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The effectiveness of colonoscopy depends on the quality of the inspection of the colon. 

There was no automated measurement method to evaluate the quality of the inspection. This 

thesis addresses this issue by investigating an automated post-procedure quality measurement 

technique and proposing a novel approach automatically deciding a percentage of stool areas in 

images of digitized colonoscopy video files. It involves the classification of image pixels based 

on their color features using a new method of planes on RGB (red, green and blue) color space.   

The limitation of post-procedure quality measurement is that quality measurements are 

available long after the procedure was done and the patient was released. A better approach is 

to inform any sub-optimal inspection immediately so that the endoscopist can improve the 

quality in real-time during the procedure. This thesis also proposes an extension to post-

procedure method to detect stool, bite-block, and blood regions in real-time using color 

features in HSV color space.  These three objects play a major role in quality measurements in 

colonoscopy. The proposed method partitions very large positive examples of each of these 

objects into a number of groups. These groups are formed by taking intersection of positive 

examples with a hyper plane. This hyper plane is named as ‘positive plane’. ‘Convex hulls’ are 

used to model positive planes. Comparisons with traditional classifiers such as K-nearest 

neighbor (K-NN) and support vector machines (SVM) proves the soundness of the proposed 

method in terms of accuracy and speed that are critical in the targeted real-time quality 

measurement system. 
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CHAPTER 1 

INTRODUCTION 

Advances in video technology are being incorporated into today’s healthcare practices. 

Various types of endoscopes are used for colonoscopy, upper gastrointestinal endoscopy, 

enteroscopy, bronchoscopy, cystoscopy, laparoscopy, wireless capsule endoscopy, and 

minimally invasive surgeries (i.e., video endoscopic neurosurgery). These endoscopes come in 

various sizes, but all have a tiny video camera at the tip of the endoscope. During an endoscopic 

procedure, this tiny video camera generates a video signal of an existing or created space inside 

the human body, which is displayed on a monitor for real-time analysis by the physician. 

Colonoscopy is an important screening tool for colorectal cancer. In the US, colorectal 

cancer is the second leading cause of all cancer deaths behind lung cancer [1]. As the name 

implies, colorectal cancers are malignant tumors that develop in the colon and rectum. The 

survival rate is higher if the cancer is found and treated early before metastasis to lymph nodes 

or other organs occurs. Colonoscopy has contributed to a marked decline in the number of 

colorectal cancer related deaths. However, recent data suggest that there is a significant (4-

12%) miss-rate for the detection of even large polyps and cancers [2]-[4]. The miss-rate may be 

related to the experience of the endoscopist and the location of the lesion in the colon, but no 

prospective studies related to this have been done thus far.  

A normal colon consists of six parts: cecum with appendix, ascending colon, transverse 

colon, descending colon, sigmoid and rectum as shown in the Fig 1.2. Colonoscopy allows for 

inspection of the entire colon and provides the ability to perform a number of therapeutic 

operations such as polyp removal during a single procedure. The effectiveness of colonoscopy 
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in prevention of colorectal cancers depends on the quality of the inspection of the colon, which 

generally can be evaluated in terms of the withdrawal time (time spent during the withdrawal 

phase) and the thoroughness of the inspection of the colon mucosa. Current American Society 

for Gastrointestinal Endoscopy (ASGE) guidelines suggest that (1) on average the withdrawal 

phase during a screening colonoscopy should last a minimum of 6 minutes and (2) the 

visualization of cecum anatomical landmarks such as the appendiceal orifice and the ileocecal 

valve should be documented [5].   

 

 

 

 

 

 

 

 

Fig. 1.1 Six parts of colon: 1 - cecum, 2 - ascending colon, 3 - transverse colon, 4 - descending 

colon, 5 -sigmoid and 6 - rectum 

There was no automated measurement method to evaluate the endoscopist's skill and 

the quality of colonoscopic procedure. To address this critical need, we have been investigating 

automated post-procedure quality measurement system by adapting some algorithms and 

software [6][7], which automatically records colonoscopic procedures on a hard disk in MPEG-2 

format [8]. This system has been placed at Mayo Clinic Rochester since the beginning of 
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February 2003 to capture de-identified colonoscopic procedures performed by de Groen (co-

author) and colleagues. The limitation of post-processing quality measurement is that quality 

measurements are available long after the procedure was done and the patient was released. 

The endoscopist can only improve the quality of the next colonoscopy procedures. However, a 

better approach is to inform any sub-optimal inspection immediately so that the endoscopist 

can improve the quality during the procedure. This new system has been placed at Mayo Clinic 

Rochester since the beginning of 2011. The goal of new system proposed in this dissertation is 

to achieve real-time analysis and feedback to aid the endoscopist towards optimal inspection to 

improve overall quality of colonoscopy during the procedure.  

Color-based object detection is necessary for both post-processing and real-time quality 

measurements. Some of those objects are bite-block, blood, and stool shown in the Fig. 1.3. All 

these objects do not pose any other distinguishable characteristics (i.e.,   shape or texture) 

rather than color.  

Fig. 1.2 Examples of (a) green bite-block areas, (b) blood, and (c) stool areas marked with blue 

lines 

Upper GI (gastroenterology) endoscopy and colonoscopy procedures are performed in 

the same room at different times. It is necessary to distinguish the type of procedure prior to 

   

(a) (b) (c) 
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execute any quality measurement to evaluate the procedure. Stool detection, for instance, is 

generating useful information only on colonoscopy procedures and does not make any useful 

information on upper GI procedures. We need develop a method that detects the procedure 

type at the beginning of the procedure so that only colonoscopy related modules can run on 

the procedure. In upper GI endoscopy, a bite-block is inserted for patient protection. By 

detecting this bite-block, we can distinguish colonoscopy from upper GI endoscopy procedures. 

Blood detection plays several important roles in various endoscopies, for example, 

blood detection in wireless capsule endoscopy aims to find abnormal regions in the small 

bowel. On the other hand blood detection in colonoscopy has two applications such as 

abnormal region detection and estimation of whether biopsies of polypectomies are performed 

during the procedure. I propose a method to detect blood regions in colonoscopy procedures. 

The diagnostic accuracy of colonoscopy depends on the quality of bowel preparation 

[9]. Inadequate cleansing can result in missed lesions. The quality of bowel cleansing is 

generally assessed by the quantity of solid or liquid stool in the lumen. Despite a large body of 

published data on methods that could optimize cleansing, a substantial level of inadequate 

cleansing occurs in 10% to 75% of patients in randomized controlled trials [10]. Poor bowel 

preparation has been associated with patient characteristics such as inpatient status, history of 

constipation, use of antidepressants, and noncompliance with cleansing instructions. To assess 

the quality of bowel preparation, I propose a method to compute the amount of mucosa 

covered by stool. And then, have been used them in a standard quality measurement practice 

called Boston Bowel Preparation Scale (BBPS). 
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Poor bowel preparation has been associated with patient characteristics, such as 

inpatient status, history of constipation, use of antidepressants, and noncompliance with 

cleansing instructions. The American Society for Gastrointestinal Endoscopy (ASGE) and 

American College of Gastroenterology (ACG) Taskforce on Quality in Endoscopy suggested that 

every colonoscopy report should include an assessment of the quality of bowel preparation. 

They proposed the use of terms such as “excellent,” “good,” “fair,” and “poor,” but admitted 

that these terms lack standardized definitions [11]. BBPS was first introduced by the authors of 

[11] in which the terms “excellent,” “good,” “fair,” and “poor,” were replaced by a four-point 

scoring system applied to each of the three broad regions of the colon: the right colon 

(including the cecum and ascending colon), the transverse colon (including the hepatic and 

splenic flexures), and the left colon (including the descending colon, sigmoid colon, and 

rectum). 

In this thesis, I propose a method to detect the above objects (bite-block, blood, and 

stool). Its main idea is to subdivide very large positive examples into subsets based on a 

concept called positive planes, and model each positive plane as a separate classifier for that 

subset of positive examples. For the modeling of each plane, two methodologies have been 

developed in which data partitioning was needed to achieve required detection speed.  
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CHAPTER 2 

BACKGROUND AND RELATED LITERATURE 

Color based classification plays a major role in the field of medical image analysis. A 

significant number of publications based on color features can be found in the literature.  

