
  
Abstract—This study proposes a segmentation method for scar 

tissue and normal cells of liver tissue image and designs a liver phase 
recognition system. In medical image of liver cancer, capturing 
characteristics of liver tissue to identify liver cancer phase is a new 
approach. Currently, doctors diagnose liver cancer by using their eyes, 
but it is inevitable that doctors may ignore some details because of 
fatigue. Therefore, we propose an automatic identification system for 
liver cancer phase to help doctors to determine liver cancer phase of 
liver cancer images. 

The liver cancer phase automatic Identification system proposed in 
this paper uses the image processing methods to segment the scar 
tissue and normal cells. This system is divided into two parts, one is 
the segmentation of scar tissue and normal cells, and another is 
automatically determining the liver cancer phase. Because of uneven 
distribution of light when shooting liver tissue image, there are light 
reflection surrounding the image and it will interfere segmentation. 
This study proposes a segmentation method which uses adaptive cross 
filter concept to solve this problem, and it can also reduce the 
computing time.  

This paper extracts scar tissue and normal cells from images of liver 
tissue and uses the different features in images of different phases as 
basis to judge the liver cancer phases. The experimental results show 
that, in segmentation of scar tissue and normal cells of liver cancer 
image, and the accuracy, recall rate, and F-value of liver cancer phase 
recognition system all achieve more than 92% recognition rate. 
 

Keywords—scar tissue, image segmentation, liver cancer, cancer 
diagnosis system.  

I. INTRODUCTION 
ANCER continues to lead the yearly cause of death of 
people in Taiwan, and liver cancer is the first among the 

top ten cancers. Liver cancer is the most common cancers and 
up to 8,000 people [1] die from liver cancer, it has become the 
greatest killer who endangers people's health. Liver cancer is 
the malignant tumors which grow rapidly, it always occur at the 
age of 45 to 65, If patients never seek medical diagnosis until 
the symptoms occur, it is usually the liver cancer of a final. 
Therefore, if the liver cancer cannot be diagnosed in early stage 
and get proper medical treatment, patients often die within half 
a year after the liver cancer diagnosed. Therefore, how to 
prevent the occurrence of liver and the treatment of liver cancer 

1Yung-Kuan Chan, 2Wei-Jung Huang, 3Yi-Wen Hung, and 4Kwong-Chung 
Tung are now with the National Chung Hsing University, Taiwan, ROC, 
(e-mail: 1ykchan@nchu.edu.tw, 2u51753@gmail.com, 3hongiw@yahoo.com.tw, 
4kctung1@dragon.nchu.edu.tw).  

Ching-Lin Wang is with the National Chin Yi University, Taiwan, ROC, 
(e-mail: clwang@ncut.edu.tw ).  

 

of has become the very important issue. 
The occurrence of the liver cancer is result from there are too 

much fat in liver and it is out of the capacity for save in the 
liver. At this time, the normal tissues in the liver will change 
into the warehouse for saving fat, so, tissues in the liver cells 
and around liver cells all becomes fat organizations. Because of 
this, the liver cells cannot get enough blood supply, and result 
in absorbing less nutrients and oxygen than they require. So, it 
is prone to inflame or necrosis. Liver inflammation will 
stimulate the proliferation of fibrous tissue in the liver, these 
fibrous tissues then become scar tissue and surround the liver 
cells and change into the fake hepatic lobule. After affected by 
some additional carcinogenic factors, it transformed into liver 
cancer [2]. Early liver cancer does not almost result in any 
disease status. Even some large tumors will also not cause pain 
or other disease symptoms until late liver cancer. In late liver 
cancer, tumor is large enough to directly pressure to the large 
blood vessel and make damage to liver function. Tumors may 
also break and bleed then cause to abdominal intense pain, even 
shock and die because loss too much blood. 

In order to understand the pathology of liver cancer, animal 
studies inject chemicals substance to liver tissue of rat to induce 
it to disease. In this case, carbon tetrachloride (CCl_4) is used 
as the chemical substance which is injected to rat [3]. The 
chemical substance injected into the liver of rat repeatedly, 
resulting in the liver sclerosis, further lead to liver cancer. In 
this experiment, every four weeks the liver of rat will be 
extracted and observed by a microscope, and the 
photomicrograph is also captured in this experiment. 
According to the time period, the degree of liver cancer is 
divided into three phases. The first phase of the liver cancer, 
carbon tetrachloride has injected into rat for four weeks and the 
liver tissue image is displayed in Figure 1-1. In the image, the 
scar tissue represents it proliferate because of the inflammation 
of the liver stimulate. When the phase getting later, more scar 
tissue will surround the normal liver tissue, as indicated by the 
arrow 1 in Figure 1-1 [2]. The second phase of liver cancer, the 
carbon tetrachloride has injected into rat for eight weeks. We 
can clearly see the proliferation of scar tissue, shown in Figure 
1-2, indicated by arrow 2. We observed that the area and the 
quantity of the scar tissue are more than first phase. The third 
phase of liver cancer, the carbon tetrachloride has injected into 
rat for twelve weeks. We can see the serious proliferation of 
scar tissue where arrow 3 indicated, and the area is larger the 
second phase. Almost all of the normal liver tissues are 
surrounded by scar tissue and the distribution is denser than the 
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second phase, as shown in Figure 1-3.  
 

 
Fig. 1-1.Grade I of liver cancer tissue image 

 

 
Fig. 1-2.Grade II of liver cancer tissue image 

 

 
Fig. 1-3.Grade III of liver cancer tissue image 

 

A.  Motivation 
Traditionally, the judgment for the phase of liver cancer 

usually take a considerable amount of time for doctors to 
observe the huge number of medical images. Medicine of 
nowadays use X-ray, MRI, …etc. technology to observe the 
roughness of the surface of the liver and whether there are 
tumors, and further determine if it is liver cancer. In some 

serious situation, it is necessary to do surgical puncture to take 
the liver slices out, and then observing the amount of scar tissue 
of liver tissue in the image by using microscope [4]. 

For liver cancer pathology, we observed that there are 
different changes in the area of the scar tissue in the different 
phases of liver cancer. In liver cancer tissues image, the area of 
the scar tissue from the first to the third will become more and 
larger. Scar tissue area for each phase is different, but between 
two very similar liver cancer tissues image, it is still difficult to 
identify correctly. For example, in Figure 1-4 and Figure 1-5 
Phases I and II are from different rat liver cancer, but the scar 
tissue area are similar. Because the area of the scar tissue is hard 
to accurately calculate manually, in this research, we cut the 
scar tissue and extract the features to identify liver cancer 
phase. 
 

