the use of 
ICG-FA relies on the subjective interpretation of the results by the 
surgeon. Even though systems for Q-ICG provide a graphical output, 
surgeons still have to interpret it subjectively. 
 In the field of surgical research, ML is playing an increasing role to 
address the issue of subjectivity and provide real-time support for 
operators. This helps minimize risks for patients, prevent 
complications, and enhance outcomes, particularly when less 
experienced operators are involved in the care pathway.   
 The research activity conducted in this doctorate explored the 
feasibility of a ML-based system to gather information on bowel 
perfusion from ICG-FA videos recorded during minimally invasive 
colorectal surgeries. The objective is to create a decision-support 
system that can automatically evaluate the quality of perfusion. Such a 
system can inform the surgical strategy to minimize the risk of AL, 
which negatively impacts on patients, surgeons, and healthcare system.  
 

3.1 Overview of the research activity 
 
 During the research activity, three main tasks for the ML application 
were identified: evaluating bowel perfusion based on fluorescence 
intensity, identifying the optimal bowel transection line based on 
fluorescence intensity, and assessing bowel perfusion based on the 
temporal trend of fluorescence diffusion. 
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3.1.1 Evaluation of bowel perfusion based on 

fluorescence intensity 
 

The aim was to create a system that automatically assesses the amount 
of ICG in a ROI chosen by the surgeon and then provides an output 
classifying bowel perfusion as either adequate or inadequate. This issue 
can be formally expressed as a two-class classification problem.  
 For this purpose, colorectal laparoscopic surgeries were recorded as 
movie files. Videos showing the bowel to be anastomosed after 
injection of ICG were directly acquired from the endoscope during the 
procedures and collected. In each video, the surgeon selected a ROI as 
a rectangular box using the mouse or trackpad on the computer when 
initiating the algorithm. The frames coming from the video streaming 
and the selected ROI were the input of the system. The overall 
architecture of the systems entails three main blocks (Fig 3.1). 
 
 

 
 

Fig. 3.1  Block architecture of the proposed algorithm 
 
 
The first one is a fast-tracking algorithm, which is used to track the 
selected ROI during the video execution. Once the frames containing 
the ROI are extracted from the video source, the second block performs 
a features extraction. The ROI of each frame is divided into 20 vertical 
equal slices and, for each of them, the histogram of the green band and 
its area is computed. Figure 3.2 illustrates the overall process of features 
extraction. The area of the histogram constitutes an element of the 
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Fig. 3.2  Features extraction. 1) ROI selection. 2) The ROI is divided in 20 slices. 3) 
For each slice, the histogram of the green band is evaluated. 4) The amount of green 
of each histogram is evaluated and the obtained feature is used to build the feature 
vector sent to the ML classifier (106) 
 
 
feature vector. Thus, a vector of 20 elements is obtained and becomes 
the input to the last functional block. This step of the process binarily 
classifies the feature vector and establishes whether it corresponds to 
adequate/1 or to inadequate/0 perfusion of the colonic stump to be 
anastomosed. This classifier is obtained by a Feed Forward Neural 
Network. During the laboratory experimental validation, a dataset of 11 
videos of laparoscopic left-sided colorectal resections collected and 
labelled by surgeons was used to train and validate the ML classifiers. 
The preliminary obtained results show a classification accuracy equal 
to 99.9%, with a repeatability of 1.9%. Finally, the real-time operation 
of the proposed algorithm was successfully tested by analyzing the 
video streaming captured directly from an endoscope available in the 
operating room. Future work may address introducing more levels 
between adequate and inadequate perfusion, identifying a method to 
automatically select the ROIs, and enrich the dataset by facing 
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circumstances when the blood perfusion is impaired by underlying 
diseases (106). 
 

3.1.2 Identification of the optimal bowel transection line 
 

The aim was to create an automated system that helps surgeons 
determine where to divide the bowel before performing an anastomosis. 
Thus, the algorithm presented earlier has been further developed to 
provide the optimal bowel transection line as the output. Similar to the 
previous one, the ROI of each frame is divided into 20 vertical equal 
slices. The histogram of the green band for each slice and its area is 
computed (Fig. 3.3).  
 