I proposed a method [12] of classifying stool images in colonoscopy videos using a 

support vector machine (SVM) classifier. The video frame is down-sampled into blocks in order 

to reduce the size of the feature vector. Features to the SVM classifier are, in fact, the average 

value for each block. Then, a stool mask is made for each video frame using the trained SVM 

classifier, and post processing methods are applied to improve the detection accuracy. The post 

processing methods include a majority filter and a binary area opening filter. Finally, the frames 

having more than 5% of stool area are classified as stool frames. A deficiency of these SVM 

methods that it lacks the ability to learn new data instances when available. The novel method 

presented in [13] is to detect stool regions with a higher accuracy yet requiring less 

computation. In this method, a block division approach is used to represent the positive class 

examples and reduces the number of comparisons considerably. This method has been 

developed for stool detection in post processing environment. In [14], a methodology was 

proposed aimed at the detection of bleeding patterns in wireless capsule endoscopy (WCE) 

frames. In this study the features used are the hue, saturation, and value histograms [15], and 

co-occurrence matrix only considering the dominant colors. These features are then used with a 

SVM ensemble to detect bleeding patterns in WCE videos.  Another method to detect bleeding 

and other blood-based abnormalities in WCE images was presented in [16]. This work was 

based on a previously published method in [17]. In this, segmentation is carried out on 
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smoothed and de-correlated red, green, and blue (RGB) color channels using a fuzzy 

segmentation algorithm. This method is robust in segmentation where there are regions with 

gradual illumination changes. The segmentation result is then transformed to a local global 

graph, which mathematically describes the local and global relationships between the 

segmented regions in terms of a graph. This graph is then used to merge segmented regions 

which are similar. In [18], the detection of bleeding patterns is done in two steps. First a 

detection of frames with potential bleeding areas is performed based on the assumption that 

blocks representing bleeding areas are more saturated than the remaining blocks. Pre-

classification detects a frame as bleeding frame if at least one block represents a bleeding area. 

In the second step the initial classification is verified and refined based on pixel-based multi-

thresholding of the saturation and intensity. Finally, a bleeding level is assigned to that 

particular frame based on the pixel values. The work in [19] is based on color space 

transformation. The color space of WCE frames is transformed from RGB to hue, saturation, 

and value (HSV) space. This enables one to work on intensity and color information separately. 

Based on the color information, chromaticity moments are computed to eliminate illumination 

variations. A neural network classifier is used for the classification of bleeding and ulcer areas. 

Authors in [20] propose a technique to detect the bleeding automatically, utilizing the color 

spectrum transformation method and morphological filtering. The work presented in [21] deals 

with development of a methodology for detecting bleeding in WCE images. The presented 

methodology is based on a neural net model available in the AIIS Inc.  
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Besides this work, there are several studies on selecting a color space for a particular 

application. Authors in  [22]  build a random forest to learn the similarity function of pairs of 

person images using color features from 6 kinds of popular color spaces (RGB, normalized RGB 

(NRGB), HSV, YCbCr, CIE XYZ and CIE Lab). The authors carried out experiments on the 

challenging dataset VIPeR to show the performances of different color spaces and their 

combination. Authors reported that the combination of NRGB, HSV, YCbCr and CIE Lab color 

spaces achieves the best performance. Work presented in [23] assesses the impact of color 

spaces on skin detection based on color features. In this study, authors trying to prove that for 

every color space there exists an optimum skin detector scheme such that the performance of 

all these skin detectors schemes is the same. Work in [24] presents a comprehensive and 

systematic approach for skin detection based on color. In this study, each component of several 

color models has been evaluated, and then they selected a suitable color model for skin 

detection. After listing the top components, authors exemplify that a mixture of color 

components can discriminate very well skin in both indoor and outdoor scenes. A new 

approach for dealing with color space issues is carried out in [25]. Authors in this study are 

proposing an opponent color space with low cross contamination of color attributes (i.e. 

lightness, chroma, and hue). And also they compose a list of properties a color space should 

have in order to operate effectively.  

There is no methodology for the detection of bite-block in the literature to the best of 

our knowledge. In the proposed method, we achieve a very high accuracy with fast enough 

speed for real-time processing. And it inherits a characteristic that enables the classifier to train 

the system on subset of training data. This is achieved by considering only one hyper plane at a 
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time. Each hyper plane intersects only a subset of the whole training dataset. More details are 

given in Chapter 3. 

2.1 Color Spaces 

Imaging instrumentation used in the endoscopy procedures generates RGB color 

information by default. RGB color channel are strongly correlated and hence, they do not 

exhibits a good discrimination power. A color space conversion is needed and at the same time, 

it is required to ensure a better discrimination power. In this study, there are two color spaces 

used. Every color space used has its own advantage over the other. A brief description of each 

color space used and their advantages in real time environment is presented in the following 

paragraphs. 

2.1.1 RGB Color Space 

An RGB color space is any additive color space based on the RGB color model [26]. The 

complete specification of an RGB color space also requires a white point chromaticity and a 

gamma correction curve. RGB is a convenient color model for computer graphics because the 

human visual system works in a way that is similar, though not quite identical.  RGB color space 

is directly available from the imaging instrumentation and hence, there is no need of color 

space transformation. RGB color space is represented as 3D Cartesian coordinate system. It 

should be noted that, RGB color space is used at the cost of accuracy to gain the real time 

performance.  
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2.1.2 HSV Color Space 

HSV is an angular representation of points in an RGB color model. This representation 

rearranges the geometry of RGB in an attempt to be more intuitive and perceptually relevant 

than the Cartesian (cube) representation. Developed in the 1970s for computer graphics 

applications, HSV is used today in image analysis and computer vision [26]. HSV color space 

inhibits a greater discriminative power when compare against the RGB color space. This color 

space, in this study, gives a better accuracy while it is suffering from speed requirement in real 

time environment where detection speed plays a critical role. The main disadvantage of using 

HSV color space is that it is not directly accessible from the imaging instrumentation. And hence 

need a color space transformation. 

 

2.2 Equation of a Plane 

A plane is a two-dimensional surface. A plane can be defined in three-dimensional 

space. A plane can be represented using a point on the surface and a normal vector to the 

plane. Let 𝑟0 be the position vector of some known point 𝑃0 in the plane, and let 𝑛 be a nonzero 

vector normal to the plane. The idea is that a point 𝑃 with position vector 𝑟 is in the plane if 

and only if the vector drawn from 𝑃0 to P is perpendicular to 𝑛. Two vectors are perpendicular if 

and only if their dot product is zero, it follows that the desired plane can be expressed as the 

set of all points r such that 

 𝑛 . (𝑟 − 𝑟0) = 0                  (2.1) 

Expanding the equation 2.1 gives 

 𝑛𝑥(𝑥 −  𝑥0) +  𝑛𝑦(𝑦 −  𝑦0) + 𝑛𝑧(𝑧 −  𝑧0) = 0   (2.2) 
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2.2.1 Defining a Plane through Three Points 

Let p1=(x1, y1, z1), p2=(x2, y2, z2), and p3=(x3, y3, z3) be non-collinear points. Then the plane can be 

represented as a scalar equation as 𝑎𝑥 + 𝑏𝑦 + 𝑐𝑧 = 𝑑. This will generate a system of equations 

as follows, 

 𝑎𝑥1 + 𝑏𝑦1 + 𝑐𝑧1 +  𝑑 = 0  

 𝑎𝑥2 + 𝑏𝑦2 + 𝑐𝑧2 +  𝑑 = 0 

 𝑎𝑥3 + 𝑏𝑦3 + 𝑐𝑧3 +  𝑑 = 0 

 

This system of equations can be solved using Cramer’s Rule and matrix manipulations. 

 

Let  𝐷 =  
𝑥1 𝑦1 𝑧1
𝑥2 𝑦2 𝑧2
𝑥3 𝑦3 𝑧3

    

 

If 𝐷 is non-zero (a plane that does not go through the origin) the values for a, b, and c can be 

calculated as 

 𝑎 =
          𝑥1 𝑦1 𝑧1
 −𝑑
𝐷

    𝑥2 𝑦2 𝑧2
          𝑥3 𝑦3 𝑧3

  

 𝑏 =
         𝑥1 𝑦1 𝑧1
 −𝑑
𝐷

    𝑥2 𝑦2 𝑧2
           𝑥3 𝑦3 𝑧3

 

 𝑐 =
           𝑥1 𝑦1 𝑧1
 −𝑑
𝐷

    𝑥2 𝑦2 𝑧2
           𝑥3 𝑦3 𝑧3
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These equations are parametric on d. setting d to a non-zero value and substitute it into these 

equations will yield one solution set. 

2.3 Classification Models 

2.3.1 Support Vector Machine 

Support vector machine (SVM) is a supervised learning model for classification  

and regression analysis. From a given set of labels and corresponding training data, SVM build 

support vectors, which are point in space. A SVM model is a representation of the examples as 

points in space, mapped so that the examples of the separate categories are divided by a clear 

margin that is as wide as possible.  

Given a training data set D, which is a set of points, n of the form given in the equation 

2.3, where yi is either 1 or -1, representing the class of xi. Each point is a p-dimensional vector. 

The aim is to find a hyper plan that clearly separates two classes into two regions while 

maximizing the margin between two classes. Any hyper plane can be written as set of point x 

satisfying the equation given in the equation 2.4. 

 

     𝐷 =  �(𝑥𝑖 ,𝑦𝑖)�𝑥𝑖 ∈ 𝑅𝑝,𝑦𝑖 ∈ {−1,1}�𝑖=1
𝑛

  (2.3) 

 

  𝑤. 𝑥 − 𝑏 = 0         (2.4) 

Where, w is the normal vector of the hyper plane, w.x is the dot product of the x and w. 

