
 

 

저 시-비 리- 경 지 2.0 한민  

는 아래  조건  르는 경 에 한하여 게 

l  저 물  복제, 포, 전송, 전시, 공연  송할 수 습니다.  

다 과 같  조건  라야 합니다: 

l 하는,  저 물  나 포  경 ,  저 물에 적 된 허락조건
 명확하게 나타내어야 합니다.  

l 저 터  허가를 면 러한 조건들  적 되지 않습니다.  

저 에 른  리는  내 에 하여 향  지 않습니다. 

것  허락규약(Legal Code)  해하  쉽게 약한 것 니다.  

Disclaimer  

  

  

저 시. 하는 원저 를 시하여야 합니다. 

비 리. 하는  저 물  리 목적  할 수 없습니다. 

경 지. 하는  저 물  개 , 형 또는 가공할 수 없습니다. 

http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/


















Colorectal cancer is one of the most important diseases in which early 

diagnosis can make a significant difference. Colonoscopy is the most 

commonly used method for early diagnosis of colorectal cancer. Recently, 

studies have been actively conducted to obtain more information from 

colonoscopy images by applying image processing methods, where polyp 

detection is an important factor for the early diagnosis of colorectal cancer. 

Since the size and shape of the polyps are variable, it is not easy to find them 

with human eye due to the nature of the colon wall that continues to move.  

So, this study intends to develop a system that could automatically detect 

polyps by applying image processing and machine learning methods to 



colonoscopy images. 

In addition, it is also anticipated to provide various useful information to 

clinicians performing colonoscopy. In this study, 7 meaningful information that 

can be useful for clinicians are defined and extracted with respect to time 

information. This information is classified as bleeding, instruments, 

polypectomy, residue, inflated, non-inflated, and no-fold. 

Next, the directions of the colonoscopy scope are also classified. It is 

extremely important to determine the time-location of the cecum, i.e., the 

cecal intubation time, since the reaching the appendix orifice is a major factor 

in determining whether a colonoscopy has been successfully performed. If 

the direction of the colonoscopy scope is classified, the cecal intubation time 

can be calculated as the insertion movement phase. Also, the withdrawal 

movement phase can be automatically calculated. 

All the results from the above processes are visualized for efficient 

delivery and organized as a summary report. The proposed novel summary 

report of colonoscopy with timeline visualization provides meaningful and 

formulated colonoscopy video information 

Under the Institutional Review Board (IRB) approval of Seoul National 

University Hospital, 113 colonoscopy video were collected. Support Vector 

Machine (SVM) model was used to classify colonoscopy images into 7 types. 

The mean, variance, skewness, correlation, contrast, Laplacian energy, 

energy of gradient, and scale invariant feature transform values were used as 

feature of SVM and performed with 5-cross validation. 

Inflated, non-inflated, and no-fold frames were applied to polygon 

detection algorithms learned by SVM. Here, the same features as above are 

used, and gray-level co-occurrence matrix values are used. 

Moreover, the motion vector was calculated by the Horn-Schunk 

algorithm in order to detect the direction of the colonoscopy scope. Based on 

this value, the convolutional neural network deep learning technique was 

used to classify the insertion and withdrawal phases. 



Finally, all of the above information was quantified as time information and 

visualized as a summary report of colonoscopy video (SRCV). 

For 113 colonoscopy images, the mean accuracy and sensitivity of the seven 

categories were 93.7% and 87.4%, respectively. The accuracy in polyp 

detection was 82.1% and the positive predicted value was 39.3%. 

The classification of the direction of the colonoscopy scope was trained and 

evaluated by convolutional neural network (CNN) using a total of 328,927 

image frames with an overall average accuracy of 95.6%. The recall and 

precision for the entry movement were 95.8% and 97.6%, respectively and the 

recall rate and precision for the recall movement were 94.6% and 96.9%, 

respectively. At the value t = 30 sec obtained from the study, the position of the 

cecum was detected with an accuracy of 96.7%. 

In this study, image processing methods and machine learning methods have 

been applied to colonoscopy images to quantify and visualize the direction of 

the scope and 7 meaningful information as type of timeline. Through the results 

of this study, it is expected to contribute to the improvement of quality of 

medical service by assisting in the detection of polyps and re-observing 

colonoscopy images or sharing information with other clinicians and other 

hospitals. 
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1. Introduction 

 

1.1. Colonoscopy Diagnosis and Colorectal 

Cancer 

 

Colorectal cancer (CRC) is the fourth leading cause of cancer deaths 

worldwide [1]. Conventional white light colonoscopy is considered the gold 

standard screening test for CRC, as several prospective studies with a large 

number of cases have demonstrated that conventional colonoscopy with 

polypectomy reduces CRC’s incidence by 40~90%. Because of this, the 

demand for colonoscopy continues to increase [2].  

It is well known that adenomas develop into high grade dysplasia and 

carcinomas, that eventually lead to the development of CRC, thus, the adenoma 

detection rate (ADR) has become increasingly important as an index of the 

quality of screening and surveillance colonoscopy [3]. However, colonoscopy 

is not perfect. The miss rate of colonoscopy for polyps has been reported to be 

up to 22%, and the rate of interval cancer is between 3% and 6% [4, 5]. 

Furthermore, ADR, which represents the effectiveness of colonoscopy, relies 

heavily on the physician's experience and skill [6, 7]. A polyp is an abnormal 



growth of tissue and is one of the most common diseases in the intestine [1]. 

Since all colon and rectal cancers originate from them, it is crucial to detect 

polyps at an early stage and treat them before they develop into cancer cells 

(Fig. 1.1) [8]. Colonoscopy is the most commonly used method to detect 

polyps and most available method [9]. For this reason, the demand for 

colonoscopy continues to increase. 

  



 

 

Figure 1.1. Progression of polyps into colorectal cancer [10]. 
  



Colonoscopy is a test consisting on the insertion of a special camera called a 

colonoscope into the rectum, in order to observe the distal part of the small 

intestine and colon adjacent to the inner and large intestine. Most modern 

colonoscopes are 1.3~1.7 m long, with a camera attached to the end of a 

flexible tube with a fiber optic cable. Colonoscopy is a particularly important 

test for the diagnosis of colorectal cancer and inflammatory bowel disease. If 

there is sudden abnormality in the stool of a patient, a colonoscopy is 

recommended [11]. It also has a therapeutic purpose of directly diagnosing the 

eye by looking at the mucous membrane of the large intestine, hemostasis as 

needed, histological examination or removing a suspicious lesion (Fig. 1.2). 

In recent years, various instruments and techniques have been used to treat the 

hemorrhage at the bleeding site or to remove the polyps and tumors in the 

mucosa.  
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Colonoscopy is performed by inserting a colonoscope through the anus and 

observing the inside of the large intestine by capturing images (Fig. 1.3). The 

large intestine is in the form of a corrugated tube with an average length of 

about 1.5~1.6 m, with contraction and peristalsis. During the examination, the 

colonoscope moves in the opposite direction to the direction of the intestinal 

tract. The air is appropriately insufflated into the large intestine, and the fluid 

and fecal remnant are aspirated. 

  



Figure 1.3. Insertion and progress of colonoscope [13]. 
  



The detection rate of polyps or lesions may vary according to the degree of 

clearance of the large intestine, or the size and location of the lesions. In the 

case of the expert, the cecal intubation rate does not reach 100% [14]. In the 

case of the polyp, the quality of the colonoscopy is evaluated by the detection 

rate of the polyp in the general population and the insertion rate of the cecum 

[15, 16]. 