 
Fig.  1-4. Case one of Grade I of liver cancer tissue image 

 

 
Fig.  1-5. Case two of Grade I of liver cancer tissue image 

 

B. Object 
To reduce the processing time, error of human judgment, and 

human resources, this study proposed a method to 
automatically cut and extract feature from liver tissue image. 
We also propose a liver cancer phases recognition system to 
identify the phases of liver cancer, and we expect that it can 
assist expert to diagnose the phase of liver cancer. Another 
purpose of this study is to determine the effect of the liver 
cancer drug to patients with liver cancer. In the experiment, the 
drug is injected into rat, after a period of time, take the liver 
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tissue out and observe if the phases of liver cancer continue to 
deteriorate or no. Then, it is able to tell the efficacy of this drug 
to liver cancer. To assist doctors in determining the phases of 
liver cancer, we develop a system that can automatically cut 
scar tissue in liver tissue image and identify the phase of liver 
cancer. 

C. Organization 
In this study, the second chapter introduces some commonly 

used image segmentation and classification method. In Chapter 
3, the scar tissue and normal liver tissue segmentation method 
will be introduced. The identification of the phases of liver 
cancer, the description of feature extraction and classification 
are introduced in Chapter 4. Chapter 5 shows the experimental 
results, and chapter 6 is the conclusion and the future prospect 
of this study. 

II. RELATED WORK 
Many image segmentation methods for medical images has 

been proposed, the image segmentation method of liver tissue 
proposed in this study including Otsu' s Thresholding 
[5][6],K-means clustering algorithm[7] and genetic 
algorithm[8][9][10][11]. 

 

A. Otsu' s Thresholding 
Otsu′s Thresholding[5][6] is from gray scale images to find 

the appropriate threshold, use the threshold objects extracted 
from the image and binary image. In Otsu′s Thresholding , 
assume that 𝑛𝑖 is the number of pixels with gray-level 𝑖 , 𝐿 is 
the maximum gray scale value and 𝐹 is the total number of 
pixels in the gray-level image. The probability 𝑝𝑖  of a pixel 
with gray-level 𝑖 in image can be computed as Equation (1): 

𝑝𝑖 = 𝑛𝑖
𝑁

,  𝑖 = 1,2,3, … , 𝐿                          (1) 

Then separate the pixels into two classes 𝐶𝐼  and 𝐶2  by a 
threshold𝑘; 𝐶𝐼 denotes pixels gray-scale value is less than or 
equal 𝑘, and 𝐶2 denotes pixels gray-scale value is greater than 
𝑘. The probability p𝐶1  and p𝐶2  of the pixels in 𝐶𝐼 and 𝐶2 can be 
computed as follows: 

𝑝𝐶1 = ∑ 𝑝𝑖𝑘
𝑖=1   and   𝑝𝐶2 = ∑ 𝑝𝑖𝐿

𝑖=𝑘+1                     (2) 
 

Where the mean m𝐶1  and m𝐶2  of 𝐶𝐼 and 𝐶2 can be computed 
as follows: 
𝑚𝐶1 = ∑ 𝑖×𝑝𝑖

𝑝𝐶1

𝑘
𝑖=1   and  𝑚𝐶2 = ∑ 𝑖×𝑝𝑖

𝑝𝐶2

𝐿
𝑖=𝑘+1  

The Otsu′s Thresholding  method then computes the 
optimal threshold 𝑜𝑝𝑡_𝑘∗  by minimizing the within-class 
variance as follow: 

𝑜𝑝𝑡_𝑘∗ = 𝐴𝑜𝑜( 𝑚𝑖𝑛  1≤𝑘<𝐿(𝜎2𝑤𝑖𝑡ℎ𝑖𝑛(𝑘)))                (3) 
Where 𝜎2𝑤𝑖𝑡ℎ𝑖𝑛  is with-class variance which can be 

computed as follow: 
𝜎2𝑤𝑖𝑡ℎ𝑖𝑛(𝑘) = p𝐶1 ×

∑ 𝑁𝑖×(𝑖−m𝐶1(𝑘))2𝑘
𝑖=1

𝑁𝐶1
+ p𝐶2 ×

∑ 𝑁𝑖×(𝑖−m𝐶2(𝑘))2𝐿
𝑖=𝑘+1

𝑁𝐶2
    (4) 

Where 𝐹𝐶1 and 𝐹𝐶2 are the number of pixels in class 𝐶𝐼 and 𝐶2. 
Otsu′s Thresholding  is finding a threshold 𝑜𝑝𝑡_𝑘∗ by 
gray-level value distributed which can be determined and 
distribution of intensity level can be separated into objects and 
background two clusters. In this study, we used 
Otsu′s Thresholding  method to separated image into scar 

tissue and normal cells two clusters and converted into a binary 
image. 

B. K-means clustering algorithm 
K-means clustering algorithm proposed in 1967 by J. 

MacQueen[7], it is a cluster analysis method and widely used to 
solve the cluster problems. K-means clustering algorithms 
guarantee convergence; however, K-means clustering 
algorithms does not guarantee to find the best clustering result. 
For K-means clustering algorithm, the user has to assign the 
number of clusters and the initial cluster centroids. Then, the 
Euclidean distance between each data point in the cluster and 
cluster centroid will be calculated. Each data point is 
designated to the cluster with the shortest Euclidean distance. 
When all data points after clustering, the center point of each 
group is the average of all data points in the group, each data 
will once again be re-grouping and each group center will also 
be reset until they are not significantly changed or the number 
of iterations reaches a given maximum number. 

The K-means clustering algorithm partitions a data set 
S = {𝑋1,𝑋2,𝑋3, … . ,𝑋𝑛} into 𝐾 subsets 𝐶1,𝐶2,𝐶3, … ,𝐶𝑘, The 
goal of the clustering is to minimize the error(E) within each 
class, which is defined as: 𝐸 = ∑ ∑ �𝑋𝑖 − 𝐶𝑗�

𝑛𝑗
𝑋𝑖∈𝐶𝑗

𝐾
𝑗=1 , 

Where 𝑋𝑖 is the 𝑖th data point in the cluster 𝐶𝑗 and 𝑐𝑗 is the 
cluster centroid of 𝐶𝑗. �𝑋𝑖 − 𝐶𝑗� is the distance between data 
point 𝑋𝑖 and the cluster centroid 𝑐𝑗 

The steps of K-means clustering algorithm are described in 
the following: 
Step1. The user assigns the number of clusters 𝐾 and randomly 

selected 𝐾 cluster centroids 𝑐𝑗, 𝑗 = 1, … ,𝐾 
Step2. Compute the Euclidean distance between data point 𝑋𝑖 

and the cluster centroid 𝑐𝑗 
Step3. Assign the input datum 𝑋𝑖 to the nearest cluster.  
Step4. After all input data are assigned, recalculate the new 

cluster centroids 𝑐𝑗𝑛𝑒𝑤  in cluster 𝐶𝑗. 
Step5. If �𝑐𝑗𝑛𝑒𝑤 − 𝑐𝑗� ≤ 𝑜 for all 𝑗 ∈ 1,2,3, … . ,𝐾, where 𝑜 is a 

given constant, then stop; otherwise, go to step3. 