 

 
 
 

Fig. 3.3  ROI selection and feature extraction 
 

 
Each frame is analyzed, and a matrix is created in which the columns 
represent the slice and the rows the analyzed frame. The matrix 
indicates the green change over time and represents the input of a Feed 
Forward Neural Network. The network assigns a probability to each 
slice, indicating the likelihood that it is the best slice for cutting. The 
final prediction corresponds to the highest probability value. The 
prediction is displayed on the video as a red line at the chosen slice. The 
transection line is predicted in real time, so it can change whenever the 
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video changes. A steady state message appears when the prediction is 
stable (Fig. 3.4).  
 

 

 
 

Fig. 3.4  Prediction of the optimal transection line 
 

 
The obtained results show a classification accuracy equal to 82.7%, 
with a repeatability of 3.23% (unpublished data). Even for this system, 
the real-time operation of the proposed algorithm was successfully 
tested in the operating room. 
 

3.1.3 Evaluation of bowel perfusion on the temporal 
trend of fluorescence diffusion 

 
Based on the hypothesis that the timing of fluorescence shows a 
stronger correlation with postoperative complications, a more complex 
issue was addressed. This is the assessment of perfusion based on the 
temporal trend of ICG fluorescence diffusion. As described in section 
2.3, the fluorescence signal can be translated into a fluorescence-time 
curve with different phases (baseline, inflow, and plateau) 
corresponding to the events that occur on a capillary level during the 
FA-ICG (Figures 2.6 and 2.7). From this curve, several intensity 
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parameters and inflow parameters can be calculated, which provide 
information about tissue perfusion. Indeed, based on the most recent 
data from the literature, it seems that inflow parameters may be more 
resilient to the different environmental and patient factors that can 
impact ICG perfusion assessment, as compared to the intensity 
parameters. Also, the inflow parameters may be more effective in 
predicting the risk of AL. Thus, the final objective is to create a ML 
system that automatically assess the quality of bowel perfusion based 
on the fluorescence-time curves. The initial step in this process, which 
represent the core of this thesis, is to develop an unsupervised learning 
method (clustering) that groups the fluorescence intensity-time curves 
based on their similarity. Thus, patterns of ICG curves can be obtained. 
The subsequent step will be to develop an ICG curve pattern 
classification model to establish whether a ROI is adequately or 
inadequately perfused.  
 

3.2 Dataset 
 

Although laparoscopic and robotic cameras can be used to capture still 
images or videos, it can be challenging to gather high-quality data 
during a surgical operation due to various constraints. Recording proper 
surgical videos for experimental purposes can disrupt the regular flow 
of surgical phases and actions, potentially leading to an increased 
mental effort for the surgical team, longer duration of the procedure 
and, potentially, to patient safety issues. This because surgical decision-
making is unique, requiring quick actions which are highly contextual  
(58). Moreover, authorization is required to guarantee patient’s privacy. 
 The videos used for this work were collected by the medical staff of 
two general surgery units at the University Hospital Federico II of 
Naples and Santa Maria delle Grazie Hospital of Pozzuoli. Videos were 
recorded during both laparoscopic and robotic colorectal surgeries, 
including left colectomy and anterior rectal resection. In detail, after 
ligating the major blood vessels, fully mobilizing the left colon, and 
transecting the rectum, the surgical specimen was extracted through a 
suprapubic incision. After dividing the mesocolon and marginal artery 
at an appropriate line for transection of the descending colon, a 5 mg/ml
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ICG solution was administered intravenously by bolus injection 
followed by a saline flush (10 mL). A body-mass adjusted dose of 0.25 
mg/kg was injected through an 18-gauge peripheral catheter placed in 
the forearm. The blood flow in the proximal colon was evaluated by a 
NIR camera system, namely the da Vinci Xi 30° Endoscope Plus with 
Standard Firefly Mode for robot-assisted surgery and Olympus CH-
S200 camera with 30°, 10-mm IR telescope for laparoscopic surgery. 
The camera was fixed 15 cm apart from the extracted specimen and 
lights of the operating room were completely turned off. The bowel was 
filmed starting before the injection of ICG, which was indicated by a 
thumbs up in the video.  
 ICG videos were discarded if they showed any significant 
interference during angiography recording, such as passing of hands 
and/or surgical instrumentation over the ROI, or too abrupt camera 
movements. 
 The final dataset consisted of ICG videos collected from 27 patients. 
Files were in the “.mp4” format at a rate of 30 frames per second.  
 