  



1.2. Colonoscopy Video Structuring 

 

1.2.1. Video Storage Process 

 

As IT and digital technology develops, colorectal colonoscopy video can be 

easily stored as digital files [17]. Images from the colonoscope's special 

cameras are displayed in real-time on an observation monitor and are 

simultaneously compressed and stored as video files. During the course of the 

colonoscopy, the doctor can press the pedal to store the still images separately 

if there is an area of interest to be recorded. Colonoscopy video shows simple 

patient and time information, so it is easy to check these in the stored images. 

In addition to checking the stored video files, it is also easy to transfer or share 

the files between the colonoscopy dedicated equipment and the computer. 

Olympus Endoscopic Video Imaging System (EVIS) the most commonly used 

colonoscopy equipment. In this study, Olympus CV260 (Olympus, Tokyo, 

Japan) equipment was used. The information for that device is shown in Figure 

1.4. A Xenon lamp with a color temperature of 5,900K & Luminous emittance 

of 5,000lm was used as the light source of the colonoscope.  

  



 

 
Figure 1.4. Olympus equipment used for colonoscopy video storage in this 
study.  



This study recorded colonoscopy video from the Department of Internal 

Medicine, Seoul National University Hospital, SNUH (Seoul, Korea). In the 

case of SNUH, all medical data obtained is stored through the picture archiving 

and communication system (PACS). Colonoscopy images are also acquired 

through the Olympus equipment and then stored in the PACS computer. 

 

 

 

  



1.2.2. Video Type Classification 

 

The sequence of adenoma, followed by high-grade dysplasia, and carcinoma 

eventually leads to CRC development. Thus, the adenoma detection rate (ADR) 

is an important index of the quality of screening and surveillance colonoscopy 

[2]. However, ADR is largely determined by the subjective judgment of the 

physician and relies heavily on the technique and expertise of the 

colonoscopists [6, 7]. Overlooked colorectal adenomas due to a low ADR 

during colonoscopy can lead to the development of interval cancer [4, 11]. The 

miss rate of colonoscopy for polyps has been reported to be as high as 22%, 

and the rate of interval cancer is between 3% and 6% [5]. Hence, endoscopy 

centers or clinics with inexperienced medical staff in rural areas could benefit 

from using image processing software to detect polyps [18-20]. Additionally, 

experienced colonoscopists may also miss polyps because of various factors 

such as fatigue, patient status, equipment quality, preparation quality, start time, 

and other circumstances [21-25]. 

Polyps and observation of polypectomy sites and bleeding regions are 

important findings on colonoscopy [26]. Given that the purpose of colonoscopy 

itself is to detect polyps, it would be meaningful to find them in colonoscopy 

videos through image processing techniques [27]. In particular, assistance by 

image processing techniques can be of great help, since the detection of polyps 

in the colonoscopy process can vary due to many factors such as physician 



condition, surroundings conditions, concentration, and intestinal clearance [18-

20, 25]. Observation of the polypectomy site is necessary to confirm whether 

ablation and clipping are done well and whether bleeding is present [28]. In 

addition, identifying where the polypectomy has been performed in the large 

intestine is also helpful for future follow-ups. Before and after polypectomy, 

injecting materials or ablating polyps requires high proficiency. The physician's 

instruments skill during colonoscopy and polypectomy can be checked by 

reviewing the video [29].  

In addition, intestinal clearance can be evaluated by examining the stool and 

other residues [30]. Intestinal clearance is a very important index in order to 

perform colonoscopy and has a great effect on the cecal intubation rate and 

adenoma detection rate [31]. The quality assessment of colonoscopy may be 

affected by intestinal clearance. Related research is being conducted in the 

capsule endoscopy field, but we demonstrated that these observations can be 

utilized, not only for capsule endoscopy, but also for colonoscopy [32, 33]. 

Images obtained on colonoscopy can be easily stored as digital video files, 

allowing re-observation by a physician as needed. Re-observation is necessary 

in many cases, such reviewing a performed colonoscopy, finding a missed 

polyp, changing hospital or doctor, or conducting clinical studies [17, 20]. 

However, re-observing video files is burdensome due to the time and 

concentration it requires [34]. To alleviate this problem, a method for analyzing 

and summarizing the colonoscopy videos using image processing technique is 

needed [35].  



Taken together, there is a need for a system to automatically detect significant 

information, including polyps, and make it accessible to the physician. 

  



1.2.3. Colonoscope Direction Classification 

 

Cecal intubation time (CIT) provides various data, which may be important 

indicators [15, 16]. In addition, when performing colonoscopy, the cecum is the 

turning point that determines the insertion phase and withdrawal phase of the 

colonoscope, that is, the colonoscopist inserts the colonoscope close to the 

appendix orifice and withdraws it from the cecum [14]. However, there are 

individual (i.e., patient and colonoscopist) differences in the sequence and 

process of advancing the colonoscopy [36-38]. Thus, obtaining information 

about the time-location of the cecum in the colonoscopy procedure is very 

useful.  

Information about the time-location of the cecum can also be helpful when 

checking colonoscopy videos [39]. Because analyzing a video requires much 

time and concentration, it places a great burden on the physician, especially 

when the doctor re-watches the video or shares the video due to change of 

doctor or hospital [34]. Knowing the time-location of the cecum can help 

physicians distinguish the insertion phase and the withdrawal phase—where 

most detailed examination is undertaken—of the colonoscope, which can help 

reduce the burden on video observation [40, 41]. Furthermore, the CIT and 

withdrawal phase can also be useful as metadata [42, 43]. The location of other 

anatomic sites such as the T-colon and S-colon can be inferred on the 

assumption that the location of the cecum is known (Fig. 1.5) [44].  
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Moreover, the movement data of the colonoscope can be utilized for 

proficiency assessment [46]. Since insertion and withdrawal are technically 

different movements, the pattern, combination, and repetition of 

insertion/withdrawal/stop can be utilized to express individual features of the 

colonoscopist and to assess proficiency [47-49]. Thus, it is necessary to detect 

the direction of the scope’s movement and time-location information of the 

cecum.  

Recently, with advances in computer technology and equipment, 

colonoscopists do not need to record these data anymore [50]. In various 

medical fields, systems that automatically record medical reports are being 

developed [51, 52]. 

Horn-Schunk algorithms are the most popular differential algorithms that have 

been used for many applications and have been referenced for many 

performance evaluation models [53]. The Horn-Schunk algorithm is a 

technique used to identify the image velocity or motion vector based on spatial 

temporal gradient technique that computes the image velocity from 

spatiotemporal derivatives of the image intensity [54, 55]. Through this 

algorithm, we can compute the pixels’ motion change between consecutive 

frames [56]. In other words, it is possible to know the direction of movement 

of the pixels in the current frame relative to the previous frame, allowing to 

determine the direction in which the current frame is moving. Therefore, we 

aimed to provide more useful information to physicians by recording the 

direction of the scope’s movement and time-location of the cecum using Horn-

Schunk algorithm by applying convolutional neural network (CNN). 



 
1.3. Objectives and Scope  

 

Recently, studies have been actively conducted to acquire more meaningful 

information from colonoscopy images by applying image processing methods 

and deep learning method. Because polyps are highly likely to develop into 

colorectal cancer, colonoscopies provide very useful and important information. 

The polyps are not easy to detect because their size and shape differs and the 

intestinal mucosa continues to move irregularly. In addition, the discovery of 

polyps is influenced by many factors, including environmental conditions, 

physician's condition, concentration, patient's intestinal clearance. Even with 

the doctor's subjective judgment, the results may vary. 