The offset of the hyper plane relative to the origin along the normal vector is 𝑏
‖𝑤‖

. Then, if the 

data set is linearly separable, the two hyper planes that form the margin between two classes 
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can be written as given in equations 2.5 and 2.6. The distance between these two hyper planes 

is 2
‖𝑤‖

 . By minimizing the ||w||, one can maximize the margin between two hyper planes [27]. 

This concept is shown in the Fig. 2.1. 

 

  𝑤. 𝑥 − 𝑏 = 1        (2.5) 

  𝑤. 𝑥 − 𝑏 = −1        (2.6) 

 

If the data set is not linearly separable, then we need to introduce a kernel function to 

the SVM so that the data set is mapped into high dimensional data space so that the data set is 

linearly separable in the high dimensional data space. For instance, Radial Basis Function. 

Which is the kernel function is been used in this study. 

 

                              

Fig. 2.1 Support vector machine hyper plane and its maximum margin 
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There are many number of SVM implementations available in the literature. These 

implementations can be divided into two main sub categories based on their approach: 

Decomposition-based methods and Variant-based methods. Decomposition methods, 

especially sequential minimal optimization (SMO) type algorithms, are sometimes very slow for 

linear kernel SVM. Decomposition methods consider only a small subset of variables in each 

iteration. The idea is: the variables are split into two parts, the set of free variables called 

working set, and the set of fixed variables. Free variables are those which can be updated in 

current iteration, whereas fixed variables are temporarily fixed at a particular value. The 

advantage of decomposition method is that its memory requirement is linear in the number of 

training examples. [28]-[44]. Decomposition methods tackle the lack-of-memory issue by 

splitting problem into a series of smaller ones. But they are time consuming especially for large-

scale problems. So researchers consider various approximate versions of standard SVM at the 

price of accuracy for speedup, and make great progress in this direction. Variant-based 

methods are reported in [45]-[53]. 

 

2.3.2 K-Nearest Neighbor  

K-NN (k-nearest-neighbor) [54] has been widely used for classification problems. It is 

based on a distance function that measures the difference or similarity between two instances. 

The standard Euclidean distance d(x, y) between two instances x and y is often used as the 

distance function as defined in Equation 2.7. 

  𝑑(𝑥,𝑦) =  �∑ (𝑎𝑖(𝑥) −  𝑎𝑖(𝑦))2𝑛
𝑖=1

2                 (2.7) 

Where 𝑎𝑖(𝑥) is the value of ith attribute of 𝑥, and  𝑎𝑖(𝑦) is the value of ith attribute of 𝑦. 
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Given an instance x, K-NN assigns the most common class of x’s k nearest neighbors to x, 

as shown in Equation 2.8. We use C and c to denote the class variable and its value respectively. 

The class of the instance x is denoted by c(x). 

  𝑐(𝑥) =  𝑎𝑟𝑔𝑚𝑎𝑥
𝑐∈𝐶 

∑ 𝛿(𝑐, 𝑐(𝑦𝑖))𝑘
𝑖=1                (2.8) 

where y1, y2, · · ·, yk are the k nearest neighbors of x, k is the number of the neighbors, 

and  δ(c, c(yi)) = 1 if c = c(yi), and δ(c, c(yi)) = 0 otherwise. This concept is shown in Fig. 2.2. 

 

 

                              

Fig. 2.2 KNN classification based on majority voting in a neighborhood 

 

There are approaches for improving KNN’s classification accuracy. Three major 

categories can be found in the literature: 1) Use more accurate distance functions instead of 

the standard Euclidean distance; 2) Introducing an optimum neighborhood sizes search to 

replace parameter k; 3) Replace the sample voting scheme with a probabilistic function. 
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In KNN, the standard Euclidean distance is used. Thus, the distance between instances is 

calculated based on all attributes of the instance. However, when many numbers of irrelevant 

attributes are included, the predicted example would be wrong with a high probability. One 

way out of this problem is to eliminate irrelevant attributes when calculating the distance 

named as feature selection [55]-[61]. KNN accuracy depends on the parameter k. Then an 

automated algorithm to select the best k value would give a better accuracy with KNN. The 

simplest method is to try several k values and choose the best one. Besides that, there are 

various other methods to select an optimum value for k has been proposed [62]–[66]. KNN uses 

a simple voting to produce class estimation. All the neighborhood instances are treated equally. 

In [67], it is been trying to estimate class probabilities with varying weight assignments.  

 

The classifiers described in the previous two sub sections perform well in terms of the 

accuracy in the domain of color based object detection. But both techniques fail to perform 

classification in real time as the time taken is considerably high. In this thesis, I proposed a data 

partitioning technique along with a data modeling method to overcome the computational 

complexity barrier of two techniques mentioned above. 
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CHAPTER 3 

METHODOLOGY 

In this section, it is presented the data acquisition method, modeling of the training data 

with two techniques, usage of RGB and HSV color spaces in each technique, generation of 

Boston Bowel Preparation Scale (BBPS), integration of the proposed method with a real-time 

SDK, performance gain through a massive parallelism, a real world application of the proposed 

method, and a variation of blood based anomaly (Erythema) detection.  

A frame in a colonoscopy video consists of a number of pixels as a digitized image 

typically does.  Each pixel has three number values representing Red (R), Green (G), and Blue 

(B), so each pixel can be projected into 3-dimensional (3-D) RGB color space. A set of pixels, 

which are from a region such as stool, can form arbitrary shape(s) of volume(s) in 3-D RGB color 

space. This volume, if modeled mathematically, can be used to detect pixels from a stool 

region. Colonoscope instruments generate signals in the RGB color space hence RGB is the 

directly accessible color space. We develop the proposed methodology in RGB color space. 

Next, we transform the RGB color space to HSV color space and do exactly the same procedure. 

RGB color space is favorable in real time environment as it is directly accessible. HSV is 

favorable in terms of discrimination power of color information. RGB color space is favorable 

over HSV since the conversion needs extra computational time. For the mathematical 

representation, we propose to use a set of planes in which each plane consists of a subset of 

positive class examples, and behaves as an individual classifier for that subset of positive 

examples. More information is discussed in the training and the detecting stages. The training 

stage has three steps: All positive class pixel projection, Positive class plane selection, and 
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positive class plane modeling using either block division method or convex hull model. As a 

result, the training stage generates a classification model which is used in the detecting stage.  

The remaining of this section is as follow: Section 3.1 describes the data acquisition 

procedure. Section 3.2 explains the training process in two techniques and for RGB and HSV 

color spaces separately. Section 3.3 present the BBPS score generation based on stool scores. 

Section 3.4 provides the description of integration into real-time SDK. And Section 3.5 provides 

information on how to gain performance through massive parallelism. Finally section 3.6 

provides a methodology to differentiate erythema video frames from a normal frame. 

3.1 Data Acquisition 

The main source of data for this study is coming from colonoscopy videos. These videos 

are recorded during a colonoscopy screening procedure. At the time of recording, patient 

information is reported along with the video itself. For this study, I used only videos that are 

anonymous and do not carry any patient information. All the patient information is striped off 

by the doctors, before deliver to be used in this study. In this manner, patient’s identity is 

protected and not revealed to any person who is relevant to this study  

The basic unit of information is a video frame extracted from a given colonoscopy video. 

This unit is in two different versions, testing units and training units. Testing units are basically 

for evaluation of the developed methodology and the ground truth units are for the 

development of the methodology. Both these categories contain ground truth information. All 

these video frames are annotated by the doctors. This information is then used in the training 

of stage and the detection stage of the proposed methodology. Testing units are used in the 

cross validation process. 
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3.2 Training the Models 

3.2.1 Block Division Model 

3.2.1.1 Training Stage of the Block Division Method 

First, I project all stool pixels extracted from stool frames into RGB color cube. Each 

unique pixel has a unique location in the RGB color cube as three coordinates R, G, B as 

illustrated in Fig. 3.1(a). For convenience, RGB is mapping to XYZ coordinate system as shown. 

In the second step, we put 256 planes into the RGB cube along with R (X) axis so that each 

integer location of R axis has a plane parallel to GB plane as seen in Fig. 3.1 (b). It is possible to 

put planes along G axis or B axis in which there is no difference among them in terms of 

modeling. Then, we assign a number (from 0 to 255) to each plane (i.e., Plane#0, Plane#1 … 

Plane#255). Among these 256 planes, we select only planes with stool pixels projected on it. 

Each selected plane is called a positive plane. 

Each positive plane is treated as a 2D model at the relevant location. For instance, 

Plane#0 at the location (0, 0, 0) is treated as a classifier for positive class examples (stool pixels 

in our case) that has a R (X) value of zero (0). This method inherits fast classification as it already 

possesses the property of eliminating non-relevant class examples (i.e., non-stool pixels in our 

case) in the training process.  
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(a) 

 

(b) 

Fig. 3.1 (a) RGB cube and corresponding locations of stool pixels, and mapping of RGB axis to 

XYZ axis (within brackets), and (b) several planes inserted into the RGB cube of (a) 
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If we pick a positive plane, it can be seen in Fig. 3.2(a). In the positive plane modeling, 

we model the areas of positive class examples. First, a positive plane is divided into four blocks. 