C. Genetic algorithm 
Genetic algorithm was proposed in 1975 by John 

Holland[8][9][10][11]. The main aim is to use the "objects of 
natural selection, survival of the fittest" Darwin's theory of 
evolution. The genetic algorithm is one of the most effective 
optimization search methods. In recent years, Genetic 
algorithm has been widely used to solve diverse optimization 
problems. It mainly uses the operators of the biological species 
in each generation evolution; finally find the optimal solution to 
solve the appropriate questions. 

Genetic algorithms effectively used in medical image 
segmentation, it can provide optimal operations and find 
optimal parameters by using the fitness function. In the field of 
genetic algorithm, the most important issue is how to choose 
the gene and its chromosome. The set of passible solutions for a 
specified problem is called a population of individuals. Each 
gene denotes the value of a parameter. 

The main evolution of the genetic algorithm is as follows: 
First, the initial population is generated randomly. It is very 
important to select the initial population because a well initial 
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population will speed up the process to obtain the optimal 
solutions. Second, the crossover operator is to random 
recombine two parent’s individuals into new descendants, by 
accumulating previous generation excellent bit, expected to 
breed more outstanding individuals. Third, the mutation is to 
change a small number of chromosomes units to achieve a 
significant performance during the optimization process. 
Finally, selection, it is a process to select some individuals to 
next process, and the selection probability is based on the 
fitness function value. The higher the fitness function value, the 
higher probability to be selected, otherwise, it will be 
eliminated. The genetic algorithm will terminate when it 
achieve either target requirement or defined generation. 

III. LIVER TISSUE IMAGE SEGMENTATION 
Liver tissue image segmentation is to segment scar tissue and 

normal cells in the image, in this study, both of the features are 
used in judging and segmenting. In general, the scar tissue in 
late phases of the liver cancer, the distribution area is larger and 
more closely, and the color is darker than normal cells. 

The segmentation method consists of five stages, the first 
stage is pre-processing, the main operation is to convert color 
images of liver tissue to gray scale images [12] [13]. The 
second stage is the contrast enhancement methods [14] [22], at 
this stage, pixel intensity values are used to increase contrast 
enhancement of image, it makes a clear distinction between 
scar tissue and normal cells. The third stage is cross adaptive 
filter, which uses cross mask to scan the entire image, and by 
adjusting the mask size to improve the effects of ambient light 
uneven. The mean and standard deviation values are used to set 
two thresholds, which can convert an image to binary Images 
[15] and then extract the scar tissue. After afore mentioned 
processing, there is still a little voids and redundant tissues, the 
fourth stage is using the majority filter to fill these voids and 
remove redundant tissue. Finally, the fifth stage dealing with 
small residual noise. In this stage, regional label methods are 
used to reduce noise [6] [16]. The details of the segmentation 
process are described in the following sections. The optimal 
values of parameters used in this section are obtained by using 
genetic algorithms, details of which are discussed in Chapter 
IV. 

A. Pre-processing 
In order to make the scar tissue and normal cells of color 

image liver tissue easier to segment, the first stage of the 
Pre-processing is change the original image into a gray scale 
image, we convert a color image into the image of the RGB 
model and HSV models [12] [13]. Figure 3.1 (a) is the original 
color liver tissue image 𝐼𝑐𝑐𝑔 ,Figure 3.1 (b) to (g) is the RGB 
and HSV model component image of Figure 3.1 (a).From these 
six component images, we found that, in the G component 
image 𝐼𝐺 , gray value difference between scar tissue and normal 
cells is larger than that in other component, it can also clearly 
separate from scar tissue and normal cells. So the G component 
image will be used in segmentation in this study. 

 
Fig.  III-1.Original image Iorg 

 

 
Fig.  III-2.IR，R component of the original RGB color image 

 

 
Fig.  III-3.IG，G component of the original RGB color image 
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Fig.  III-4.IB，B component of the original RGB color image 

 

 
Fig.  III-5.IH，H component of the original HSV color image 

 

 
Fig.  III-6.IS，S component of the original HSV color image 

 
Fig.  III-7.IV，V component of the original HSV color image 

B. Contrast enhancement 
In 𝐼𝐺 , where the bright area is the normal cells, as shown in 

Figure 3-1 (c) directed by arrow 4; where the dark areas is scar 
tissue, as shown in Figure 3-1 (c) directed by arrow 5. In order 
to get a more clear difference between the light and dark 
regions, this study uses Gamma equalization [14] [22] to 
enhance image contrast. This method can make the difference 
between scar tissue and normal cells much more clear. Assume 
that 𝐼𝐺(𝑥,𝑦) means the pixel intensity values of coordinates (x, 
y) in image 𝐼𝐺 , Gamma equalization will convert 3 phases 
image 𝐼𝐺  into 𝐼𝑐  by the following conversion formula: 

𝐼𝑐(𝑥,𝑦)=��
(𝐼𝐺(𝑥,𝑦)−𝑚𝑖𝑛𝐺)
(𝑚𝑎𝑥𝐺−𝑚𝑖𝑛𝐺) �

𝑐𝑐
∗ 255     𝐼𝐺(𝑥,𝑦) ≠ 0,

             0                                 𝐼𝐺(𝑥,𝑦) = 0,
                 (5) 

The 𝑚𝑜𝑥𝐺  and 𝑚𝑖𝑛𝐺 are the maximum and minimum values 
of all pixel intensity in 𝐼𝐺  , the constant 𝑜𝑐  is the degree of 
contrast which can be adjust to get a different degree of contrast. 
There are two cases in pixels in image 𝐼𝐺 , zero or non-zero. If 
𝐼𝐺(𝑥,𝑦) is equal to 0, the 𝐼𝑐(𝑥,𝑦) is set to 0, if 𝐼𝐺(𝑥,𝑦) is not 
equal to 0, the pixels may be scar tissue or normal cells, because 
the boundary is not clear, so the Gamma equalization function 
will be used in contrast enhancement. After execute the image 
Gamma, 𝐼𝐺  change into image 𝐼𝑐 , three phases of liver cancer 
contrast enhancement results are shown in Figure 3-2 to Figure 
3-4. 