For this reason, the first goal of our study is to detect the polyps. In order to 

assist the discovery of polyps, we will develop a system that can automatically 

detect polyps by applying image processing methods and machine learning 

methods to colonoscopy images. In addition, we intended to extract meaningful 

information that can be useful for clinicians in colonoscopy. The purpose of this 

study is to define seven types of meaningful information that can be helpful for 

clinicians in colonoscopy and to classify and quantify them. The definition of 

meaningful information was obtained through a focus group interview with 

Gastroenterology fellow from Seoul National University Hospital. These 7 data 

items are classified as bleeding, polypectomy, instruments, residue, inflated, 



non-inflated, and no-fold. Polyps are extracted from inflated, non-inflated, and 

no-fold frames. With the results, it will be easy to see how the colonoscopy 

images are distributed by type.  

In the second step, we want to classify the direction of the colonoscopy scope. 

It is of great clinical importance to determine the time-location of the cecum, 

i.e., the cecal intubation time, since reaching the cecum is a major factor in 

determining whether a colonoscopy has been successfully performed. 

Therefore, if the direction of the colonoscopy scope is classified, the cecal 

intubation time can be automatically calculated as the insertion movement 

phase. Also, the withdrawal movement phase can be automatically calculated 

too. 

 All the results from the above processes will be visualized for efficient 

delivery and organized into a summary report. The proposed novel summary 

report of colonoscopy with timeline visualization will provide meaningful and 

structured colonoscopy video information. 
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2. Materials and Methods 

 

2.1. Colonoscopy Video Acquisition 

 

2.1.1. Study Design and Population 

 

This prospective, single-center study enrolled patients aged 19 to 75 years who 

underwent colonoscopy for screening, surveillance, or therapy such as 

polypectomy at Seoul National University Hospital, a tertiary referral center in 

Korea, from August 2016 to December 2016. Potential participants were 

excluded if they had a previous history of colorectal resection, severe 

constipation, idiopathic pseudo-obstruction, acute exacerbation of 

inflammatory bowel disease, impaired renal function (glomerular filtration rate 

<30 mL/min/1.73 m2), other serious medical illnesses (major cardiac, 

metabolic, or psychiatric illness), or if they were pregnant or lactating. This 

study was approved by the institutional review board of the Seoul National 

University Hospital (IRB No. 1509-062-703, approval date July 13, 2016), and 



it was conducted in accordance with the Declaration of Helsinki. Written 

informed consent was obtained from all participants.



2.1.2. Colonoscopy Procedure 

 

All patients received standard bowel preparation including 4 L of polyethylene 

glycol solution. All colonoscopies were performed by two experienced 

colonoscopists, who have performed >10,000 colonoscopies and are certified 

by the Korean Society of Gastrointestinal Endoscopy. Colonoscopies were 

performed with a high-resolution endoscopy device CV260. The size, location, 

morphology (Yamada type), and histology of all polyps detected during the 

procedure were reported. Bowel preparation quality was assessed using the 

Boston bowel preparation scale [31]. Adequate bowel preparation was defined 

as a score of 2 for each location [57]. The ADR, defined as the number of 

colonoscopies with at least one adenoma detected, divided by the total number 

of colonoscopies was calculated. 

  



2.1.3. Acquisition of Colonoscopy Video File 

 

In this study, colonoscopy was performed using a high-resolution colonoscopy 

device CV260. Colonoscopy videos were acquired using a video capture card 

(SkyCaputre U6T, Skydigital, Seoul, Korea), after signal branching from the 

CV260.  

The video was converted to an Mpeg4 format to avoid alteration of the 

resolution, and the resolution was 1920 1080, 30fps. Videos were acquired 

from 113 patients, and the play time was about 20~40 min. The colonoscopy 

video was decomposed into frames. A frame was extracted as a PNG file per 

0.5 s using Virtualdub software. All frames were cropped to 850 750 pixels 

to extract only the colonoscopy area, excluding patient information and the 

settings. 

  



2.1.4. Sample Size Calculation and Statistical 

Analysis 

 

Statistical analyses were performed using SPSS 18.0 software (SPSS version 

18.0 for Windows, SPSS, Chicago, Ill., USA). Assuming that the accuracy of 

the system in detecting polyps was 80% and that of colonoscopy performed 

by a professional colonoscopist was 90%, a sample size of 180 polyps was 

required to detect this difference with 80% power and an α of 0.05. According 

to several previous studies, about 72 polyps were detected with conventional 

colonoscopy in 40 patients. Therefore, we assumed that a sample size of 100 

patients would be sufficient to detect 180 polyps. 

The actual polyps detected by colonoscopists during colonoscopy and the 

proposed polyps detected by the system were compared to determine the 

sensitivity. Continuous variables were calculated as the mean ± standard 

deviation and categorical variables as the number (%). Student's t-test was 

used to compare continuous variables, and the  test was used to compare 

categorical variables between the 2 groups. The relative risk and 95% 

confidence interval of the significant factors were calculated. A p-value  

<0.05 was considered statistically significant. 

 
  



 

Figure 2.1. Acquisition of Colonoscopy Video File. 
  



2.2. Informative Frame Classification 

 

Due to the colonoscopy video’s play time is long and have much noise, it is 

inefficient to use the whole video [58]. It is more efficient to extract the frame 

which is necessary to re-observe or applied to image processing, in the whole 

video [59]. In the colonoscopy video, the frames that have meaningful 

information is called as informative frame, and the other is called as non-

informative frame [60]. In this study, only informative frame were used for 

image processing. The criteria for classification of informative frame and non-

informative frame were as follows: presence of noise such as color separation 

phenomenon, blur caused by motion, and non-observable screen such as 

excessive dark, brightness, enlargement screen. Difficult to analyze or 

meaningless frames that had color separation, blurring caused by motion, 

excessive darkness, brightness, or enlargement of the screen were classified as 

non-informative frames. These frames were recorded in the summary report, 

but they were not used for image processing. 

  



 
 

 

 
Figure 2.2. Informative frame classification. 
  



The colonoscopy video is decomposed into frames. A frame is extracted as 

PNG file per 0.3 sec by using Virtualdub software. And all frame were cropped 

to 850×750 in order to extract only colonoscopy area with excluding patient’s 

information and settings. 

  



Figure 2.3. Colonoscopy frame pre-processing. 
  



 

To classify the informative frame and non-informative frame, the support 

vector machine (SVM) of matlab were utilized [61]. The SVM of matlab is 

suitable for image classification, because SVM of matlab is commonly used to 

classify the data with finding the hyperplane by using the various features [62]. 

The mean, variance, skewness, correlation, contrast, energy of laplacian, energy 

of gradient values were acquired from the decomposed frames, and these values 

were used as features of SVM model to classify the informative frame and non-

informative frame.  

SVM model were performed with method of 5-cross validation [61]. Before 

training the SVM model with training data set, dividing all frames to 

informative frame and non-informative frame manually is preceded to get the 

training data set. SVM model could set up the optimized parameter and frame 

image’s information which can classify the images most efficiently by 

performing the 5-cross validation [62]. Informative frame and non-informative 

frame were classified through applying the trained SVM model to frame images. 
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2.3. Type classification 

 

2.3.1. Overview 

 

The informative frames were classified into 7 types: bleeding, polypectomy, 

instruments, residue, inflated, non-inflated, and no-fold (Fig. 2.5). 

 “Bleeding” refers to a frame containing bleeding regions, and it can be used 

to check internal bleeding or other lesions and monitor for bleeding caused by 

the scope during colonoscopy.  