The block is a square since each plane is a square (256 x 256), and each may contain all stool 

pixels, all non-stool pixels, or mixture of non-stool and stool pixels. For all four blocks, we check 

the following three conditions. If all (or more than 95%) of pixels in a block are positive class 

examples (stool pixels), the block becomes a positive block, and the procedure for this block is 

done. If all pixels in a block are non-positive class examples (non-stool pixels), then the block 

becomes a negative block, and the procedure for this block is done. If some (less than 95%) of 

pixels in a block are positive class examples (stool pixels), and the block has more than or equal 

to the MNP (minimum number of pixels –in this study, MNP = 16), the block is divided into four 

smaller blocks, and we check the above three conditions for all four smaller blocks. The 

minimum block size is 4 x 4. When the iteration reaches the minimum block size, a block 

becomes a positive block if it has more positive class examples (stool pixels). Otherwise, it 

becomes negative block. This procedure is recursive, and the blocks become smaller in the next 

iteration (Each block is iteratively divided by four). In case the block has less than the MNP, if it 

has more positive class examples (stool pixels), then it becomes a positive block. Otherwise, it 

becomes a negative block.  All levels of blocks have their own unique number values in the way 

shown in Fig. 3.2(c). It is very convenient and non-ambiguous way for the numbering. Among 

these numbers, a set of numbers for positive blocks can form a vector for a positive plane, and 

a set of vectors from all positive planes can form a classification model for the detecting stage. 

This model possesses incremental learning property. Its incremental learning is performed as 

follows. When there is a new positive pixel to be inserted into the model, we can find a 
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corresponding minimum size (4 x 4) block which is a negative block. The block can become a 

positive block if it gets more positive class examples (stool pixels) by adding this new positive 

pixel. In this way, we do not have to run the entire training process from beginning when we 

need to add additional positive examples. 

 

 

(a) (b) 

  

(c) (d) 

Fig. 3.2 (a) selected plane (b) positive class examples (stool pixels) projected on a positive plane 

(plane#175) as looking into the RGB cube from right side in (a),  (c) minimum coverage area of 

the positive classes examples (stool pixels), and (d) unique numbering of blocks for fast access 

(not all shown for clarity) 
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3.2.1.2 Detecting Stage of Block Division Method 

  Detection of the positive pixel is performed by evaluating a candidate pixel on the 

classification model generated in Section 3.2.1. Once there is pixel to be detected, the R (X) 

value of the pixel is obtained and used as the index to pick the corresponding positive plane. 

For example, if the R (X) value is 5, then Plane#5 is selected and examined. This will dramatically 

reduce the number of comparisons so that the searching time is significantly reduced. In other 

words, the detecting time of the proposed technique is not dependent on the number of 

positive planes, but on how many positive blocks there are in the corresponding plane, which is 

comparatively very small.  By comparing the GB (YZ) values of the pixel with the vector 

obtained from the third step of the training stage, in other words, if the GB (YZ) values of the 

pixel can be found in the corresponding vector, it can be classified as a positive class pixel. 

Otherwise, it is classified as negative class pixel. After all pixels of a frame are evaluated, we can 

calculate a percentage of stool area for each frame such that the number of all stool pixels is 

divided by the number of total pixels. 

 

3.2.2 Convex Hull Model 

3.2.2.1 Training the Model with RGB Color Space 

Digital color images modeled in RGB color space (cube) represent each color channel 

with 8-bitinteger ranging from 0 to 255, giving us a total of 2563 potential colors. Fig. 1.2 shows 

an example of frames that can be found in colonoscopy and upper endoscopy videos. We 

project all positive class pixels in ground truth frames into RGB color cube as the first step. To 

discriminate positive class pixels from negative ones we use the fact that each color pixel has a 
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unique location in the RGB color cube as three coordinates R, G, B as illustrated in Fig. 3.1(a), 

3.3(a), and 3.5(a). For convenience, RGB is mapped to the XYZ coordinate system as shown. In 

the second step (positive class plane selection), we put 256 planes into the RGB cube along with 

R (X) axis so that each integer location of R axis has a plane parallel to GB plane as seen in Fig. 

3.1 (b), 3.3(b), and 3.5(b). Only a limited number of positive planes are shown. One can select 

either G axis or B axis as the initial axis since there is no specific reason to select one particular 

axis. In our study we select R axis to put planes along with. Then, we assign a number (from 0 to 

255) to each plane (i.e., Plane#0, Plane#1, … Plane#255). Among these 256 planes, we select 

only planes with positive class pixels. Each selected plane is called a ‘Positive plane’. 

Each positive plane contains a projection of positive pixels at the corresponding 

location, and is treated as a 2D model at the relevant location. For instance, Plane#0 at the 

location (0, 0, 0) is treated as a model for positive class examples that has a R (X) value of zero 

(0). This method inherits fast classification as it already possesses the property of eliminating 

non-relevant class examples in the training process. Finally, we model each positive plane using 

convex hulls. A brief introduction to convex hull is given next. 

 

3.2.2.1.1 Convex Hull Modeling 

Algebraically, the convex hull of dataset X can be characterized as the set of all of 

convex combinations of finite subsets of points from X: that is, the set of points of the form   

∑ ∝𝑖𝑛
𝑗=1 𝑥𝑗 , where n is an arbitrary non-zero positive integer, the numbers ∝𝑖  are non-negative 

and sum to 1, and the points xj are in X. So, the convex hull Hconvex(X) of set X is given in 

Equation 1, where the αi is a fraction between 0 and 1. 
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   𝐻𝑐𝑜𝑛𝑣𝑒𝑥(𝑋) = �∑ ∝𝑖 𝑥𝑖𝑘
𝑖=1 �𝑥𝑖 ∈ 𝑋,∝𝑖∈ ℝ,∝𝑖  ≥ 0,∑ ∝𝑖= 1,𝑘 = 1,2, … .𝑘

𝑖=1 � (3.1) 

 

To generate the convex hull points that adhere to the constraints given in equation 3.1, 

we use the quick hull algorithm introduced in [68]. The basic steps of the quick hull algorithm 

are given below and a graphical representation is given in the Fig. 3.3.  

1. Find the furthest and the closest points along the x axis; these two points will be 

included in the convex hull points set. 

2. Divide the data set into two haves using the line drawn between two points selected 

in step 1. 

3. Select a point on one side of the line drawn that is the furthest point from the line. 

This point along with two points selected in the step 1 will create a triangle. 

4. The points lying inside of that triangle will be discarded as they cannot be part of the 

convex hull. 

5. Repeat the steps 3 and 4 on the two lines formed by the triangle (Two new lines 

formed). 

6. Iterate until no more points are left.  

 

 

 

 

32 



  

(a) Data points (b) Selecting the two points along x axis 

  

(c) Forming a triangle with the selected 

points 

(d) Final convex hull 

Fig. 3.3  Basic steps of convex hull generation 

 

3.2.2.1.2 Outlier Removal 

After obtaining the convex hull points set, we perform a repetitive outlier removal 

procedure in which we remove outliers in several stages in order to improve the accuracy. For 

most of the datasets are carefully selected, first level of outlier removal would perform better. 

At the first level of outlier removal we calculate the convex hull points of the set-difference 

between Hconvex (X) and X itself. An equation to get the dataset without outliers is shown in 

Equation 3.2. The subscript 𝑖 represents the level of outlier removal. This process is a recursive 

approach with the depth of recursion depends on the number of outlier removal level required. 

We represent the level of outlier removal as a subscript in the equation as Hconvex(i) (X), with 𝑖 = 0 
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representing the convex hull with no outlier removal and 𝑖  = 1 with one level of outlier removal 

and so on. 

𝐻𝐶𝑜𝑛𝑣𝑒𝑥(𝑖)(𝑋) = 𝐻𝐶𝑜𝑛𝑣𝑒𝑥(𝑋 − ⋃ 𝐻𝑐𝑜𝑛𝑣𝑒𝑥(𝑛)
𝑖−1
𝑛=0 (𝑋))          (3.2) 

 

After performing the optimal number of levels of outlier removal, we record the plane 

number along with the set of hull points of that particular plane. This optimal number of levels 

can be decided experimentally. The training model is built out of planes along with their hull 

points. This procedure is done for all the positive class planes.  