 
Fig.  III-8.The enhanced image Ir of 1st grade after Gamma 

equalization，rc = 2。 
 

 
Fig.  III-9.The enhanced image Ir of 2nd grade after Gamma 

equalization， rc = 2。 
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Fig.  III-10.The enhanced image Ir of 3rd grade after Gamma 

equalization， rc = 2。 
 

C.  Adaptive cross filter 
Liver tissue Images are subject to the uneven light source 

around the image, as the region directed by arrow 6 in Figure 
3.4. In this situation, if using traditional otsu’s  thresholding 
[5] [6], global threshold [15], local threshold or other methods 
to convert 𝐼𝑐  images into black and white images, it is clear that 
around the image there is a large area of noise affected by light 
sources. 

In order to solve the impact of the light source, in this study, 
we use regional threshold, however, regional threshold use the 
grid area filter which spend a lot of time when processing. For 
this reason, we propose an adaptive Cross filter which set two 
thresholds to convert 𝐼𝑐  images into binary images. 

The details of adaptive cross filter are as follows: 
Step 1: Calculate the average 𝑜𝑜𝑜_𝑚𝑜𝑜𝑛 and standard deviation 

𝑜_𝑠𝑡𝑑 of all pixels in image 𝐼𝑐 . 
Step 2: Set current pixel as the center point of the cross filter 

(Figure 3.5 dark blue field),and extending the length of the 
cross filter 𝑜𝑜𝑖𝑜𝑖𝑛𝑜𝑜_𝐿, or (𝑐ℎ𝑜𝑛𝑜𝑜_𝐿) from the central 
point. 𝑜𝑜𝑖𝑜𝑖𝑛𝑜𝑜_𝐿  is the initial size of cross filter, 
𝑐ℎ𝑜𝑛𝑜𝑜_𝐿    is fifth determine the type of representative 
step change of the cross filter size. 

Step 3: Determine whether the size of the cross filter exceeds 
the image boundary, if it exceeds the boundary, only 
pixels inside the boundary are used to do the calculation. 

Step 4: Calculating average of all pixels 𝑐𝑜𝑜𝑠𝑠_𝑚𝑜𝑜𝑛 of Cross 
area and then divided it by the average of entire image 𝐼𝑐 , 
we get a value 𝑡𝑜𝑜𝑚, as following formula (2). 
𝑡𝑜𝑜𝑚 = (𝑐𝑜𝑜𝑠𝑠_𝑚𝑜𝑜𝑛/𝑜𝑜𝑜_𝑚𝑜𝑜𝑛)                               (6) 

Step 5: Determine whether the 𝑡𝑜𝑜𝑚 value greater 1 or not. if 
the 𝑡𝑜𝑜𝑚 value greater than 1, it means that this cross area 
is a bright part and the cross filter size is changed from 
𝑜𝑜𝑜𝑜𝑜𝑜_𝐿 into 𝑐ℎ𝑜𝑛𝑜𝑜_𝐿, then returns to step 2. If the 
𝑡𝑜𝑜𝑚 is less than or equal to 1, it means that this cross area 
is dark part, proceed to step 6. 

Step 6: Calculate 𝑇ℎ the following formula. 

𝑇ℎ = �
(𝑐𝑜𝑜𝑠𝑠_𝑚𝑜𝑜𝑛/𝑜𝑜𝑜_𝑠𝑡𝑑^𝑜1)           𝑡𝑜𝑜𝑚 > 1,
(𝑐𝑜𝑜𝑠𝑠_𝑚𝑜𝑜𝑛/𝑜𝑜𝑜_𝑠𝑡𝑑^𝑜2)           𝑡𝑜𝑜𝑚 ≤ 1,                (7) 

       𝑜1  and 𝑜2  are the power of light and dark parts 
respectively. 

Step 7: Compare current pixel value 𝐼𝑐(𝑥,𝑦)  with the 
threshold 𝑇ℎ, if the current pixel value is greater than the 
threshold, 𝐼𝑐𝑐𝑐𝑐𝑐(𝑥,𝑦) is set to 255. If 𝐼𝑐(𝑥,𝑦) is equal to 
or less than the threshold value, 𝐼𝑐𝑐𝑐𝑐𝑐(𝑥,𝑦) is set to 0. As 
following formula: 

𝐼𝑐𝑐𝑐𝑐𝑐(𝑥,𝑦) = �255           𝑖𝑓 𝐼𝑐(𝑥,𝑦) > 𝑇ℎ,
  0              𝑖𝑓 𝐼𝑐(𝑥,𝑦) ≤ 𝑇ℎ ,                         (8) 

Step 8: Move the cross mask from left to right, top to bottom, 
pixel by pixel. After moving, return to step 2 until the last 
pixel of image 𝐼𝑐  processed. 

Figures 3.7 to 3.9 are three images 𝐼𝑐𝑐𝑐𝑐𝑐 that produced after 
executing the adaptive cross filter on contrast enhanced liver 
cancer image of three phases. Cross filtering obviously resolve 
to the problem of uneven light sources, as shown in Figure 3.9 
directed by the arrow 7. 

 
          𝐿1 

 
138 82 87 42 ⋯ 98 94 141 184 30 

96 92 74 156 ⋯ 23 70 42 62 56 

70 45 67 151 ⋯ 96 155 122 54 64 

66 69 55 56 ⋯ 36 135 178 102 85 

87 114 63 92 ⋯ 51 60 62 99 22 

⋮ ⋮ ⋮ ⋮ ⋯ ⋮ ⋮ ⋮ ⋮ ⋮ 

10 94 57 49 ⋯ 60 36 111 81 67 

54 65 48 94 ⋯ 135 78 73 75 81 

26 88 65 85 ⋯ 98 62 35 30 95 

85 74 75 37 ⋯ 78 60 74 51 58 

Fig.  III-11. Example of adaptive cross filter 
 

 
Fig.  III-12.After the processing of the uneven impact of the light 

source image by the traditional otsu’s results 
 

𝑜𝑜𝑜𝑜𝑜𝑜_𝐿 

L2 
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Fig.  III-13. Icrossof 1st grade, by the executive adaptive cross filter 

images,  oragel_L = 600, change_L = 300。 
 

 
Fig. III-14. Icrossof 2nd grade, by the executive adaptive cross filter 

images,  oragel_L = 600, change_L = 300。 
 
 

 
Fig.  III-15. Icrossof 3rd grade, by the executive adaptive cross filter 

images,  oragel_L = 600, change_L = 300。 

D. Majority filter 
After extracting scar tissue and normal cells by using 

adaptive Cross filter the threshold 𝑇ℎ , some voids and 
redundant tissue will leave in images, as shown in Figure 3.9 
directed by arrow 7. In this study, we use the majority filters 
[17] to fill the voids and remove redundant tissue. 