“Polypectomy” refers to a frame containing polypectomy or injection regions; 

it can be used to confirm whether ablation and clipping have been performed 

and whether bleeding is present at the resected area after polyp ablation.  

“Instruments” refers to a frame containing instruments for biopsy, 

polypectomy, injection, or others. These frames can be used to monitor details 

of the physician's actions during colonoscopy.  

“Residue” refers to a frame containing stool or other material remaining inside 

the large intestine and disturbing observation, which can be used to evaluate 

intestinal clearance.  



Other frame types were as follows: inflated, non-inflated, and no-fold, 

meaning frames containing inflated, many non-inflateds, and flat intestinal wall 

with no wrinkles, respectively. After classification, these frame were applied to 

the polyp detection algorithm to optimize image processing and machine 

learning. 

  



 

Figure 2.5. (A) Classification of non-informative frames and informative 

frames (B) The classification of informative frames into 7 types: bleeding, 

instruments, polypectomy, residue, no-fold, inflated, and non-inflated. 

(Figure courtesy of Springer Nature, license number: 4637941460616) 
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2.3.2. Hierarchical Classification 

 

In this paper, we applied the SVM model hierarchically according to the 

optimized order. With this method, 7 frame types were classified and were used 

to optimize the polyp detection algorithm. 

First, the “bleeding” frames were extracted from the other frame types. These 

could be classified easily because of their distinctly red color [63-65]. Next, 

“polypectomy” frames were extracted. These were easily identified by their 

unique blue color, which is rare in the large intestine [66, 67]. Third, 

“instruments” frames were extracted by identifying the color of metal, which is 

heterogeneous in the large intestine [68]. Fourth, yellow, brown or green frames 

were classified as stool or residue [69] In the above 4 steps, the SVM models 

used the following red, green, blue channel values: mean, variance, median, 

correlation, contrast, percentage of all pixels with values of 0-63, percentage of 

all pixels with values of 64-127, percentage of all pixels with values of 128-

191, and percentage of all pixels with values of 192-255. After extraction, all 

frames labeled “bleeding,” “polypectomy,” “instruments,” and “residue” were 

recorded into the summary report and were not used in the next step. 

Next, the frame types “inflated,” “non-inflated,” and “no-fold” were identified 

to train the polyp detection algorithm. Because the specificity of the 3 types of 



frames differed, it was inefficient to apply one polyp detection algorithm to 3 

type frames uniformly. Since the performance of the SVM model used in the 

polyp detection algorithm was based on the training dataset, the training of the 

polyp detection algorithm was performed differently according to each type to 

increase the accuracy of the SVM model. For this reason, it was necessary to 

classify these 3 frame types separately to optimally train the polyp detection 

algorithm. 

Fifth, “inflated” frames were extracted by using the linear feature. The scale-

invariant feature transform (SIFT) value was utilized to check linearity [70]. 

The SIFT was used as the standard to express pixel direction and gradient 

distribution. Finally, the “non-inflated” and “no-fold” frames were separated. 

These were classified based on the curvature via SIFT value and texture value. 

A gray-level co-occurrence matrix (GLCM) was used as the texture parameter 

[71]. 

  



Figure 2.7. Overall structure of hierarchical support vector machine and 

application of the summary report of the colonoscopy video. 

(Figure courtesy of Springer Nature, license number: 4637941460616) 

  



2.3.3. Polyp Detection 

 

In this research, we applied the SVM model hierarchically according to the 

optimized order (Fig. 2.7). With this method, 7 frame types were classified 

and were used to optimize the polyp detection algorithm. The frame image 

applied to the polyp detection algorithm was inefficiently large. The polyp 

detection algorithm had difficulty detecting polyps at the original frame size 

because most polyps were less than a quarter of the frame image. To resolve 

this problem, the 3 types of frames were divided into smaller sizes before 

being analyzed. To avoid missing polyps during division, a sliding window 

method was used (Fig. 2.8) [72]. Although this increased the amount of data 

to process, it prevented loss of polyps. The size of the image was 850×750 

pixels, and the size of the sliding window was set at 350×350 pixels with a 

100 pixel interval, considering the polyp’s size. Finally, 30 divided window 

images were acquired from a single frame. The polyp detection algorithm was 

applied to the divided window images, and the frame number of the window 

image was recorded when the algorithm detected a polyp. Because the time 

information of the frame can be calculated with the frame number, the time 

when polyps were found could be confirmed in the summary report.  
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For the 3 types of frames, the SVM model was used as the polyp detection 

algorithm to classify the polyp and non-polyp window images with various 

classifiers [73-77]. The polyp detection algorithm was trained using 5-fold 

cross-validation with the polyp dataset that was selected for each type by 

fellow doctors and a professor in the Department of Gastroenterology.  

  



2.4. Colonoscope Direction Classification 

 

2.4.1. Overview 

 

In order to analysis the direction of scope’s movement, the Horn-Schunck 

algorithm was used to compute the pixel’s motion change between consecutive 

frames. Horn-Schunk-algorithm applied images were trained and tested 

through convolutional neural network deep learning methods, and classified to 

the insertion, withdrawal and stop movements. Based on the scope’s movement, 

the graph was drawn with a value of +1 for insertion, -1 for withdrawal, and 0 

for stop. We regarded the turning point as a cecum candidate point when the 

total graph area sum in a certain section recorded the lowest. 



Fi
gu

re
 2

.9
. O

ve
rv

ie
w

 a
nd

 p
ro

ce
ss

 o
f s

co
pe

’s
 m

ov
em

en
t c

la
ss

ifi
ca

tio
n 

[1
17

].



2.4.2. Motion Vector Calculation 

 

Horn-Schunk algorithms are the most popular differential algorithms that have 

been used for many applications and have been referenced for many 

performance evaluation models [53]. The Horn-Schunk algorithm is a 

technique used to identify the image velocity or motion vector based on spatial 

temporal gradient technique that computes the image velocity from 

spatiotemporal derivatives of the image intensity [54, 55]. Through this 

algorithm, we can compute the pixel’s motion change between consecutive 

frames [56]. In other words, it is possible to know the movement direction of 

the pixels in the current frame relative to the previous frame; thus, it is possible 

to determine the direction in which the current frame is moving. 

 The equation for calculating the optical flow is as follows [78]: 

 

                  (1) 

The equation (1) is acquired by numerical procedure for error function 

minimization. The error function E is defined in terms of spatial and time 

gradients of optical flow vector field. Correlation of two terms are shown in 

equation (2)-(6). 

                  (2) 

                   (3) 



 

 

              (4) 

                (5) 

                      (6) 

 

 E(x, y, t) means luminance if the image in point (x, y) at time moment t. In 

order to solve the minimization problem, a steepest descent method is used 

which is based on computation of gradient to determine the direction of search 

for the minimum. First step, gradient coefficients are computed 

from input images. As shown in equation (5), the coefficients represent 

predicted value of the image gradients in space & time. Second step, the optical 

flow vector u and v defined by equation (6) are computed. Depending on image 

content, the number of iteration steps must be chosen. 

As the Horn-Schunk algorithm can only estimate small motions and compares 

the current frame with the previous frame to calculate the motion vector, the 

time interval between the two frames has a significant effect on the outcome. If 

the interval is too large, the calculation error will increase beyond the small 

motion, and if the interval is too small, the movement of the scope will not be 

considered sufficiently. Considering this limitation, we extracted the frame per 

0.5 seconds. 
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Because the image inside the large intestine had varied shapes and colors 

depending on the conditions of position, health status, and patient’s condition, 

it is advantageous to remove other information from the frame image for 

training, leaving only information about the position using Horn-Schunck 

algorithm. After Horn-Schunck algorithm application, we acquired the image 

shown in Figure. 2.10 by expressing the direction change of the pixels inside 

the frame in color. Since all elements inside the frame do not move in the same 

direction consistently, various colors appear mixed, as shown in Fig. 2.10. To 

understand the pattern of colors according to these positions, we used CNN 

deep learning in the next step.  