 

3.2.2.1.3 Training the Model with Bite-block, Blood, and Stool Video Frames  

The pixel values of green bite-block, blood, and stool examples are projected into RGB 

color space and obtain the subset of data that intersect with each hyper plane at each integer 

position of Red (X) axis. If the number of data in a subset is non-zero, then the corresponding 

plane is a green bite-block, blood, or stool positive plane. The selection of positive planes is 

depicted in Fig. 3.4(a) and 3.4(b). Only a limited number of positive planes are shown to 

illustrate the technique. 
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(a) (b) 

Fig. 3.4 (a) RGB cube and corresponding locations of pixels for each object, and mapping of RGB 

axis to XYZ axis (within brackets), and (b) several planes inserted into the RGB cube of (a) 
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An example of a positive plane from green bite-block, blood, and stool datasets can be 

seen in Fig. 3.5 (a), Fig. 3.6 (a), and Fig. 3.7 (a), respectively. Then I model each positive plane 

with a convex hull which is shown in Fig. 3.5(c), Fig. 3.6(c), Fig. 3.7(c), respectively.  Fig. 3.5(d), 

Fig. 3.5(d), and Fig. 3.5(d) show first level of noise removal on dataset shown in Fig 3.5(a), Fig 

3.6(a), and Fig 3.7(a), respectively.  

  

(a) (b) 

  

(c) (d) 

 

Fig. 3.5 (b) Positive class examples (green bite-block pixels) projected on a positive plane 

(plane#20) as looking into the RGB cube from right side in (b),  (c) convex hull of the positive 

class examples, and (d) convex hull (in green) after first level outlier removal 
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(a) (b) 

  

(c) (d) 

 

Fig. 3.6 (a) Positive class examples (blood pixels) projected on a positive plane (plane#150) as 

looking into the RGB cube from right side in Fig. 4(b),(b) convex hull of the positive class 

examples , and (c) convex hull (in green) after first level outlier removal 
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(a) (b) 

  

(c) (d) 

 

Fig. 3.7 (a) Positive class examples (stool pixels) projected on a positive plane (plane#250) as 

looking into the RGB cube from right side in Fig. 3.5(b),  (b) convex hull of the positive class 

examples , and (c) convex hull (in green) after first level outlier removal 

 

3.2.2.2 Training the Model with HSV Color Space 

RGB color space is the directly accessible color space in real time colonoscopy procedure 

recording environment. Performing computations gives a better performance when it uses RGB 

color space. But when it comes to accuracy, based on the discrimination power of the color 
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spaces, HSV color space out performs RGB color space. Therefore, using HSV color space is a 

necessity to achieve a better accuracy. First, I transform RGB color space information into HSV 

color space information using the transformation given in the equation 3.3. And then follow the 

same methodology as per the RGB color space. 

 

  𝐶𝑚𝑎𝑥 = max(𝑅,𝐺,𝐵) 

 𝐶𝑚𝑖𝑛 = min (𝑅,𝐺,𝐵) 

 ∆ =  𝐶𝑚𝑎𝑥 −  𝐶𝑚𝑖𝑛 

 

  𝐻 =  

⎩
⎪
⎨

⎪
⎧600 × �𝐺−𝐵

∆
� ,𝐶𝑚𝑎𝑥 =  𝑅

600 × �𝐵−𝑅
∆
� ,𝐶𝑚𝑎𝑥 = 𝐺

600 × �𝑅−𝐺
∆
� ,𝐶𝑚𝑎𝑥 = 𝐵

 

 

                𝑆 =  �
0   ,   ∆ = 0
∆

𝐶𝑚𝑎𝑥
 ,∆ <> 0 

 
                 𝑉 =  𝐶𝑚𝑎𝑥                                                                                                                                (3.3) 

 

Each positive class plane contains a projection of positive pixels at the corresponding 

location, and is treated as a 2D model at the relevant location. For instance, Plane#0 at the 

location (0, 0, 0) is treated as a model for positive class examples that has a V (Z) value of zero 

(0). This method inherits fast classification as it already possesses the property of eliminating 

non-relevant class examples in the training process. Finally, we model each positive plane using 

convex hulls. 
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3.2.2.2.1 Training the Model with Bite-block, Blood, and Stool Video Frames  

The pixel values of green bite-block, blood, and stool examples are projected into HSV 

color space and we obtain the subset of data that intersect with each hyper plane at each 

integer position of Value (Z) axis. If the number of data in a subset is non-zero, then the 

corresponding plane is a green bite-block, blood, or stool positive plane, respectively. The 

selection of positive planes is depicted in Fig. 3.8(a) and 3.8(b). Only a limited number of 

positive planes are shown to illustrate the technique. 
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(a) (b) 

Fig. 3.8 (a) HSV cube and corresponding locations of example pixels in the HSV color cube, and 

mapping of HSV axis to XYZ axis (within brackets), and (b) several planes inserted into the HSV 

cube of (a). First row: green bite block, second row: blood and third row: stool 
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An example of a positive plane from green bite-block, blood, and stool datasets can be 

seen in Fig. 3.9. Then I model each positive plane with a convex hull which is shown in Fig. 

3.9(b).  Fig. 3.9(c) shows first level of noise removal on dataset shown in Fig. 3.9(a).  

 

   

   

   
(a) (b) (c) 

 

Fig. 3.9 (a) Positive class examples projected on a positive plane (plane #20) as looking into the 

HSV cube from top in Fig. 3.8(b), (b) convex hull of the positive class examples (red polygon), 

and (c) convex hull (green polygon) after first level outlier removal. First row: green bite block, 

second row: blood and third row: stool 
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3.2.2.2.2 Detection Stage for Convex Hull Model 

In this stage, a video frame that is unseen and need to classify into one of three cases 

(bite-block, blood, and stool) is processed one pixel at a time. Determination of the label of a 

pixel is performed by evaluating it against the classification model generated in Section 3.2.2.  

In the case of HSV color space, an unseen video frame is transformed into HSV color space first. 

Once there is a pixel to be classified, the R (V value in the HSV model) value of the pixel is 

obtained and used as the index to pick the corresponding positive plane. For example, if the R 

value of a pixel to be classified is 5, then Plane#5 is selected and examined if it is a positive class 

plane. This will dramatically reduce the number of comparisons so that the searching time is 

significantly reduced. In other words, the detecting time of the proposed technique is 

dependent on neither the number of positive planes nor how many positive examples in the 

corresponding plane. For the labeling of the pixel, it is evaluated against to the convex polygon 

of the corresponding positive plane. Pixels that are either on or inside the convex polygon are 

labeled as positive class examples. There is a separate model generated for each, green bite-

block, blood, and stool pixels detections. Each model is generated based on the positive class 

training examples of each case (green bite-block, blood, and stool) 

 

3.3 Boston Bowel Preparation Scale (BBPS) Generation 

In this section, I will discuss a method of automatically computing BBPS score based on 

the percentages of stool areas obtained using the methodology proposed. the authors in [11] 

proposed ‘Boston Bowel Preparation Scale’ (BBPS) in which the terms “excellent,” “good,” 

“fair,” and “poor,” were replaced by a four-point scoring system applied to each of the three 
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broad regions of the colon: the right colon (including the cecum and ascending colon), the 

transverse colon (including the hepatic and splenic flexures), and the left colon (including the 

descending colon, sigmoid colon, and rectum). These six parts of colon can be seen in Fig. 1.1, 

and the relationships between the terms and the points can also be seen in Table 3.1. 

 

TABLE 3.1 

RELATIONSHIP BETWEEN THE QUALITY TERM AND THE QUALITY POINTS 

Quality Term Quality Point 

Excellent 3 

Good 2 

Fair 1 

poor 0 

 

The points in Table 3.1 are assigned as follows: 

0 = Unprepared colon segment with mucosa not seen due to solid stool that cannot be 

cleared. 

1 = Portion of mucosa of the colon segment seen, but other areas of the colon segment 

not well seen due to staining, residual stool and/or opaque liquid. 

2 = Minor amount of residual staining, small fragments of stool and/or opaque liquid, 

but mucosa of colon segment seen well. 

3 = Entire mucosa of colon segment seen well with no residual staining, small fragments 

of stool or opaque liquid.  
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Each region of the colon receives a “segment score” from 0 to 3 and these segment 

scores are summed for a total BBPS score ranging from 0 to 9. Therefore, the maximum BBPS 

score for a perfectly clean colon without any residual liquid is 9, and the minimum BBPS score 

for an unprepared colon is 0. 

I compute the BBPS score automatically for a colonoscopy video. A colonoscopy video 

consists of two phases: an insertion phase and a withdrawal phase as seen in Fig. 3.10. During 

the insertion phase, a flexible endoscope (a flexible tube with a tiny video camera at the tip) is 

advanced under direct vision via the anus into the rectum and then gradually into the cecum 

(the most proximal part of the colon) or the terminal ileum. During the withdrawal phase, the 

endoscope is gradually withdrawn. The purpose of the insertion phase is to reach the cecum or 

the terminal ileum. Careful mucosa inspection and diagnostic or therapeutic interventions such 

as biopsy, polyp removal, etc., are performed during the withdrawal phase.   