Let W be a mask of size m × m, as shown in Figure 3-10, 
image 𝐼𝑐𝑐𝑐𝑐𝑐 can be converted into image 𝐼𝑚𝑎𝑗𝑐𝑐𝑖𝑡𝑦 by majority 
filter, the formula are defined as follows: 

𝐼𝑚𝑎𝑗𝑐𝑐𝑖𝑡𝑦(𝑥,𝑦) = �
0                𝑖𝑓 𝑛 > 1

2
𝑚2,

255            𝑖𝑓 𝑛 ≤ 1
2
𝑚2,

              (9) 

Where n is the number of zeros in the square mask which 
(𝑥,𝑦) is its center, if the value of n exceeds half of mask size, 
𝐼𝑚𝑎𝑗𝑐𝑐𝑖𝑡𝑦(𝑥,𝑦) is set to 0, otherwise it is set to 255 

 
 
 

1 0 0 0 1 

0 1 0 0 0 

0 1 𝐼𝑐𝑐𝑐𝑐𝑐(𝑥,𝑦) 0 0 

1 1 1 1 0 

0 1 1 0 0 

Fig.  III-16. majority filter mask 
 

The result of using majority filter of m=5 in Images of the 
three phases of liver cancer image 𝐼𝑚𝑎𝑗𝑐𝑐𝑖𝑡𝑦  are shown in 
Figure 3.11 to Figure 3.13, respectively. 

 

 
Fig.  III-17. Imajority of 1st grade, by the majority image filter 

processing, m = 5 
 

 
Fig.  III-18. Imajority of 2nd grade, by majority filter after image, m = 5 

𝑚 

𝑚 
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Fig.  III-19. Imajority of 3rd grade, by majority filter after image, m = 5 

E. Noise elimination 
After filling voids and remove redundant tissue by majority 

filter, there are still some noise exists in image 𝐼𝑚𝑎𝑗𝑐𝑐𝑖𝑡𝑦 . 
Generally, a small area can be regarded as noise but a large area 
is scar tissue. In the operation of noise elimination, a size 
threshold will be set to determine the area is scar tissue or noise. 
We use the region labeling methods to deal with the entire 
𝐼𝑚𝑎𝑗𝑐𝑐𝑖𝑡𝑦 image. 

Regional labeling is an algorithm used in graph theory, this 
algorithm composes connected component labels into the same 
object, and the region labeling methods detect the connected 
area in binary image. In this study, we can extract scar tissue at 
the segmentation stage, and regional label can mark scar tissue 
so that we can easily identify the noise and eliminate it. 

 In the region labeling algorithm, the pixels 0 in the binary 
image is considered as the foreground pixel, the remaining 
pixels are the background pixel. The process is scanning from 
left to right, and then top to bottom, then adding tags to each 
pixel. These tags are the digital code represents the connected 
part of the image. In this study, the method of regional label we 
use is eight neighbors, as shown in Figure 3-14; assume that p is 
the current pixel and u will be its top eight neighbors, its left 
eight neighbors is l, its upper left eight neighbors is d, and its 
upper right eight neighbors is e. 

 
𝑑 𝑢 𝑜 

𝑜 𝑝  

   
Fig.  III-20. Sample of the Regional labels 

 
Regional labeling method [16] consists of two stages, the 

first stage is scanning image and adding tags to pixels of the 
scar tissue; the second stage is integrating the same labels to the 
same class and re-assign new tags to each class. 

The first stage of the algorithm consists of the following 
three steps: 
Step 1: Set 8 - neighbors filter at the most top left corner of the 

image 𝐼𝑚𝑎𝑗𝑐𝑐𝑖𝑡𝑦 , and the center of neighbor filter is 
𝐼𝑚𝑎𝑗𝑐𝑐𝑖𝑡𝑦(𝑥,𝑦), where x = 0, y = 0. 

Step 2: Check the status of p, if p is a background pixel, then 
skip and continue to scan next pixel; if p is a foreground 
pixel, then, d, u, e, and l will be checked. 
 If they are all background pixels, adding a new tag 

on p. 
 If only one foreground pixel, a tag which is as same 

as the foreground pixel will be added on p. 
 If two or more foreground pixels, one of the tags of 

these foreground pixels will be added on p, and 
note that tags of these foreground pixels are equal. 

Step 3: Move the square filter to next pixel, from left to right 
and top to bottom, then return to step 2 until the last pixel 
have been processed. 

When all the pixels are labeled, proceeding to the second 
stage, the second stage of the algorithm is as follows: 

Step 1: Scan whole image to find the same labels. 
Step 2: Categorize the same label to the same class, and then 

re-assign a new tag to each category. 
 After the regional label operation, each label can indicate 

whether this pixel is connected or not, the label can be 
connected to a large number of pixels in each region, finally, 
the the number of pixels in the same area can be calculated. Let 
 𝑇𝑁 is the labeled zone which labeled as N, 𝐴𝑁 represents the 
number of pixels in the region labeled as N, also the area of 
region 𝑇𝑁. 

In order to determine area 𝑇𝑁 is scar tissue or noise, set a 
threshold 𝑇ℎ𝑛 to filter the size of the area. If A𝑁 is less than 
𝑇ℎ𝑛 , the 𝑇𝑁  region will be regarded as noise, and the pixel 
values of the region will be adjusted to 255. Conversely, 𝑇𝑁 
region is determined as scar tissue, this pixel values of the 
region are maintained 0. The determination of the type to scar 
tissue or noise areas is as follows: 

P𝑁 = �    𝑛𝑜𝑖𝑠𝑜,                 𝑖𝑓 A𝑁 < 𝑇ℎ𝑛
𝑜𝑠𝑐𝑜𝑜 𝑡𝑖𝑠𝑠𝑢𝑜,    𝑖𝑓 A𝑁 ≥ 𝑇ℎ𝑛                   (10) 

After eliminating in Image 𝐼𝑚𝑎𝑗𝑐𝑐𝑖𝑡𝑦, we get image 𝐼𝑁𝐹 , and 
the condition of pixel value adjustment to each region in the 
image is as follows: 

𝐼𝑁𝐹(𝑥,𝑦) = �255,    𝑖𝑓  (𝑥,𝑦) ∈ P𝑁 , A𝑁 < 𝑇ℎ𝑛
0,        𝑖𝑓   (𝑥,𝑦) ∈ P𝑁 , A𝑁 ≥ 𝑇ℎ𝑛

       (11) 

After removing noise, scar tissue cutting stage is completed. 
The result images 𝐼𝑁𝐹  of three phases of liver cancer are shown 
in Figure 3.15 to Figure 3.17. 