2.4.3. Scope’s Movement Classification  

 

In this paper, Horn-Schunck algorithm-applied color images were classified 

into three types: insertion, withdrawal, and stop. Among 113 patients with 

visual 1case failed to reach the cecum were excluded. Therefore, frames from 

colonoscopy images of 112 patients were classified as insert, withdrawal, and 

stop as the standard for deep training set. To make a standard setting, a 

colonoscopy video was reproduced at a speed of 0.7 times, and a user observing 

it pressed the direction key of the keyboard in real time. The up, down, and 

space buttons were matched to insert, withdrawal, and stop, respectively, and 

the frames were classified based on the input keyboard values. Five 

colonoscopist with more than 5 years experienced participated in this work, and 

the values selected by more than three were used as the standard [79, 80]. An 

overview of the entire process is shown in Figure 2.9. 

CNN deep learning was applied based on the standard created above. Horn-

Schunck algorithm-applied color images were used as training data and test 

data. Unlike previous research using SVM, we used CNN, a deep learning 

technique, because it was difficult to select features from the Horn-Schunck 

algorithm-applied color image [81]. 

The CNN structure and training procedure are described in Figure 2.11. The 

network architecture consisted of an input stage, a feature extraction stage with 



three convolutional layers, and an output classification stage (82). The input 

stage received the Horn-Schunck algorithm applied color image which was 

converted to 170*150 pixels. The feature extraction stage that followed a triple 

ternary convolution block structure was composed of convolution, pooling, and 

activation functions. The rectified linear unit (ReLU) activation function and 

max polling layer were placed after each convolutional layer (83). The 

classification stage included fully connected layers and a dropout function 

(drop rate of 0.5) and provided an output from a Softmax function. Fully 

connected layer were classified into three classes using the Softmax function. 
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The learning was carried out with batch size 128 (set by experimental trials) 

images. The model is optimized for hyper-parameters by a randomized grid 

search method (84). We initialized search ranges to be [   

], [0.8 0.99], and [  ] for the learning rate, SGD, 

and L2-regularization parameters, respectively.  

Finally, the trained network was validated using the 5-fold cross-validation 

method (85). Five groups of data were established such that four groups were 

used for training and the remaining groups were used for validation (86). Each 

group was designed to participate in validation in turn. The performance was 

measured using the mean of the validation results for each group (87). 

The model was trained and tested on a Windows 10 Pro system with Intel i9-

9900K CPU 3.6GHz processor, 2TB SDD, 64 GB RAM, GeForce RTX 2070 

Gaming OC D6 8GB. 

  



2.4.4. Cecum Time-location Detection 

 

To determine the location of the cecum, we analyzed the direction of the 

scope’s movement. Based on the results of the analysis, the graph was drawn 

with a value of +1 for insertion, -1 for withdrawal, and 0 for stop. Because the 

cecum is a large turning point that distinguishes the insertion phase from the 

withdrawal phase, the turning point of transition from insertion to withdrawal 

is the candidate for the cecum. However, some scopic insertion-withdrawal 

repeat movements often occur during colonoscopy, and turning points can be 

found very often. Therefore, in this study, the scope movement for a certain 

range was analyzed to find the real turning point. All points that transitioned 

from insertion to withdrawal were recorded. These turning points were referred 

to as a cecum candidate point. 
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We set a certain range “t” and calculated the sum of the graph area  

around the turning points. Since the value is +1 during insertion, the area of the 

graph will be positive, and when the value is -1 during withdrawal, the area of 

the graph will be negative. At the turning point with a certain range “t,” when 

the total sum of the graph areas is the minimum value, that turning point is 

regarded as the cecum (Fig. 2.12). If the value “t” is too small, light repetitive 

movements of insertion-withdrawal may have a minimum area value, so “t” is 

set to a sufficiently large value. For several candidate points, the graph area was 

calculated based on range “t.” The range “t” was set to 10, 20, and 30 sec. 



2.5. Focus Group Interview 

 

In this study, we proposed the system that can analyze the colonoscopy video 

and provide meaningful direction information of endoscope’s movement and 

time-location information of the cecum via visualized summary report. To ask 

for comments on the system and reflect colonoscopists’ requirements, we had 

implemented a FGI. Seven colonoscopists with more than 5 years experienced 

participated in this FGI, and it was conducted in the face-to-face meeting. The 

comments on necessity referred in this research were selected by FGI, and ideas 

about visualization were also recruited and validated. This FGI simply asked 

positive and negative opinions, and the results are as follows. All seven doctors 

determined that this system would positively benefit physicians and patients. 

Six doctors agreed that a visualized Summary report based on this system 

would be helpful for medical records management and data sharing. Five 

doctors agreed that the results could be used for proficiency testing. 

 

 

 

  



3. Results 

 

3.1. Clinical Analysis 

 

3.1.1. Characteristics of Patients and 

Colonoscopy Quality Assessment 

 

A total of 113 patients were enrolled prospectively from August 1, 2016, to 

December 31, 2016. To increase the reliability of the colonoscopies performed 

in this study, we recruited mostly patients receiving repeat colonoscopy (90.5%) 

within 2 years. The patients’ baseline characteristics and the results of the 

colonoscopy quality assessment are shown in Table 3.1. The patients’ mean age 

was 60.4 years (range, 47~73), and 62 patients (54.8%) were men. The 

indications for colonoscopy were referral for treatment of polyps or further 

evaluation of symptoms from our hospital or outside hospitals (72.6%) and 

screening or polyp surveillance (27.4%). Cecal intubation succeeded in 112 

patients; The mean withdrawal time was 19.7 min, and bowel preparation using 

the Boston Bowel Preparation Scale was adequate in 92.9% of the patients.  



Table 3.1. Characteristics of study patients and colonoscopy quality 

assessment 

Characteristic N=113 

Age (years), mean (SD) 60.4 (12.5) 

Male sex, n (%) 62 (54.8) 

Previous colonoscopy history within 2 

years, n (%) 

102 (90.5) 

Indication for colonoscopy, n (%)  

Screening and surveillance of CRN 31 (27.4) 

Referral from our hospital or outside 

hospitals 

82 (72.6) 

Treatment (polypectomy) 50 (44.2) 

Further evaluation for symptom 32 (28.3) 

Cecal intubation, n (%) 112 (99.1) 

Withdrawal time(min), mean (SD) 19.7 (6.0) 

BBPS, mean (SD)  8.1 (1.7) 

Adequate bowel preparation, n (%) 105 (92.9) 

ADR, %  61.9 

CRN, Colorectal neoplasm; BBPS, Boston bowel preparation scale; ADR, 

Adenoma detection rate.  