 

Sigmoid

Descending Colon

Cecum

Rectum

Transverse 
Colon

Terminal Ileum

Ascending Colon

Cecum

Ascending Colon

Transverse 
Colon

Rectum

Sigmoid

Descending Colon

Insertion Phase Withdrawal Phase

Left (30%) Transverse 
(30%) Right (40%) Right (30%) Transverse 

(30%) Left (40%)

 

Fig. 3.10 Two phases in colonoscopy video 

  

The recorded colonoscopy video is divided into insertion phase and withdrawal phase 

automatically using the techniques we developed [69]. In our implementation, the right colon 
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has the last 40% of insertion phase plus the first 30% of withdrawal phase. The transverse colon 

has the middle 30% of insertion phase plus the middle 30% of withdrawal phase. The left colon 

has the first 30% of insertion phase plus the last 40% of withdrawal phase. These numbers are 

based on our experiments and the opinion of the domain expert. We calculate these score 

values mathematically based on the stool percentage values obtained above for each frame. 

We assign a score value for each frame based on the stool pixel percentage present in the 

frame, and calculate the numerical average for each colon segment (right colon, transverse 

colon, and left colon) for the final score value.  The stool percentage values and the 

corresponding score values are shown in the table 3.2. 

 

TABLE 3.2 

STOOL PERCENTAGE IN A FRAME AND THE ASSIGNED SCORE VALUE 

Stool percentage % Score value assigned 

0 – 10 3 

11- 25 2 

26 – 50 1 

51 – 100 0 

 

3.4 Integration of Methodology in Real Time Software Development Kit  

SAPPHIRE middleware is a framework to process real time video streams. This 

framework is specially built aiming at endoscopy video processing. SAPPHIRE is a configurable 

multi module system so that modules performing literally different tasks, from object detection 
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to motion to camera motion estimation, can be integrated. There is one critical requirement 

that every module must satisfy in order to be integrated into SAPPHIRE without performance 

degradation. That is any module should finish its processing within 33ms. The method proposed 

in this dissertation is capable of producing a better result while adhere to the requirements of 

SAPPHIRE. The general architecture of the SAPPHIRE is given in the Fig. 3.11. In order to be the 

SAPPHIRE middle ware, any module needs to follow a set of programming rules called 

SAPPHIRE Application Programming Interface (API). SAPPHIRE middle ware communicates with 

the modules using the API provided by the SDK. Structure of the SAPPHIRE middleware is given 

below. 

 

 

Fig. 3.11 SAPPHIRE middle ware architecture. This thesis work marked with red circles 
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The proposed method is being applied in the real world applications successfully. The 

case study, stool detection, has being implemented and tested in a clinical setting. This 

implementation estimates the amount of stool debris available in the colon when a 

colonoscopy procedure is performed. Determination of amount of stool debris available in the 

colon plays a critical role as explained in the introduction section.  The implemented 

methodology has been integrated into the real time video processing framework, SAPPHIRE. 

This framework is built to accept video signals from the Colonoscope and process information 

in each video frame. Then, this information is being display on a head up display to give doctors 

a feedback of their work. A sample snapshot of the proposed method in work is depicted in Fig. 

3.12. In addition to stool detection, green bite-block detection is also in use. This module 

determines the type of the procedure, upper endoscopy or colonoscopy, at the very beginning 

of the procedure.  
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(a) (b) 
Fig. 3.12 Application of proposed method in a pilot run (a) Performance metrics of the running 

modules in average time taken in milliseconds/frame; (b) head up display (HUD) of the 

physician with related modules are marked with red 

3.5 Performance Gain through Massive Parallelism 

Quality measurements in colonoscopy videos involve intensive image processing. As a 

result, the time taken for a given task to complete is considerably high. To get the real benefit 

of using a computer program in quality measurements, one must improve the performance of 

the program to reduce the time taken to perform a given task. Algorithm optimization is one of 

the methods available to accomplish this task. There are situations, even though optimal 

algorithm is being used, in which the time complexity of a given algorithm is beyond the 

expectations. In this situation, parallel computing is the first among several other techniques to 

come for the rescue. In this study, I used heterogeneous parallel computing platform (Graphics 

Processing Unit - GPU) to overcome the speed barrier of the problem formulated. There are 

two different parallelism, data parallelism and task parallelism. The problem I am dealing with 
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is inherently data parallel.  Hence, I am using data parallelism in this study. In this scenario, the 

problem data set is sub divided into many number of partitions and perform the algorithm on 

each of them in parallel. The number of data partitions is basically defends on the capability of 

the GPU device available in the system. With a modern day computer, this number can go up to 

thousands without any performance degradation. 

NVIDIA GTX460 GPU with CUDA programming and OpenCL API were used to achieve a 

better acceleration with which the proposed methodology can perform in real time with a 

reduced burden to the underlying computer system. OpenCL architecture and the proposed 

implementation are discussed in brief next. 

 

3.5.1 OpenCL 

OpenCL (open computing language) is a cross platform parallel computing API extension 

to C language for heterogeneous computing devices [70]. OpenCL code is portable across 

various devices with correctness guaranteed.  There is no guarantee for a consistent 

performance gain across different target devices. Performance gain is achieved through the 

massive parallelism. When it comes to the fast computation, the memory model plays a major 

role. OpenCL memory model is given in the Fig. 3.13. 

50 



 

Fig. 3.13 OpenCL memory model 

 

3.5.2 OpenCL Execution Model 

OpenCL execution model is a combination of host and device programs written in C. 

Inherently serial or modestly parallel parts of the execution model are included in the host code 

while highly parallel parts are included in the device code. An OpenCL kernel (piece of program 

run on GPU device) is executed by an array of work items. All these work items run the same 

code as single program multiple data (SPMD). OpenCL host code mostly triggers device 

execution and memory allocation. 
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3.5.3 Proposed OpenCL Implementation 

Amongst the very time consuming modules, the blurry detection module comes first. 

The blurry detection module has several steps and need to implement the most time 

consuming part in GPU. The basic block diagram of the algorithm is given in the Fig. 3.14. 

 

 

Fig. 3.14 Block diagram of the blurry detection module 

 

The Edge detection (Sobel edge) detection part of the algorithm is implemented in the GPU as it 

inherits massive parallelism. The video frame is read from the video stream and converts it to 

gray scale. The gray scaled image is then transferred into the GPU and stores it in the global 

memory. Additionally, Sobel masks are transferred into the constant memory of the GPU. Host 

code triggers the execution of Sobel convolution in the GPU. Finally, edge map result is 

transferred from the GPU device to host for further processing.  

 

3.6 Blood based Anomaly (erythema) Detection 

Erythema is a blood based anomaly seen on human skin or on internal organs’ walls 

such as colon wall. The main characteristic of erythema condition is the redness. As the first 
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step, it is necessary to get the color emphasis mat that emphasis red color while suppressing 

other color information. I use a technique named minimum red difference that is computed as 

the minimum difference between red channel and other two channels (Green and Blue). This is 

achieved by applying the Equation 3.4. Then we subtract gray scale image of the same frame 

from the red difference image mat. Fig. 3.16 shows the result of the step of obtaining red 

difference mat. The basic steps of the detection process are given in the Fig. 3.15. 

 

 𝑅𝑒𝑑 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑚𝑎𝑡 = 𝑀𝑖𝑛( 𝑅𝑒𝑑 − 𝐺𝑟𝑒𝑒𝑛,𝑅𝑒𝑑 − 𝐵𝑙𝑢𝑒)         

             𝑅𝑒𝑑 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑧𝑒𝑑 𝑚𝑎𝑡 = 𝑅𝑒𝑑 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑚𝑎𝑡 − 𝑔𝑟𝑎𝑦 𝑠𝑐𝑎𝑙𝑒 𝑖𝑚𝑎𝑔𝑒      (3.4) 

 

 

Fig. 3.15 Block diagram of erythema detection 
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(a) (b) 

Fig. 3.16 Red difference mat of (a) healthy and (b) erythema video frames 

 

Minimum red difference mat contains both red boundary and non-red boundary 

regions. In our application domain, this includes redness regions and blood vessels. The main 

approach is to distinguish erythema by edge characteristics of red boundary edge map. The 

canny edge detector [71] is used to obtain the edge map of both red and non-red boundary 

regions. To obtain the boundary pixels that are resulted only from red boundary pixels, I 

perform pixel wise AND operation between canny edge result and red emphasized mat. This is 

shown in Eq. 3.5. Result is shown in Fig. 3.17. 

 

Red boundary pixels map = (Canny edge result)  ∩  (Red emphasized mat)      (3.5) 
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(a) (b) 

  

(c) (d) 

Fig. 3.17 (a) Original frame (b) red emphasized mat, (c) canny edge result, (d) red boundary 

pixel map 

 

Next isolated pixel removal and closing operations are performed. The morphological 

operations dilation followed by erosion is performed with 3x3 neighborhoods. The result is 

shown in the Fig. 3.18. 
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(a) (b) 

Fig. 3.18 (a) Red boundary pixel map, (b) after performing morphological operations for row1: 

healthy and row 2: erythema condition 

 

The next step is to distinguish frames with healthy blood vessels from frames that have 

erythema conditions. In this step, we obtain the 8 neighborhood connected components of the 

Red boundary pixel map. Connected component labeling is done using the algorithm outlined in 

[72], the basic steps of the algorithm are 1. Search for the unlabelled pixel p in the binary 

image. 2. Use a flood-fill algorithm to label all the pixels in the connected component 

containing p. 3. Repeat steps 1 and 2 until all the pixels are labeled.  After obtaining the 

connected components, we use statistical measures such as number of connected components, 

number of elements in each component, and the variance of the number of elements in each 

component. These measures are greatly differing for healthy frames that have healthy blood 

vessels and unhealthy frames with erythema condition.  
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CHAPTER 4 

EXPERIMENTAL SETUP AND RESULTS 

In this section, accuracy and performance data are presented in two sub sections, one 

for block division method and the other for convex hull method. BBPS calculation evaluation, 

performance gain through massively parallel implementation, sample results of the proposed 

method, and results of erythema detection are also provided. 