3.3 Methods 
 

The aim is to provide a method that, by randomly choosing a sufficient 
number of ROIs from the picture, generates intensity-time curves of the 
green light in each ROI for subsequent clustering. The proposed 
algorithm starts with the acquisition of ICG-FA videos recorded during 
colorectal surgeries. Videos are pre-processed and standardized and 
then a number of ROIs are placed randomly throughout the first video 
frame. After using a tracking algorithm, the information on the green 
fluorescence light intensity over time is collected and given as input to 
two ML algorithms for clustering. The architecture of the proposed 
system is shown in Fig. 3.5. 



52                                ___________Chapter 3 · Proposal and implementation 

 
 

Fig. 3.5  Block architecture of the proposed algorithm 
 

3.3.1 Pre-processing 
 
A pre-processing phase is needed to have consistent data. To ensure that 
all videos were of the same length, an editing program was utilized to 
crop the recordings. In most cases, the fluorescent emission began 
approximately 5 seconds after the surgeon's signal on the video and 
reached its peak at around 25 seconds. Thus, it was decided to cut the 
videos at 29.96 s, for a total of 898 frames from each video.  
 The pre-processing phase included video resizing and stabilization. 
A video resizing was performed to decrease the size of the input 
recordings. This enables to work with smaller files in the next phase 
and reduce the execution time. Stabilization aims to transform a 
recording that has been affected by unintentional camera movements 
into a stabilized version where these movements are smoothed out. This 
operation can significantly reduce video image movement, but it cannot 
eliminate it entirely.  
 

3.3.2 Fluorescence-time curve acquisition 
 
Once the videos were ready to be analyzed, the data acquisition process 
was started. The idea was to select a substantial number of ROIs to 
collect valuable data without impeding performance. Information on 
the mean fluorescence intensity is taken from the ROIs. Fluorescent 
color extraction was conducted after converting the RGB (red, green 
blue) color space into the HSV (hue, saturation, value) color space. This 
makes the algorithm less sensitive to image lightness and enables to 
remove distortion-producing factors such as background and light 
source reflection.
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 Three-hundred ROIs, each consisting of a 5x5 pixel square window, 
were automatically generated and randomly positioned on the first 
video frame. Thanks to a tracking algorithm, the ROIs were tracked 
until the last frame. At the end of this process, the intensity of the green 
light over time was extracted, resulting in a fluorescence–time curve of 
29.96 s seconds or 898 frames for each ROI. Since the dataset consisted 
of 27 videos, each containing 300 ROIs, a total of 8100 curves were 
extracted as a group on input data.  
 Fluorescence intensity–time curves were then processed using 
machine learning algorithms to extract the features necessary to 
determine the clusters. 
 

3.3.3 Clustering 
 
Two clustering algorithms were used: K-means and Self-Organizing 
Map. Clustering algorithms can be considered the leading methods of 
unsupervised learning. When the available data consists of unlabeled 
samples, or when each data point merely contains attributes without a 
label, unsupervised learning is a machine learning paradigm for solving 
the problem. It is also known as "class discovery" and is used to uncover 
useful patterns or structural properties of the data (107,108). 
Unsupervised learning aims to educate the machine learning algorithm 
to create a concise internal representation of the input through imitation, 
which is an important method of the human learning. Unsupervised 
learning is often performed as part of an exploratory data analysis. This 
approach significantly differs from supervised machine learning for the 
fact that there is no training set and, hence, no clear function for cross-
validation. Since there is no universally accepted mechanism for 
performing cross-validation or validating results on an independent 
dataset, it can be hard to assess the results obtained from unsupervised 
learning methods (109). 
 Clustering refers to a set of techniques for findings subgroups, or 
clusters, in a dataset. When clustering a dataset, the goal is to separate 
the observations into distinct groups. The clustering algorithm 
distributes the data into the clusters according to their similarities. 
Within each cluster, the observations should be quite similar to each 
other, while the observations in different groups should be quite 
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different. Grouping similar entities together will provide insight into the 
underlying patterns of distinct groups. Using a notion of distance 
between points and given a set of data points, these are grouped into 
several clusters, such that internal (intra-cluster) distances should be 
small, while external (inter-clusters) distances should be large (107). 
For clustering, a proximity measure for two data points needs to be 
defined, which means how similar or dissimilar the samples are with 
respect to each other. A measure usually used to indicate 
similarity/dissimilarity between two points is the Euclidean distance. 
 