(Table courtesy of Springer Nature, license number: 4637941460616) 

 



3.1.2. Polyp Characteristics 

 

The baseline characteristics of the polyps detected by the colonoscopists are 

summarized in Table 3.2. The colonoscopists detected a total of 351 polyps 

during the colonoscopy. The mean polyp size was 6.0 mm (range 2~60 mm), 

and the most common locations where polyps were found were the ascending 

colon (32.7%) and the transverse colon (31.0%). Yamada type I (47.0%) and 

type II (42.5%) were the most common morphologies of polyps detected on 

colonoscopy [88], and tubular adenoma (56.4%) was the most common 

histologically 

  



Table 3.2. Characteristics of the polyps detected during colonoscopy 

Characteristic Detected polyps (n=351) 

Size (mm), mean (SD) 6.0±5.9 

Location, n (%)  

Cecum 21 (6.0) 

Ascending colon 115 (32.7) 

Transverse colon  109 (31.0) 

Descending colon  31 (8.6) 

Sigmoid colon  23 (6.6)  

Rectum 52 (14.9) 

Morphology (Yamada type), n (%)  

I 165 (47.0) 

II 149 (42.5)  

III 29 (8.3)  

IV 8 (2.3) 

Histology, n (%)  

Hyperplastic polyp 40 (11.4) 

Tubular adenoma  198 (56.4) 

Serrated polyp†  14 (4.0) 

Cancer 7 (2.0) 

Others‡ 92 (26.2) 

†Serrated polyp includ sessile serrated adenomas/polyps and traditional serrated 

adenomas. ‡Others includ nonspecific, inflammatory polyps. 

(Table courtesy of Springer Nature, license number: 4637941460616) 

  



3.2. Informative Frame Classification 

 

As the play time of the colonoscopy videos was long and had much noise, it 

was inefficient to use the whole video. Thus, frames were extracted to select 

only meaningful information or applied to image processing. In the 

colonoscopy video, the frame that has meaningful information is called 

informative frame, and the other is called non-informative frame. Since non-

informative frames are frames that do not have meaningful information in the 

image itself, they have had a negative effect on training. In this study, only 

informative frames were used. The classification accuracy of the informative 

frame used in this study was 97.7%.



3.3. Type Classification 

 

3.3.1. Hierarchical Classification 

 

The SVM was applied hierarchically to optimize classification, in the 

following order: “bleeding,” “instruments,” “polypectomy,” “residue,” 

“inflated,” and “non-inflated.” After classification, false positive and false 

negative extracted frames were confirmed manually. The accuracy and 

sensitivity of each frame type were averaged (Table 3.3) 

 

  



Table 3.3. Mean accuracy and sensitivity of classification according to type  
 

 Mean accuracy (%) Mean sensitivity (%) 

Informative 97.77 93.05 

Type: bleeding 99.75 93.33 

Type: instruments 98.56 92.01 

Type: polypectomy 98.86 96.77 

Type: residue 99.50 87.23 

 
(Table courtesy of Springer Nature, license number: 4637941460616) 

 
 



3.3.2. Polyp Detection 

 

The window images of suspected polyps were detected through a polyp 

detection algorithm. The sensitivity of polyp detection was validated differently 

than type classification. Because one polyp appeared in several frames, a frame-

by-frame comparison was inefficient. Thus, the system counted the number of 

polyps present in the video, not in every frame where the polyp appeared. Based 

on clinical judgments, true positive (TP), true negative (TN), and false positive 

(FP) values were calculated by matching the polyps detected from the system 

and doctors’ clinical judgments [89]. Among the 351 polyps found on 

colonoscopy, 288 polyps were detected by the system, and the average 

sensitivity of the system for polyp detection was 82.1%. In contrast, specificity 

was calculated using frame-by-frame comparison for each patient because the 

number of non-polyp parts can be counted only in frame units. The average 

specificity of the system for polyp detection was 89.1% with a standard 

deviation of 4.6%. Likewise, the positive predictive value (PPV) was also 

calculated in frame units. PPV was defined as follows, where TP represent 

polyps classified as polyps. The average PPV was 39.3% with a standard 

deviation of 4.1%. We compared the polyps detected and missed by the system 

(Table 3.4).  

  



Table 3.4. Performance of detecting polyp  

Variable Systemic detection   p-value 

Detected 

polyps 

(n=288) 

Missed polyps 

(n=63) 

 

Size (mm), mean (SD) 6.3 ± 6.4 4.9 ± 2.5 0.003 

Mean size, n (%)   0.479 

<10 mm 251 (87.2) 57 (90.5)  

≥10 mm 37 (12.8) 6 (9.5)  

Distribution, n (%)   0.167 

Right-sided 197 (68.4) 48 (76.2)   

Left-sided 91 (31.6) 15 (23.8)  

Morphology (Yamada type) , 

n (%) 

  0.000 

I 111 (38.9) 54 (81.5)  

II  137 (48.1) 12 (18.5)  

III 29 (10.2) 0 (0)  

IV 8 (2.8) 0 (0)   

Histology, n (%)    0.420 

Hyperplastic polyp 33 (11.5) 7 (11.1)  

Tubular adenoma  165 (57.3) 33 (52.3)  



Serrated polyp   11 (3.8) 3 (4.8)  

Cancer 6 (2.1) 1 (1.6)  

Others  73 (25.3) 19 (30.2)  

Values are presented as mean±SD or number (%). Serrated polyp included 

sessile serrated adenomas/polyps and traditional serrated adenomas. Others 

included nonspecific, inflammatory polyps. 

(Table courtesy of Springer Nature, license number: 4637941460616) 
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The mean size of the detected polyps was greater than that of the missed 

polyps (6.3 mm vs. 4.9 mm, p=0.003). Most polyps missed by the system were 

Yamada type I (81.5%). Yamada type IV polyps were not missed by the system. 

However, regarding the distribution and histology of the polyps, there were no 

statistically significant differences between the 2 groups. 

  



3.3.3. Type Classification Visualization and 

Summary Report 

 

Through the proposed system, the position information of “bleeding,” 

“instruments,” “polypectomy,” “residue,” and “polyp” frames were checked in 

the colonoscopy video. These results were displayed to effectively deliver the 

information to physicians. In the process of making and displaying the 

summary report of the colonoscopy video (SRCV), advice and comments were 

received from the focus group. The SRCV is shown in Figure 3.2. The white 

gaps in the timeline represent the three types of frames in which polyps were 

not found: “non-inflated,” “inflated,” and “no-fold.” The SRCV is linked with 

the colonoscopy video frame by frame. If the user clicks or double-clicks a 

certain point on the SRCV, the frame of that point is shown, or the video plays 

from that point.  
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3.4. Colonoscope Direction Classification 

 

3.4.1. Scope’s Movement Classification 

 

Since the features of Horn-Schunk-algorithm applied images were difficult to 

specify, we applied the CNN deep learning method to the images for high 

accuracy. The overall accuracy, drawn from 5-fold cross-validation, was 95.6%. 

Table 3.5 shows the classification results in confusion matrix form.  
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Each cell in the table 3.5 represents the number of samples classified by the 

trained CNN algorithm. The vertical title indicates the actual class (input class 

of the algorithm), whereas the horizontal title indicates the classified results 

(output class of the algorithm). Performance comparisons according to the 

indicators of recall, precision, and f1 score for each class are presented in Table 

3.6. These numbers can be used for alternative algorithm assessments [90]. 

  



Table 3.6. Performance indicators of the CNN and other algorithms for the 

three individual classes 

Class/Indicators Insertion Withdrawal Stop 

CNN 

Recall 0.958 0.946 0.967 

Precision 0.976 0.969 0.918 

F1 score 0.967 0.958 0.942 

VGG-16 

Recall 0.95 0.916 0.964 

Precision 0.953 0.959 0.911 

F1 score 0.952 0.937 0.937 

LeNET 

Recall 0.907 0.833 0.872 

Precision 0.874 0.909 0.83 

F1 score 0.89 0.87 0.85 

SVM 

Recall 0.844 0.775 0.799 

Precision 0.804 0.832 0.785 

F1 score 0.823 0.802 0.792 

 
  



3.4.2. Cecum Time-location Detection 

 

We regarded the turning point as a cecum candidate point when the total area 

sum in a certain section recorded the lowest. We checked the existence of the 

actual cecum within a certain interval  around the cecum candidate point. 