4.1 Block Division Model 

In this section, results of the proposed method and comparison of block division method 

are presented. For the comparison, I used support vector machine and KNN classifier. Based on 

the results, it is clearly seen that the proposed method out performs both classifiers mentioned 

before in terms of speed. That makes the proposed method well suited in the domain of 

colonoscopy video analysis.  All the computations in our experiments were performed on a PC-

compatible workstation with an Intel Pentium D CPU, 1GB RAM, and Windows XP operating 

system.  

 

4.1.1 Data Set 

For our experiments, 58 videos recorded from Fujinon colonoscope were used. The 

average length of the videos is around 20 minutes, and their frame size is 720 x 480 pixels. We 

extracted 1,000 frames from all 58 colonoscopy videos, in which each frame has at least one 

stool region. The domain experts marked and confirmed the positive regions in these frames. 

From half (500) of these frames, we filtered out duplicate examples (pixels), and obtained only 

unique positive examples for the training. Table 4.1 shows the positive pixels used for the 
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training. In the case of stool detection, using 31,858 stool pixels, we followed all the steps in 

Section 3.2.1. Then, we used all the pixels in the remaining half (500) of the frames for the 

detecting discussed in Section 3.2.1. We assess the effectiveness of our proposed algorithm at 

the pixel level by determining the performance metrics Sensitivity and Specificity. For a 

comparison purpose, we implemented the method in our previous work [12] using the same 

dataset mentioned above. Table 4.2 shows this comparison.  

 

TABLE 4.1 

NUMBER OF EXAMPLES (PIXELS) USED IN THE TRAINING STAGE 

Stool Dataset 

Positive (stool) 31,858 

 

TABLE 4.2 

PERFORMANCE COMPARISON WITH THE PREVIOUS WORK 

Sensitivity Specificity 

New Old New Old 

92.9 (%) 90.6 95.0 93.8 

 

Also, we implemented the well-known KNN (K-Nearest Neighbor, K=1 in our study) 

classifier using the same dataset mentioned above to see how fast the proposed method can 

perform. Table 4.3 presents the speed comparison for KNN classifier with our proposed 

method. It takes more than 420 seconds (7 minutes) to evaluate a frame (720 x 480 pixels) in 

the KNN.  On average, it takes 0.00127 seconds to evaluate one pixel. However, it takes around 
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11 seconds to evaluate a frame (720 x 480 pixels) in the proposed method.  If we consider only 

the detection, it takes less than one second to evaluate one frame. This is a significant 

achievement.  As mentioned in Chapter 1, we need to process 3,600 frames to generate a 

colonoscopy report for 20 minute colonoscopy video.  It is not practical to use KNN classifier 

even though it can provide 98% of sensitivity and specificity on average.  

 

TABLE 4.3 

AVERAGE TIME TAKEN FOR KNN AND THE PROPOSED METHOD 

KNN (trainging +detection) Proposed method 

(Detection) 

Proposed Method 

(Training ) 

4,37.5 (seconds) 0.9 10.0 

 

Fig. 4.1 lists some results obtained using the proposed method. The numbers (1, 2 and 

3) on each frame represent the regions semi-automatically segmented for the determination of 

ground truth. For instance, region 2 in Fig. 4.1(a), region 1 in Fig. 4.1(b), and region 1 in Fig. 

4.1(c) were labeled as stool by the domain experts. The first row consists of the original frames 

with the ground truth marked, and the second row contains the results from our method for 

the first row (stool regions are marked with blue). 
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(a) 

 
(b) 

 
(c) 

   

Fig. 4.1 Sample results from the block division methodology 

4.2 Convex Hull Model 

In this section, I evaluate the proposed convex hull method in terms of accuracy and 

computation speed. For the evaluation, I compare the proposed method with the K-NN and 

SVM classifiers for both accuracy and speed. In addition, I provide a comparison of accuracies 

obtained from the proposed method with HSV and RGB color spaces. Finally, I present an 

accuracy comparison of the proposed method for different axes as the initial axis (i.e. accuracy 

of the proposed method when placing the planes along Hue, Saturation, and Value axes). 

 For our experiments, I used a set of 68 real colonoscopy and upper endoscopy 

videos. This video set contains 20 videos recorded from Fujinon scope, and 48 videos recorded 

from Olympus scope to make it scope-independent. From this video set, we extract total 2,000 

video frames showing positive regions of each object as seen in Table 4.4. The ground truths 

from these frames have been extracted and confirmed by our domain expert. For bite-block, 

currently only Olympus video frames are available. The average length of the videos is around 

20 minutes, and their frame size is 720 x 480 pixels. These frames have a black boundary 
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around edge of frame as seen in Fig. 1.3. I ignore all black boundaries. From these frames, we 

obtained only unique positive examples of total 290,000 pixels for this experiment as seen in 

Table 4.5.  

 

TABLE 4.4 

NUMBER OF FRAMES USED FOR THE EXPERIMENT 

Object Type Fujinon Olympus Total Frames 
Bite-block 0 700 700 

Blood 100 400 500 

Stool 300 500 800 

Total 400 1,600 2,000 

 

TABLE 4.5 

NUMBER OF EXAMPLES (PIXELS) USED FOR THE EXPERIMENT 

Object Type Positive 

Examples 

Negative 

Examples 

Total 

Examples 

Bite-block 140,000 760,000 900,000 

Blood 44,000 856,000 900,000 

Stool 106,000 794,000 900,000 

 

 

All the computations in our experiments were performed on a PC-compatible 

workstation with an Intel Core i7 quad core CPU, 8GB RAM, and Windows 7 operating system.  
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4.2.1 Accuracy Evaluation 

In this section, I compare the proposed method with the K-NN and SVM classifiers for 

accuracy. I present our results using commonly used performance metric accuracy. As seen in 

Table 4.6, Actual Class is the class that a particular example belongs (positive or negative), and 

the Predicted Class is the result from the classifier, where, TP –True Positive, TN – True 

Negative, FP – False Positive, and FN – False Negative. Accuracy is defined as 

(TP+TN)/(TP+FP+FN+TN), and it represents the number of correctly classified instances.  

 

TABLE 4.6 

ACCURACY METRIC 

 Predicted Class 

 

Actual Class 

 Positive Negative 

Positive TP FN 

Negative FP TN 

 

First, I partition the testing dataset of pixels (shown in Table 4.5) into nine sub-data sets 

each having 100,000 data points by adding appropriate numbers of negative pixels. Then, I 

incrementally add subsets to evaluate and compare two classifiers with our proposed method. 

After incrementing the size of the data set, a testing is carried out as a 10-fold cross validation 

[73] to achieve a better estimation. Accuracy comparisons for three object detections are given 

in Fig. 8. The proposed method’s accuracy is very close to the accuracy of SVM, and far better 

than KNN in the bite-block detection (Fig. 4.2(a)) and the blood detection (Fig. 4.2(b)). For the 

stool detection, the proposed method’s accuracy is better than both classifiers (Fig. 4.2(c)). This 

62 



is due to the fact that the hue range in stool examples is much larger than bite-block and blood 

examples, and the proposed method is more robust than SVM and KNN in handling variations 

in our applications. The effect of hue range is getting larger when more data points are 

considered, and causes the accuracies of SVM and KNN to get lower with the increasing size of 

data set as shown in Fig. 4.2(c).  

 

4.2.1.1 Detection Accuracy for Bite-block, Blood, and Stool 

In this section, we present accuracy comparison of three algorithms, SVM, K-NN, and proposed 

method for green bite block, blood, and stool detection. It is clearly seen from the graphs that 

the proposed method outperforms SVM in two instances and get closer to SVM in one instance. 

Proposed method is getting its best performance with the increasing size of the dataset. And it 

can keep consistency in all three case studies where other two methods failed to be consistent. 

 

 
(a) 
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(b) 

 
(c) 

Fig. 4.2 Accuracy comparisons of proposed method (Hull), SVM, and K-NN for (a) bite-block, (b) 

blood, and (c) stool detections 

 

4.2.2 Performance Evaluation 

We evaluate the proposed algorithm against SVM and K-NN classifiers for speed 

performance. We represent speed performance as time taken to process large number of data 

points and incrementally add data points to make it larger at each evaluation. And the Fig. 4.3 

shows gradual degradation of speed performance of each algorithm with the increasing 

number of data points. We, in our domain, are aiming at frame level object detection. Hence, 

we expect the proposed method to perform well with a number of data points equal to 

720x480 = 345,600 that is the resolution of a colonoscopy video frame. This test was performed 
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with the gradually increasing sample size to demonstrate the applicability of each technique in 

the domain of large data set processing. 