K-means 
 
 K-means is one of the most straightforward unsupervised learning 
techniques to address the clustering issue. The method has a minimal 
processing cost and uses a simple approach to partition a dataset of n 
observations into K distinct, non-overlapping clusters, with each 
observation belonging to the cluster with the nearest mean, serving as a 
prototype of the cluster. The means are commonly called the cluster 
centroids or cluster centers. K-means clustering minimizes within-
cluster variation defined as the squared Euclidean distance. As a result, 
the data space is partitioned into K clusters (Fig. 3.6). To perform K-
means clustering, the number of clusters is fixed a priori. The algorithm 
is iterative and consists of the following steps: 1) specifying a value for 
  
  

 
Fig. 3.6  K-means cluster algorithm operation 
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K and randomly choosing an initial centroid (center coordinates) for 
each cluster; 2) assigning all data points to the nearest centroids by 
using the Euclidean distance; 3) recalculating the cluster centers as a 
mean value of all the data points in each cluster; 4) reassigning the data 
points to the nearest clusters just recalculated. This process, assigning 
data points to the cluster centers and recalculating the cluster centers, is 
repeated until the cluster centers stop moving, and there is no further 
change in the clusters (110).  At this point, the algorithm has converged, 
and the final clustering is retrieved (Fig. 3.7).  
 

 
 

 
 
Fig. 3.7  Flowchart of the k-means clustering algorithm 
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Self-Organizing Map 
 
Analyzing high-dimensional data can pose significant challenges due to 
the limitation of visualizing data in only two or three dimensions. A 
self-organizing map (SOM), which was invented by Kohonen in 1980, 
is a dimensionality reduction technique that can provide us with 
valuable insights about high dimensional data while requiring minimal 
computing resources. Self-Organizing Maps (SOMs) can be used for 
exploratory data analysis, clustering problems, and visualization of high 
dimensional datasets (111). SOMs are a type of artificial neural network 
that models the learning process of the visual cortex in the cerebral 
cortex and perform clustering by unsupervised learning (105).  
They create a low-dimensional representation of the input space, known 
as a “map”. Map units or nodes typically create a two-dimensional 
space in such a way that some proximity measure is similar to the 
proximities in the original high-dimensional space. In particular, SOMs 
aim at preserving topology, that is, try to keep information on close 
neighbors (112). Two important layers compose SOMs: the input layer 
and the output layer, often known as a feature map (Fig. 3.8). Each node 
in the map space is associated with a weight vector with the same 
dimensionality as the input space (113). 
Self-organizing maps, like most ANNs, operate in two modes: training 
and mapping. Training uses a collection of input data, or the input 
space, to generate the map space, while mapping classifies additional 
input data using the generated map. Training involves competitive 
learning, where the elements of an artificial neural network, in a sense, 
compete against each other for the chance to respond to the input, so 
that only one node can win at any given time. These nodes are known 
as winner-takes-all nodes. The Euclidean distance between the weight 
vectors and the input vectors is computed, and the winner node is 
determined by the minimum Euclidean distance. The weights of the 
winning node, as well as of its nearest neighbors are subsequently 
adjusted in order to move the weights closer to the input vector. The 
adjustment of the weights of the nodes near the winning node is 
instrumental for preserving the order of the input space. As a result, 
similar inputs are mapped to similar regions in the output space, while 
dissimilar inputs are mapped to different regions in the output space. 
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Fig. 3.8  SOM feature map. The yellow model represents the best match, and the 
surrounding models (shown in red) are its neighbors. 
 