The accuracy according to “t” values is shown in Figure 5 and Table 3.7. The 

position of the cecum recorded by three clinicians was compared with the 

results of the proposed system. 

  



 

Figure 3.3.  Accuracy according to “t” values ranging from 10 sec to 30 
sec [117]. 
 

 

 

 

 

  



Table 3.7. Accuracy of cecum discovery according to the set certain range 

“t” 

 t = 10 sec t = 20 sec t = 30 sec 

Accuracy 83.9% 94.6% 96.4% 
  



3.4.3. Colonoscope Direction Visualization and 

Summary Report 

 

The movement of the scope, shown in Figure 2.12 as a graph, was changed to 

a color code to increase visibility. Insertion, withdrawal, and stop were mapped 

to each color and expressed in 1 sec, as shown in Figure 3.4 (A). Again, the 

scale was changed to a 10 sec scale, 30 sec scale to increase visibility (Figure 

3.4 (B,C)). One 10 sec square represents 10 seconds. One 30 sec square 

represents 30 seconds. 

At the 1 s scale, the result was too microscopic and not suitable for intuitive 

observation. However, since the outlier belonging to a small number was 

removed from the 10 sec scale, the movement of the scope and the position of 

the cecum could be intuitively grasped. In addition, as the scale increased, the 

distinction between the insertion phase and the withdrawal phase became 

clearer. 
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3.5. System Usability Scale 

 

To evaluate the utility of the SRCV, we adapted the System Usability Scale 

(SUS) questionnaire. The SUS is a popular, simple, ten-item attitude Likert 

scale assessing usability [91]. We modified the general questions for the SRCV 

evaluation. The questionnaire was administered to 30 physicians from the 

Department of Internal Medicine (gastroenterology, n=15; non-

gastroenterology, n=5), Department of Family Medicine (n=5), and the 

Department of Gastrointestinal Surgery (n=5).  

Figure 3.6 shows the answer distribution of the usability questionnaire, 

grouping the results related to positive and negative questions. Regarding 

positive questions (questions 1, 3, 5, 7, and 9), 73.3% of participants expressed 

agreement (scores 4 and 5), and 2.7% gave disagreement scores (scores 1 and 

2). Regarding negative questions (questions 2, 4, 6, 8, and 10), 54.7% of 

answers were in disagreement (scores 1 and 2), and 18.7% gave agreement 

scores (scores 4 and 5). However, all participants could understand the SRCV 

without any detailed help. We suppose the necessity for an explanation of 

“classification by frame unit” affected the result. 
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4. Discussion 

 

4.1. Type Classification and Polyp Detection 

 

In this study, we developed and verified a system that extracts meaningful 

information from recorded colonoscopy videos by hierarchically applying an 

SVM. Most recent studies that used machine learning algorithms applied these 

algorithms to an optimized dataset and evaluated their accuracy [92-94]. 

However, the present study used all images extracted from real endoscopy 

videos, analyzing the entire videos. The results containing informative frames 

and suspected polyps were presented on a timeline. When the utility of the 

SRCV was evaluated by an SUS questionnaire, a large majority of participants 

expressed positive opinions.  

The mean accuracy and sensitivity of the system for classification according to 

type was over 90%. We introduced an efficient order by applying the SVM 

hierarchically. The types of frames were extracted in the order of importance as 

follows: “bleeding,” “instruments,” “polypectomy,” and then “residue.” To 

optimize classification and avoid duplicate notation in the SRCV, this order of 

hierarchical SVM was determined to be the most effective.
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We tried to convey meaningful information from the colonoscopy video 

through data visualization. The non-informative frames were included in the 

SRCV because physicians want to reference which points were non-informative 

when they conduct colonoscopy again. In this study, one frame was extracted 

per 0.3 sec. If the frames would be extracted from the video more frequently, 

the SRCV would become more detailed and omissions would be reduced. 

The proposed system that creates a summary report automatically from 

colonoscopy videos is expected to contribute to the gastroenterology and 

endoscopy field by enabling physicians to have easier access to important 

colonoscopy data. The system can summarize meaningful colonoscopy 

information, provide visualized guidelines, or be utilized for educational 

purposes. Nowadays, the colonoscopists take a still shot during colonoscopy, 

so important scene are recorded. However, if the proposed system is used, the 

summary report can be completed automatically without taking a still shot. It 

will be more convenient because important information can be provided by 

summary report more efficient. Moreover, when a physician who did not 

conduct the colonoscopy reads the medical records, the SRCV can help increase 

the reliability of the report and the physician’s understanding of the results by 

matching the video with the SRCV [95]. Additionally, if the SRCV is included 

in the medical records, it will be helpful when medical records and patient 

information are shared among doctors or hospitals [96-99].  

The colonoscopy videos used in this research were reliable for polyp detection 



because skilled experienced physicians performed the colonoscopies and most 

patients enrolled in the study had previously undergone colonoscopy within the 

past 2 years, a period of time that is shorter than the 3- to 5-year post-

polypectomy surveillance period recommended by the American Society for 

Gastrointestinal Endoscopy and the American Gastroenterological 

Association [100, 101]. This may have resulted in lowering the false negative 

results when the system was applied to the video.  

The mean sensitivity and specificity of polyp detection were also over 80%, 

but the PPV was low in the study. In recent years, considerable efforts have 

been made to develop an efficient approach to automatically detect polyps 

using colonoscopy videos. However, automated detection of polyps from 

colonoscopy videos is very challenging because of high variations in polyp 

size, color, shape, texture, and location [102-104]. Although there have been 

considerable advancements in automatically detecting polyps, these methods 

still have low detection accuracy. In several previous studies using datasets, 

sensitivity ranged from 36.9% to 71.4%, and the PPV ranged from 13.6% to 

93.5% [105-108]. In the present study, the polyps detected by the system were 

larger and had more pedunculated morphology than the polyps missed by the 

system. The proportion of advanced histologic features gradually increases as 

the polyp size increases, and it is important not to miss large polyps. Lesions 

are considered advanced when they are 1 cm in size [109]. A previous study 

showed that only 10.7% of adenomas 1 cm in size had a villous component, 



versus 56% of those larger than 1 cm [110]. However, in our study, when the 

size cutoff was set at 1 cm (<1 cm and 1 cm), there were no statistically 

significant differences in the detection rate between the detected polyp group 

and the missed polyp group by the system. The 6 cases of missed polyps 1 

cm in the system were all non-granular were a pseudo-depressed type of lateral 

spreading tumors. These lesions are difficult to distinguish visually, and we 

need to improve the system in the future. 

The low PPV of polyp detection in our study was because we preferred “false 

positive” over “false negative” when the polyp detection algorithm was applied. 

Although the occurrence of false positive results reduces efficiency by 

providing unnecessary information to physicians, it is better than missing 

polyps. Moreover, it has the possibility of identifying polyps missed during 

colonoscopy by identifying suspicious areas. In this study, we used the SVM to 

solve a series of processes with one tool, which is simple and efficient. The 

SVM can be replaced by another classification tool. In future studies, accuracy 

is expected to improve by using deep learning methods. 