 
Fig.  III-21. The image INF of 1st grade after Noise Destruction，
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AN = 100 
 

 
Fig.  III-22.The image INF of 2nd grade after Noise Destruction，

AN = 100 
 

 
Fig.  III-23.The image INF of 3rd grade after Noise Destruction，

AN = 100 
 

IV. LIVER CANCER GRADE RECOGNITION 
Analyzing scar tissue and normal cell in liver tissue image 

can help the doctor diagnose liver cancer objectively. After the 
observation, the liver cancer in the different phases will show 
the different characteristics in the liver tissue images. In this 
study, chapter 3 proposed a segmentation method to cut out scar 
tissue and normal cells of the liver tissue image. In this chapter, 
we will extract their characteristics, such as the area ratio of 
scar tissue and normal cells, full-color G component image 
pixel of the mean and standard deviation, we also use the 
K-means clustering algorithm [7] to classify liver cancer 
images. Finally, genetic algorithm [8] [9] [10] [11] is used to 
find the best parameter values to complete the automatic 
identification of liver cancer Phases. The proposed recognition 
method in this chapter contains two parts, feature extraction 
and phase recognition of liver cancer. 

A.  Feature Extraction 
Liver tissue images include some of the characteristics that 

can be used to identify liver cancer phases, figure 4-1 (a) - (c) 
present the cases of liver cancer tissues image in phases I, II and 
III, respectively. We can notice that the color of the scar tissue 
deeper than normal tissue. Furthermore, in the first phase of 
liver cancer, the area of scar tissue is the least, with the later of 
the phases, the area of the scar tissue increase significantly, in 
the last phase of liver tissue image, the scar tissue cover almost 
the entire image. In addition, we also observed that, in the early 
stages of liver cancer, the distribution of the scar tissue is quite 
dispersed and average distributed distance is long; along the 
increase of the phases of liver cancer, the distribution becomes 
more closely, the average distributed distance also becomes 
relatively short. By these observations, in this study, we use the 
ratio of the area of the scar tissue and normal cells, the average 
distance of distribution, standard deviation and the mean value 
of the pixels of the G component image to identify the phases of 
the liver tissue images. 

 

 
Fig. IV-1.Grade I of liver cancer tissue image 

 

 
Fig.  IV-2.Grade II of liver cancer tissue image 
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Fig.  IV-3.Grade III of liver cancer tissue image 

 
In order to identify the liver cancer phases of the liver tissue 

image, this study extract features of the G component image 
and images which have been segmented. Assume 𝜇𝐺 , 𝜎𝐺  are 
mean and standard deviation of G component image pixels, 
respectively. For the images which have been segmented, this 
method extract three feature values 𝑅𝐴、Dscar、Dnormal , 𝑅𝐴 
is a ratio of scar tissue and normal cells area, Dscar and Dnormal 
represent the average distributed distance of scar tissue and 
normal cells respectively. Since these five feature values are 
significantly different in the different phases of liver cancer 
image, they are used as important features in the recognition. 
This study use scar tissue and normal cells which cut out in 
segmentation stage to calculate the ratio these two areas, called 
𝑅𝐴. To introduce the calculation of average distributed distance 
of these two types, we use average distributed distance of scar 
tissue as an example. In Figure 4-2, we take all the x 
coordinates and y coordinates of black pixels and respectively 
calculates the average, and then we can obtain the center point 
of all scar tissue, the blue dot in Figure 4-2. The distance 
between the scar tissue and the center point is the red line 
shown in Figure 4-2. After calculation of all distances, we 
average these distances, this value is the average distributed 
distance of scar tissue Dscar. White pixels representative the 
normal cells, its average distributed distance Dnormal  can be 
calculated by the using the method which calculates the average 
distributed distance of scar tissue. 

 
Fig.  IV-4. Schematic diagram of scar tissue average distribution 

distance 

B. liver cancer phases recognition 
The proposed recognition method use the aforementioned 

five characteristics to calculate the Euclidean distance between 
the group center and these features, so that we can achieve the 
purpose of correctly recognizing the liver cancer phases of liver 
tissue images. 

Assume that 𝑆 is the set of all features values of liver tissue 
imaging, where 𝑆 = {𝑓𝑖,𝑗,𝑘|𝑖 = 1,2, … ,5, 𝑗 = 1,2, … ,𝑛𝑘 , 𝑘 =
1,2, … ,𝑜}  and 𝑓𝑖,𝑗,𝑘  is the 𝑖R th feature of 𝑗R th image at the 𝑘R th 
phase. Before performing the clustering Algorithm, each 
feature is normalized between 0 and 1 and 𝑓′𝑖,𝑗,𝑘  is the 
normalized feature value. The normalized value 𝑓′𝑖,𝑗,𝑘  is 
computed as Equation (8 
𝑓′𝑖,𝑗,𝑘 = 𝑓𝑖,𝑗,𝑘−𝑓𝑖_𝑚𝑖𝑛

𝑓𝑖_𝑚𝑎𝑥−𝑓𝑖_𝑚𝑖𝑛
   , 𝑖 = 1,2, … ,5, 𝑗 = 1,2, … ,𝑛𝑘 , 𝑘 = 1,2, … ,𝑜    (12) 

Where 𝑓𝑖_𝑚𝑎𝑥 and 𝑓𝑖_𝑚𝑖𝑛 are maximum and minimum value of 
the 𝑖Rth feature. 

Assume total liver cancer divided into 𝑜 phases, the average 
value for each 𝑖Rth feature in each phase will be calculated as 
group center in this method. 𝜇𝑖,∙,𝑘 is 𝑖Rth average value of feature 
at the 𝑘Rth phase ,calculated as follows: 

𝜇𝑖,∙,𝑘 =
∑ 𝑓𝑖,𝑗,𝑘
𝑛𝑘
𝑗=1
𝑛𝑘

, 𝑖 = 1,2,3,4,5, 𝑘 = 1,2, … ,𝑜             (13) 
All of the images will be extracted for five features and 

calculate the distance between each group center and features 
of the image. Then, we will identify with the phase which has 
the shortest distance from features of the image to features of 
group center. Thus, the phase judgment 𝐺𝑗  of 𝑗Rth liver tissue 
image is calculated as follows: 
𝐺𝑗=𝑜𝑜𝑜 𝑚𝑖𝑛