 
After updating the appropriate weights, the next iteration starts by 
presenting a new input vector to the updated nodes. With continued 
training, the size of the neighborhood decreases until the only node 
affected by the update is the winning node itself. The algorithm is 
complete when the positions of the nodes satisfy some predetermined 
condition of stability. A flowchart is shown in Fig. 3.9. After training, 
the map can be used to classify additional observations for the input 
space by finding the node with the closest weight vector, which 
corresponds to the smallest distance to the input space vector (113–
115).  
 

3.3.4 Validation of cluster consistency 
 
The Silhouette was used to evaluate the performance of the clustering 
methods. Proposed by Rousseeuw in 1987, it defines for each object in 
dataset, the measure of how this object is similar to other objects from 
the same cluster (cohesion, compactness) in comparison with objects of 
other clusters (separation). For each object, the measure can have values 
ranging from -1 to 1.  The higher value means better matching to cluster  
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Fig. 3.9 Flowchart of the SOM algorithm 
 
 
to which it should be classified and lower fitness to neighboring clusters 
(116). A value of 1 means the clusters are well apart from each other 
and are clearly distinguished, a value of 0 means the distance between 
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clusters is not significant, and a value of −1 means clusters are assigned 
incorrectly (117). The Silhouette score is calculated using the mean 
intra-cluster distance and the mean nearest-cluster distance for each 
sample (Eq. 1). 
 

 

 
 

Eq. 3.1. Silhouette score (116) 
 

3.4 Implementation 
 
The algorithm for this study was developed in Python 3.9 with the 
operating system Windows 11 Home version 22h2 from Microsoft. 
Python is a highly popular programming language worldwide, used 
extensively for web applications, software development, data science, 
and ML. It is a high-level language running on many different platforms 
and is free to download. By default, Python comes with a 
comprehensive standard library that includes a collection of commonly 
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used codes. In addition, a sizable number of Python libraries are 
available for various applications (118). The most popular libraries used 
for this work include Matplotlib, NumPy, OpenCV, and Scikit-Learn. 
Matplotlib is used to plot data in high-quality two- and three-
dimensional graphics. NumPy, short for Numerical Python, is used to 
efficiently create and manage arrays and perform linear algebra 
operations. It enables faster work with matrices and vectors. OpenCV 
(Open-Source Computer Vision Library) is an open-source library for 
computer vision, machine learning, and image processing. More than 
2,500 optimized algorithms are available in the collection, which can 
be used for a large number of tasks, such as detecting and recognizing 
faces, identifying objects, classifying human actions in videos, tracking 
camera movements and moving objects, recognizing scenery and 
establishing markers to overlay it with augmented reality. Scikit-Learn 
or Sklearn is the most useful and robust library for machine learning in 
Python. It is largely written in Python and is built upon NumPy, SciPy 
(which includes mathematical tools and algorithms) and Matplotlib. 
This library provides a selection of efficient tools for machine learning 
and statistical modeling including classification, regression, clustering 
and dimensionality reduction (119). 
 During the pre-processing phase, OpenCV and MoviePy, a video 
editing tool that can handle basic operations, were used to resize the 
videos and reduce the computational burden. The code simply cuts the 
height value in half. The width is then computed so that the width/height 
ratio is conserved. After resizing, video stabilization was essential to 
have smoother videos and more consistent tracking. OpenCV and 
NumPy libraries were used. Two video frames were captured, and the 
motion between the frames was estimated and corrected. 
 The next steps involved selecting the ROIs and obtaining the 
fluorescence intensity information over time after a tracking session. 
NumPy, OpenCV, and Matplotlib libraries were used. The dimensions 
of the ROIs (N, vertical and M, horizontal) were set to 5x5 pixels, while 
the number (n) of ROIs to 300. The ROIs were tracked using the 
OpenCV library. Specifically, the CRST (Discriminative Correlation 
Filter with Channel and Spatial Reliability) tracker was chosen due to 
its balanced performance in terms of both accuracy and speed. The 
ROIs section of the frame was switched from RGB to HSV color space 
and the mean of green intensity in the ROIs was obtained. To select 
randomly the ROIs and start the tracking algorithm, the "s" key on the 
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keyboard is pressed, while pressing the “q” key can prematurely stop 
execution. The ICG intensity-time curves and the Q and P matrices, 
which contain information about the light intensity values over time and 
the coordinates of the selected ROIs in the video, were stored at the end 
of the execution, which takes a few hours. The outcomes were saved as 
figures and matrices in a CSV file. Afterwards, the matrices were 
combined into a single 8100x898 matrix. This included all 27 videos, 
with each video represented by rows corresponding to the ROIs and 
columns corresponding to frames. 
 The fluorescence-time curves underwent pre-processing, including 
filtering and normalization. A Savitzky–Golay filter is a digital filter 
that can be applied to a set of digital data points for the purpose of 
smoothing the data, that is, to increase the precision of the data without 
distorting the signal tendency (120). Using Scikit-Learn, the dataset 
was normalized by subctracting the mean (μ) from the input data (x) 
and dividing it by the standard deviation (σ) along the columns.  
 Finally, K-means and SOM algorithms were utilized for clustering. 
A Pytorch implementation of the K-means clustering technique was 
employed. PyTorch is a machine learning framework built on the Torch 
library and used for applications like computer vision and natural 
language processing (96). The MiniSom library was employed to 
perform SOM clustering. Based on the only study published in the 
literature (105), the number of clusters was set to 25. The performance 
of the algorithms was evaluated using the Silhouette score.  
 