  



4.2. Colonoscope Direction Classification and 

Cecum Time-location Detection 

 

In this study, we developed and verified a system that can detect the direction 

of scope’s movement from colonoscopy video using Horn-Schunk algorithm 

by applying CNN deep learning methods. The motion change of the video is 

extracted through the Horn-Schunk algorithm for calculating optical flow. 

Through this algorithm, we can compute the pixel’s motion change between 

consecutive frames, and the direction of scope’s movement was trained and 

determined through the CNN. The extracted information about the direction 

of scope’s movement was visualized and added to the summary report of 

colonoscopy video (SRCV). In addition, the time-location of the cecum was 

calculated based on the results of direction of the scope’s movement and 

included in the SRCV. This proposed system can assist physician’s 

observation of the colonoscopy video and provide helpful information. 

The videos used in this research were favorable for image acquisition and 

image processing because skilled physician performed the colonoscopy. This 

may have resulted in lowering the false-negative results when the system was 

applied to the video. In a previous study, we extracted 1 frame of images in 

0.3 s from a colonoscopy video. The higher the extraction frequency, the more 



frames can be extracted, so more images can be used in the system. However, 

in applying the Horn-Schunck algorithm in this study, we extracted one frame 

at 0.5 sec. Note that the Horn-Schunck algorithm can only calculate motion 

vectors for small changes [56]. Therefore, if the interval between frames is too 

large, Horn-Schunck algorithm is not applicable. However, to calculate the 

motion vector based on the difference between the previous frame and the 

current frame, there should be a proper change between the two frames. In our 

colonoscopy video, a 0.5 sec period yielded optimal results. As the standard 

setting, observing the colonoscopy video at a speed of 0.7 times to avoid 

misreading directions, participation of five fellow doctors, and selecting values 

more than three made the accuracy of the gold standard more reliable [79, 80]. 

We did not consider real-time use in this study. This is because the movement 

of the scope is meaningful when analyzed with the whole video. When the 

insertion and withdrawal movements of the scope throughout the video are 

analyzed, a clear distinction between the insertion phase and the withdrawal 

phase can be obtained. As a result, the position of the cecum can be accurately 

calculated. 

In the methods section, we used the certain range value “t” to find the real 

cecum point accurately. When analyzing 112 patient images, we found 

numerous light insertion-withdrawal repeat movements. With the exception of 

polypectomy, the scopes frequently repeat insertion-withdrawal movements to 

find the polyps [7]. In addition, withdrawal movement was often accompanied 



by smooth insertion [6]. Most repetitive movements did not exceed 10 sec. In 

other words, if “t” is less than 10 sec, light repetitive insertion-withdrawal 

movements may have a minimum area value, so “t” is set to a sufficiently large 

value. Considering this, we analyzed the results when t values were 10, 20, 

and 30 sec. 

In this study, we used the CNN deep learning method to classify the 

movement of the scope [111, 112]. The images used for deep learning input 

were the Horn-Schunck algorithm-applied images, and the motion vector was 

expressed in color. In the images, the layer did not have to be deep because 

the directions were classified according to the color distribution only. The 

CNN architecture used in this study was developed with reference to LeNET 

and VGG, and the layer structure was experimentally optimized. The trained 

network was validated using the 5-fold cross-validation method, and 

overfitting did not occur [113]. As a limitation of this study, we did not test 

data from outside the hospital. In a future study, we plan to conduct research 

and testing with independent data from other hospitals. 

During colonoscopy, the CIT was recorded by a physician. However, as the 

technology is under development today, the trend is to automatically store the 

data generated during the medical procedure, and the information generated 

during colonoscopy also needs to be automatically analyzed and stored [114]. 

In our previous study, we have already developed a system that automatically 

analyzes and records colonoscopy videos, and through the system, the video 



was classified by types and visualized as summary report to communicate 

meaning effectively [115]. In addition to the previous research, it will be 

possible to provide more useful information to physicians via recording the 

direction of scope’s movement and cecum time-location information (Fig. 3.4). 

It can also be used to calculate the withdrawal time. The withdrawal time that 

is used purely for observations can be calculated, since we calculate the time 

from when the scope comes out of the CIT to the anus with excluding the time 

allocated to polypectomy. 

 With the proposed system, we believe that if the current handwritten medical 

records can be automatically summarized together with more detailed, 

graphical information, it will be useful for physicians and patients and will 

improve medical services [95]. The results of this study may contribute to 

improving the medical record after colonoscopy has finished. We hope that the 

findings of this study can contribute to the informatics field of medical records 

so that medical charts can be transmitted graphically and effectively in the field 

of colonoscopy 



4.3. Future Work 

 

In classifying informative frames by type, we were able to extract the residue 

frames. If we can develop and validate a method to normalize the amount and 

frequency of residue frames, we can measure the clearance of the large 

intestine based on the residue frame. Because the clearance of the large 

intestine is a very important factor that can affect the quality of the 

colonoscopy, we expect that normalization and quantification of clearance will 

contribute greatly to the progress of colonoscopy. 

With regards to polyp detection, we obtained a polyp detection rate of 82.1%. 

In this study, only 43 polyps were ≥ 1 cm in diameter among 351 polyps, and 

6 polyps were missed. Detection of polyps that are flat and larger than 1 cm 

have great importance. For this reason, further studies and improved detection 

rates are needed for finding polyps ≥ 1 cm. 

In the scope’s movement classification, only the insertion, withdrawal, and 

stop phases were analyzed and determined. Through Focus Group Interview 

(FGI), colonoscopists have expressed the need to identify and visualize the 

anatomical structure of the large intestine. In future studies, if left and right 

movements can be recognized, the direction of the colonoscope can be recorded 

in more detail. Based on this, it is expected that the anatomical structure of the 



large intestine can be deduced and the anatomical position with time can be 

indicated. 

Information obtained in this study can be utilized as metadata for proficiency 

assessment and training for colonoscopist. Since insertion and withdrawal are 

technically different movements, data regarding the scope’s movement and 

phase can be quantified and utilized to express a pattern unique to the 

colonoscopist and to train proficiency [116]. When viewed with reference to 

the SRCV, we could estimate colonoscopist’s proficiency if there were 

repetitive insertion-withdrawal movements or no movements at all, which was 

not related to polyps, bleeding, or polypectomy.  



5. Conclusion 

 

The proposed study demonstrated the effectiveness that extracts 

meaningful information from colonoscopy videos and provides a summary 

report on a color-coded timeline. The accuracy and sensitivity of 

classification type and polyp detection was verified. Further validation of the 

system is needed after system improvement, including an increase in the 

positive predictive value (PPV) for polyp detection by using deep learning 

methods. If the system improves accuracy and is capable of real-time 

application, then clinical application of this system can be expected to assist 

in the detection of polyps and increase ADR in colonoscopy.  

Information obtained in this study can be utilized as metadata for 

proficiency assessment. Since insertion and withdrawal movements are 

technically different, data of scope’s movement and phase can be quantified 

and utilized to express a pattern unique to the colonoscopist and to assess 

proficiency. Furthermore, when the utility of the SRCV was evaluated using 

a System Usability Scale (SUS) questionnaire, 89.3% of participants 

expressed positive opinions. Thus, the proposed system to analyze 

colonoscopy videos is expected to have a positive impact. 

With the system, it is anticipated that adding more detailed graphical 

information to the medical records will be useful for clinicians & patients 



and will improve medical services. The results of this study could also 

contribute to improving the medical record after the colonoscopy has 

concluded. The outcomes of this study can contribute to the informatics field 

of medical records so that medical charts can be transmitted graphically and 

effectively in the field of colonoscopy. 
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