 

4.2.2.1 Detection Speed for Bite-block, Blood, and Stool 

 Proposed method shows promising applicability in this context. Specially, the proposed 

method is well suited to be used in the context of real-time processing. The other two well 

known methods, SVM and K-NN, perform closely to proposed method in terms of accuracy. But 

they are very inefficient in the context of real-time processing.  

 

 
(a) 

 
(b) 
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(c) 

Fig. 4.3 Speed comparisons of proposed method (Hull), SVM, and K-NN for (a) bite-block, (b) 

blood, and (c) stool detections 

 

4.2.3 Accuracy Comparison of the Proposed Method in RGB and HSV Color Spaces 

This subsection provides an accuracy comparison of the proposed method in RGB and 

HSV color spaces. For the RGB color space, the red axis was used as the initial axis. And the 

value axis was used as the initial axis in HSV color space. The accuracy calculation was done as 

the same way in Section 4.2.1. Table 4.7 shows that the HSV color space outperforms the RGB 

color space in all three object detections.  
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TABLE 4.7 

ACCURACY COMPARISON BETWEEN RGB AND HSV COLOR SPACES 

Number of Data Points (* 
100K) 

Bite-block Blood Stool 
RGB HSV RGB HSV RGB HSV 

1 0.97 0.99 0.99 0.99 0.99 0.99 
2 0.98 0.99 0.96 0.99 0.99 0.99 
3 0.98 0.99 0.96 0.99 0.99 0.99 
4 0.98 0.99 0.96 0.99 0.98 0.99 
5 0.98 0.99 0.95 0.99 0.98 0.99 
6 0.98 0.99 0.95 0.99 0.98 0.99 
7 0.98 0.99 0.95 0.99 0.98 0.99 
8 0.98 0.99 0.96 0.99 0.98 0.99 
9 0.98 0.99 0.96 0.99 0.98 0.99 
Average 0.98 0.99 0.96 0.99 0.98 0.99 

 

4.2.4 Accuracy Comparison of the Proposed Method with Different Initial Axes 

This section provides an accuracy comparison of the proposed method with different 

initial axes (selecting Hue or Saturation axis instead of Value axis). The results are shown in 

Table 4.8 in which three columns for each object; Hue, Saturation (Sat), and Value (Val). Testing 

was carried out as the same way in Section 4.2.1. As seen in the table, when the initial axis is 

value, the accuracies for all three objects are better. To achieve a better accuracy, the initial 

axis should be value axis.  
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TABLE 4.8 

ACCURACY OF THE PROPOSED METHOD WITH ALL THREE INITIAL AXES 

Data points 
(*100k) 

Green bite-block Blood Stool 

Hue Sat Val Hue Sat Val Hue Sat Val 
1 0.99 0.99 0.99 0.71 0.88 0.99 0.99 0.99 0.99 

2 0.99 0.99 0.99 0.76 0.85 0.99 0.99 0.99 0.99 

3 0.99 0.99 0.99 0.83 0.86 0.99 0.96 0.98 0.99 

4 0.99 0.99 0.99 0.86 0.87 0.99 0.93 0.95 0.99 

5 0.99 0.99 0.99 0.89 0.87 0.99 0.91 0.94 0.99 

6 0.99 0.99 0.99 0.91 0.88 0.99 0.9 0.93 0.99 

7 0.99 0.99 0.99 0.92 0.89 0.99 0.9 0.93 0.99 

8 0.98 0.98 0.99 0.93 0.91 0.99 0.92 0.94 0.99 

9 0.97 0.97 0.99 0.94 0.92 0.99 0.92 0.94 0.99 

Average  0.99 0.99 0.99 0.86 0.88 0.99 0.94 0.95 0.99 

 

 

4.2.5 Evaluation Examples 

Fig. 4.4 shows examples of results obtained using the proposed method. The first row of 

Fig. 4.4 consists of the original frames with the ground truth marked for stool, green bite bock 

and blood. The second row contains the results from our proposed method for each frame 

listed in first row. For these three examples, three training models are used. Blue colored pixels 

represent the pixels that our proposed method detected as positive class pixels in each 

application. 
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(a) 

  
(b) 

 
(c) 

 
(d) 

  
(e) 

  
(f) 

Fig. 4.4 (a) Frame with a stool region, (b) frame with a green bite block region, (c) frame with a 

blood region, (d) result of our proposed method for frame in (a) using stool model, (e) result of 

the method for the frame in (b) using green bite block model, and (f) result of our method for 

the frame in (c) using blood model 

4.3 BBPS Score 

We generated BBPS scores for all 58 videos and list randomly selected 5 results in Table 

4.9 having a comparison with the ground truth scores suggested by domain experts. The 

column ‘Ground truth BBPS’ in Table 4.9 is the average score values from three different 

experts. It is rarely found a video with all three experts come closer in terms of the scores. 

Therefore, it is hard to find the definite score for a given video. We took the average of three 

BBPS ground truths as our target value to be reached.  As seen in the table, the calculated 

values are very close to the ground truths. 
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TABLE 4.9 

COMPARISON OF CALCULATED BBPS SCORES WITH GROUND TRUTH BBPS SCORES 

Video ID Calculated BBPS Ground Truth BBPS 

1 7 6 

5 4 3 

9 6 6 

10 6 7 

13 6 5 

 

4.4 Performance Gain through Massive parallelism 

In this section, performance gain by using the GPU with OpenCL is presented. It is clearly 

seen that with the use of GPU with OpenCL, the targeted module can process a video frame 

within the given time slot bounded by the real time processing requirement. That is the 33ms 

time constraint. Any module to process 30 frames per second in real time systems; it should 

finish its work for a frame within 33ms. I measure the time performance at three points in the 

algorithm; 1) Image reading and gray scale conversion; 2) Sobel edge detection; 3) Enhance 

connectivity, block sum generation, and thresholding. Time performance for above mentioned 

sections is shown in the Table 4.10. 
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TABLE 4.10 

TIME PERFORMANCE OF THE BLURRY DETECTION MODULE IN THE CPU AND GPU 

Check Point 1 2 3 Total 

GPU with OpenCL 
(Sec/Frame) 
 

0.102 0.015  0.1  0.209  

CPU   
(sec/Frame) 

0.102  0.176  0.1 0.378  

4.5 Erythema Detection 

In this section, the results of the Erythema detection are provided. As can be seen in the 

Table 4.11, there is a clear cut between healthy video frames and Erythema video frames in 

terms of statistical measures generated. These statistical measures can be used to separate 

healthy frames from Erythema frames. 

 

TABLE 4.11 

STATISTICAL MEASURES FOR HEALTHY AND ERYTHEMA CONDITION 

Statistical Measure Healthy video frame Erythema video frames 

Average Connected components 314.11 609.28 

Average number of elements  

in a component 

46.90 42.59 

Standard Deviation  

of number of elements 

53.69 43.13 

  

71 



CHAPTER 5 

CONCLUSION 

 

Medical video analysis for quality assessment is a key subject area in the medical 

domain. Specifically, endoscopy procedures are subjected to quality assessments. Quality 

assessment will improve the procedures’ productivity and the increase the patient survival rate. 

Colonoscopy video, one of endoscopy procedures, analysis inherently involved with huge 

amount of data. With 20 minutes of video at a rate of 29.97 frames per second, there are about 

36,000 frames to analyze. To provide quality measurements in real time with this many frames 

is a challenging task. State of the art methods are failing at very large data sets and hence a 

novel approach was needed. 

In this dissertation, a novel method of object detection has been proposed. This novel 

method was developed to detect three classes of objects found in the colonoscopy procedures. 

The proposed method can perform the object detection with a great accuracy by adhering to 

the real time processing requirements very well.  

The proposed method is capable of learning from a sub set of training data. And it is 

capable of building a complete training model by dividing the whole data set into many sub 

data sets and generating a sub model for each sub set of data. For the modeling of each sub 

data set, a convex hull is used. This concept can eliminate the lazy learning problems associated 

with the models such as k-NN classifier. It can learn incrementally and hence does not need to 

keep the whole dataset for re-training as per the SVM.  
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Further, there are four application of the proposed method have been provided in this 

dissertation; green bite-block detection, blood detection, and   stool detection. In addition, 

blood detection has been used to detect Erythema condition in the colon wall and stool 

detection has been used to estimate the BBPS score value for a colonoscopy procedure.  

The proposed method is currently in a pilot run in a clinical setting and performing 

successfully with the satisfied expectations.  

 

5.1 Future Directions 

The current method represents a sub set of data using a convex hull. This would in some 

instances generate soft modeling of the data set. The one solution for this problem is to model 

the data set using a concave hull. This approach would approximate the distribution of the data 

set very closely. And also, investigation of the other domain problems where the proposed 

method can be adopted is another future work. 
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