 



 
 
 
Chapter 4 
 

Results 
 

This chapter shows the results achieved using both K-means and SOM 
algorithms for clustering of fluorescence intensity-time curves. 
 Twenty-seven surgical videos each were analyzed, excluding those 
that had significant interference during angiography recording. 
Actually, when hands or surgical instruments pass in front of the camera 
or if there are sudden camera movements, the tracking of the ROIs 
within the frames can be interrupted. This interruption results in 
distorted measurements. Thus, the training dataset for the ML 
algorithms consisted of 8100 curves made up of 898 elements extracted 
from 300 ROIs for each of the 27 videos. 
 Figure 4.1 shows how the curve pattern differs depending on the 
location of the ROI within the image.  
 
 

 
              Panel a 
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  Panel b 
 
Fig. 4.1 ICG fluorescence angiography (panel a) and graphs of the ICG curves of 
some ROIs at different positions on the bowel (panel b). In each graph, the x-axis 
represents time (s), and the y-axis shows fluorescence intensity (AU).
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4.1 K-means 
 
K-means clustering algorithm requires each cluster to be created based 
on centroids, which are representative points of the reference class. 
Figure 4.2 shows the 25 clusters obtained with the K-means algorithm, 
while the reference centroids for each cluster of ICG curves are depicted 
in Fig. 4.3. 
 

  
 
Fig. 4.2  Indocyanine green curve patterns, categorized as a consequence of K-means 
clustering 
 
 
Good perfusion is identified by a fluorescence-time curve as that shown 
in Figure 2.3. A few clusters, such as 10 and 14, exhibit a similar trend 
to that of the expectations. 
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Fig. 4.3  Classified indocyanine green curve centroids as the results of K- means 
clustering. 
 

4.2 SOM 
 

SOM involves the creation of clusters on the basis of the vectors of the 
weights, which are supposed to represent the trend of the cluster. Figure 
4.4 shows the 25 clusters obtained with the SOM algorithm. The vectors
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of the weights for the various classes realized by SOM clustering are 
shown in Figure 4.5 
 

 
Fig. 4.4  Indocyanine green curve patterns as a consequence of SOM clustering 
 
 

 
Fig. 4.5  Indocyanine green curve weight vectors 
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A matrix displaying the occurrences of different classes and the 
locations of the weight vector centers can be seen in Figure 4.6. 
 

 
 
Fig. 4.6  Occurrence matrix. Depending on the similarity between a class and its 
neighboring cells, the intensity of the cell color increases. 
 