𝑘=1

𝑔 ∑ 𝑤𝑖 ×5
𝑖=1 �𝑓′𝑖,𝑗,𝑘 − 𝜇𝑖,∙,𝑘�

𝑐𝑖   ,  𝑗 = 1,2, . . ,𝑛𝑘      (14) 

𝑗 is the number of images, 𝑤𝑖  and 𝑜𝑖 are two given constants, g 
is total phases of liver cancer. The judgment of phase in the 
recognition approach use Euclidean Distance as a measurement 
to find out which phase the image belongs to. This stage, 𝑤𝑖  
and 𝑜𝑖 represent the weight and index value of 𝑖Rth feature values. 
Because each feature value for the recognition precise has vary 
degree of influence, by adjusting the weights and index values 
will affect the weights and the increase in the index value of 
large number phases recognition characteristics. In this study, 
the genetic algorithm is used to train the best parameters, and 
the fitness is the correct ratio of image recognition phases. 
However, each grade has only one group center that is not 
enough to recognize correctly because features probably have 
lots of variations between images in the same phase. So, each 
phase will be divided into some sub-groups which are decided 
by GBPD. These sub-group centers set in a grade can increase 
the accuracy of recognition. 
 The proposed recognition approach will execute the k-means 
clustering algorithm [7] to find out the features of sub-group 
centers. K-means clustering algorithm is a clustering method, 
its goal is to calculate the distance between features of each 
subgroup center and features of each image, the image is 
divided into several sub-groups, each sub-group can be traced 
to its grade, so the phase can be determined after k-means find 
out the sub-group which the image belongs to. 

The determination of phase of each image formula 𝐺′𝑗 is as 
follows: 

𝐺′𝑗 = 𝑜𝑜𝑜 𝑚𝑖𝑛 
𝑘=1

𝑔  𝑚𝑖𝑛 
𝑙=1

𝑑 ∑ 𝑤𝑖 ×5
𝑖=1 �𝑓′𝑖,𝑗,𝑘 − 𝜇𝑖,∙,(𝑘,𝑙)�

𝑐𝑖 , 𝑗 = 1,2, . . ,𝑛𝑘   (15) 
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𝜇𝑖,∙,(𝑘,𝑙) is the average value of 𝑖Rth feature of 𝑜Rth subgroup at the 
𝑘Rth grade, 𝜇𝑖,∙,(𝑘,𝑙) is subgroup center, the number of subgroup 𝑜 
is determined by the genetic algorithm, subgroup central 
𝜇𝑖,∙,(𝑘,𝑙) is determined by K-means clustering algorithm. Finally, 
the fitness function of the genetic algorithm is the accuracy of 
the correct identification of all images. 

C. Genetic Algorithm Based Parameter Detector 
(GABPD) 

Genetic Algorithm Based Parameter Detector (GABPD) is 
used to find the most appropriate parameters and weights for 
segmentation and recognition methods. The concept of this 
algorithm is from Darwin's evolution theory, by the evolution 
of the gene, the best parameters can be found. This method 
firstly randomly creates the original population, then, it 
performs the crossover, mutation and selects operations 
repetitively until the criterion is reached. By the fitness function, 
the method can determine the degree of adaption to each 
individual in the population. If an individual has a good 
adaptability to the environment, it can survive and deliver 
superior performance to his future generations. A good 
adaptability of this study can find the best parameters of 
segmentation and recognition, so that the experiment can 
achieve a higher degree of recognition. 

 
1) Operations of GABPD 
This method assumes that chromosome 𝑐ℎ  compose by 𝑘 

gene, it represented by binary substring 𝑆𝑖 ,  𝑖 = 1,2,3, … , 𝑘 
respectively, 𝑛𝑖 represents the number of bits contained in 𝑆𝑖, 
assume that the parameters 𝑅𝑖 are represented the real values of 
corresponding parameters of 𝑆𝑖. It is encoded as 𝑂𝑖 + (𝑛′𝑖) × 𝑜𝑖, 
where 𝑂𝑖  is the offset in 𝑆𝑖, 𝑛′𝑖 is the number of 1-bit in 𝑆𝑖, and 
𝑜𝑖 is the unit variations of the 𝑖Rth parameter. GABPD trains the 
optimal values for 𝑅1,𝑅2,𝑅3,𝑅4, … ,𝑅𝑘  by genetic algorithm 
which uses related fitness of a chromosome. 

In the beginning, GABPD generates 𝐹 chromosomes, each 
chromosome consists of 𝑘 binary bits. In order to evolve the 
optimal parameters, the genetic algorithm repetitively executes 
mutation, crossover, and selection operations until the fitness of 
the chromosome changes very small or reaches the set number 
of iterations. In crossover operation, it randomly picks up two 
chromosomes from the 𝐹  chromosomes, each of the two 
chromosomes cut into two sections. Then, for each gene section, 
the first section of the first chromosome connects the second 
section of the second chromosome, and the first section of the 
second chromosome connects the second section of the first 
chromosome. After that, two new chromosomes are 
reassembled, as shown in Figure 4-3. Let 𝑐ℎ[𝑖… 𝑗]  be the 
substrings from 𝑖Rth to 𝑗Rth bits in 𝑐ℎ, S=(𝑆𝑝1 , 𝑆𝑝2, …, 𝑆𝑝𝑘) be an 
ordered set. For each chromosome pair(𝑐ℎ1, 𝑐ℎ2), the genetic 
algorithm crossover computes as follows: 

𝑘
⨂

𝑖 = 1
�𝑐ℎ1 ��1 + �𝑛𝑗

𝑖−1

𝑗=0

� . .��𝑛𝑗

𝑖−1

𝑗=0

+ �
𝑛𝑖
2
���⨂𝑐ℎ2 ���𝑛𝑗

𝑖−1

𝑗=0

+ �
𝑛𝑖
2
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𝑖
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�� 
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𝑘
⨂

𝑖 = 1
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𝑖−1

𝑗=0
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Where ⨂ represents a con catenation operator. 

 In mutation operation, for each reserved chromosomes, the 
GABPD also randomly picks up mutation location 𝑏 in each 
strings 𝑆𝑖 . Then, 𝑏  is replaced by ~ b  and then a new 
chromosome is generated, where the sign ”~”is denoted as the 
operator ”NOT”, shown in Figure 4-4. 
 In selection operation, the 𝐹  chromosomes of previous 
generation which generate by crossover and mutation operation, 
according to their fitness function pick out the best 𝐹 from 3N 
chromosomes to a new generation. The GABPD continuously 
performs the three major operations includes mutation, 
crossover, and selection until the fitness of the reserved 𝐹 
chromosomes is very similar to previous generation or the 
number of iterations reach the maximum number of 
generations. 
 The segmentation method for scar tissue and normal cells 
and liver cancer phase identification method both use GABPD 
to find optimal parameters. The following description is the 
parameters of the segmentation and liver cancer phase 
recognition. 
 