 
4.3 Comments 
 
When examining the clustering results, the following observations may 
be made: 
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• curves near the transection zone have a longer latency period 

because it takes more time for the fluorescence dye to reach that 
area compared to more proximal areas in the colonic stump; 

• some curves have peaks as a result of environmental issues 
caused by reflections from the operating room lighting; 

• several ROIs shown a fluoresce–time curve that appears 
significantly different from the reference curve and is less 
intense because some sections of the operational plane reflect 
green light; 

• some curves ended prematurely due to a sudden movement of 
the camera, causing the tracker to lose its ROI; 

• one class is noticeably more populated than the others, with 
6126 curves in the occurrence matrix for the SOM. All curves 
that are a part of the backdrop ROIs are contained in this class; 

• some clusters show a curved pattern which closely resembles 
the one observed in well-perfused areas, as reported in the only 
study found in the literature (105). 
 

4.4 Cluster validation 
 
The performance of the clustering methods was evaluated using the 
silhouette score. Table 4.1 shows the results of the 25 tests conducted 
for each algorithm. The coefficients for both types of clustering are 
strong and positive, indicating that the clusters are clearly distinct from 
each other. The mean silhouette coefficient for K-means was 0.760 ± 
0.007, while the SOM showed more variation, with a mean of 0.628 ± 
0.052. 
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Table 4.1. Silhouette Coefficient for K-means and SOM 

 
 



 
 
 
Conclusions 
 

This thesis work involved a close cooperation between clinicians and 
surgeons. It represents the current state of a research project aiming to 
develop a ML-based decision-support system that can automatically 
and objectively evaluate the quality of bowel perfusion during 
colorectal surgery. The introduction of such a system into surgical 
practice is an ambitious goal. However, it can provide valuable 
indications during surgery, particularly for less experienced surgeons, 
ultimately enhancing postoperative outcomes and benefiting both 
patients and the healthcare system.  
 The research project started by using AI to assess bowel perfusion 
through fluorescence intensity. Then the focus shifted towards a more 
complex issue, namely the trend of fluorescence intensity over time. 
For this purpose, videos of colorectal surgeries were retrieved and, after 
preprocessing, used to extract fluorescence intensity-time curves from 
multiple ROIs. K-means and SOM clustering were performed to obtain 
curve patterns. The subsequent step will be to perform risk labelling on 
each classified pattern using data on patient complication. Therefore, 
the learned network will be able to assess the risk and determine 
whether a region of the bowel, particularly the anastomosis, is properly 
or improperly perfused. This system may also be developed to provide 
the optimal bowel transection line as the output. 
 When evaluating the performance of both algorithms, neither one 
outperformed the other by a large margin. After 25 trials, the Silhouette 
coefficients were quite stable and reached a mean of 0.760 and 0.628.  
Clustering may be further improved. Indeed, there are several 
challenges involved in video acquisition, image presentation, and 
algorithm development. Environmental factors have affected the 
accuracy of measurements. As a matter of facts, it may be challenging 
to apply an optimally standardized acquisition method in the operating 
room. This negatively impact the size and quality of the dataset. The 
passing of hands or surgical instruments can interrupt the tracking of 
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the ROIs within the frames and should be minimized. Using a 
mechanical holding arm can help maintain a consistent distance and 
minimize sudden camera movements. Environmental light, even in 
small amounts, can cause inconsistencies in data acquisition. Although 
using HSV made the algorithm less sensitive to image lightness, this 
issue could be more specifically addressed through normalization 
during the data acquisition process. To ensure a consistent blood flow 
in the bowel wall, which affects the fluorescence intensity, it may be 
possible to continuously monitor systemic perfusion factors using an 
advanced platform. This will help maintain their stability within a 
predetermined range. Another issue is the placement of the ROIs, as 
many of them are not positioned within the bowel area, which results in 
obtaining information only from the background. A potential future 
development could involve evaluating the positioning of the ROIs 
specifically in the bowel areas. Moreover, the research group is 
considering acquiring longer videos and performing clustering by using 
some features of the fluorescence intensity–time curves, such as AUC, 
time-to-peak, maximum intensity fluorescence, and slope. 
 Importantly, the clustering process used in this study did not rely 
on preexisting external software for data acquisition and constitute a 
good starting point to build a neural network capable of assessing risk 
for AL. To ensure effective data labeling for classification purposes, it 
is important to establish a seamless and improved coordination between 
engineering and operating room activities, preferably in a multicenter 
setting. 
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