011101 101010 ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 110000 101101 
 

110101 111010 ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 101010 101011 

 

011101 101010 ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 110010 101011 

 
110101 111010 ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 101010 101101 

 

Figure IV-5. Gene crossover schematic diagram 
 

010101 111010 ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 110100 101100 

 
011101 101010 ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 110000 101101 

Fig.  IV-6. Gene mutations stage diagram 
 

2) Parameter detection in scar tissue and normal cells 
segmentation stage 
In scar tissue and normal cells segmentation stage, there 

are 𝑜𝑐、𝐿𝑐、𝐿𝑐、𝑜1、𝑜2、𝑚 and 𝐴𝑁 seven parameters. In order 
to achieve the best segmentation results, this study uses the 
GABPD method to find the optimal values of these parameters. 
GABPD consider a chromosome 𝐶ℎ as a binary string, which 
consists of seven substrings S1, S2, 𝑆3,…, S7. The number of 
1-bit in these substrings are 𝑛′1,𝑛′2, 𝑛′3,…, 𝑛′7 , respectively. 
The encoded substrings stand for the values of 𝑜𝑐、𝐿𝑐、𝐿𝑐、𝑜1、𝑜2、
𝑚 and 𝐴𝑁, respectively. For each chromosome 𝐶ℎ, the 
parameters 𝑜𝑐、𝐿𝑐、𝐿𝑐、𝑜1、𝑜2、𝑚 and 𝐴𝑁 are encoded as: 

𝑜𝑐 = 1 + (𝑛′1) × 1,                                                    (16) 
𝐿𝑐 = 400 + (𝑛′2) × 20,                                              (17) 
𝐿𝑐 = 100 + (𝑛′3) × 20,                                              (18) 
𝑜1 = 0 + (𝑛′4) × 0.05,                                               (19) 
𝑜2 = 0 + (𝑛′5) × 0.05,                                               (20) 
𝑚 = 3 + 𝑜𝑜𝑢𝑛𝑑((𝑛′6) × 0.05) × 2,                         (21) 
𝐴𝑁 = 50 + (𝑛′7) × 20,                                               (22) 

 
3) Parameter detection in recognition stage 

In the liver cancer phases recognition stage, performance of 
identification will be affected significantly by 
w1, w2, w3, … , w5, l1, l2, l3, … , l5, c1, c2, c3 these thirteen 

Before crossover 
 chromosomes 𝑐ℎ1 

 
Before crossover 
chromosomes𝑐ℎ2 

crossover 
 
After crossover 
chromosomes𝑐ℎ′1 
 
After crossover 
chromosomes𝑐ℎ′2 

Before 
mutation 
chromosome 

 
After mutation 
chromosome 

International Journal of Computer Science and Electronics Engineering (IJCSEE) Volume 1, Issue 4 (2013) ISSN 2320-401X; EISSN 2320-4028

576



parameters. In GABPD, these 13 parameters are 
𝑆8, 𝑆9, 𝑆10, … … , 𝑆20. These substrings are comprised of 
𝑛8,𝑛9,𝑛10, … … ,𝑛20 binary bits, respectively. 
The parameters are encoded as: 
𝑤𝑖 = 𝑛′7+i

∑ 𝑛′7+i
5
𝑖=1

                                                               (23) 

𝑜𝑖 = 𝑛′12+𝑖 ∗ 0.1 , 𝑓𝑜𝑜 𝑖 = 1, … . ,5                                      (24) 
ci = 𝑜𝑜𝑢𝑛𝑑�1 + (𝑛′17+i ∗ 0.1)�, 𝑓𝑜𝑜 𝑖 = 1, … ,3          (25) 
Where 𝑛′8,𝑛′9,𝑛′10, … … , ,𝑛′20 are the numbers of 1-bits in 

the substrings 𝑆8, 𝑆9, 𝑆10, … … , 𝑆20, respectively. 
 In this study, GABPD uses genetic algorithm to train the 
parameters of the optimal solution,  𝐶𝑜𝑜𝑜𝑜𝑐𝑡_𝑛𝑢𝑚 is the 
correctly recognized number of liver cancer phases, in 
calculation, the correct phases which the doctor determine for 
liver tissue images is 𝑜𝑜𝑜𝑢𝑛𝑑 𝑡𝑜𝑢𝑡ℎ  and do intersection 
operator with 𝐸𝑥𝑝𝑜𝑜𝑖𝑚𝑜𝑛𝑡  which is the phases this study 
identified. 
𝐶𝑜𝑜𝑜𝑜𝑐𝑡_𝑛𝑢𝑚 = |𝑜𝑜𝑜𝑢𝑛 𝑡𝑜𝑢𝑡ℎ ∩ 𝐸𝑥𝑝𝑜𝑜𝑖𝑚𝑜𝑛𝑡|             (26) 

In order to obtain the optimal parameters to the segmentation 
method and identification method, we use whole liver tissue 
images recognition rate of liver cancer phases as the fitness 
function, and optimal solution is obtained via the iteration. 
Image recognition rate calculated as follows: 

𝑅𝑜𝑐𝑜𝑜𝑛𝑖𝑡𝑖𝑜𝑛 𝑜𝑜𝑡𝑜 = 𝐶𝑐𝑐𝑐𝑒𝑐𝑡_𝑛𝑢𝑚
𝑡𝑐𝑡𝑎𝑙_𝑛𝑢𝑚

                          (27) 

V. EXPERIMENTAL RESULTS 
This chapter presents the experimental results of the 

proposed method, experiment with a different number of 
training images and test image is divided into three types A, B, 
and C. Use of training materials, training by GABPD to get the 
optimal identification parameters, then evaluate the 
performance of the proposed method precision, recall and 
F-measure. 

A. Experimental test data and implement methods 
In the experimental image, there are totally 108 liver tissue 

images of liver cancer, which are acquired from Laboratory 
Animal Center of Taichung Veterans General Hospital, ROC. 
First phases (GC1) has 36 images, the second phase (GC2) has 
37 images, the third phases (GC3) has 35 images. 

Experimental arrangement in accordance with a different 
number of training and testing images, as shown in Table 5.1, 
there are three experiments A, B and C. In type A, all of the 108 
images are training data and training the optimal parameters by 
GABPD in recognition phase, and then find the best 
identification results in the identification phase. In type B, 
randomly selected 18, 19, 17 images respectively from the three 
phases. These 54 images are training data, and training the 
optimal parameters in the recognition phase, and then the liver 
cancer staging accuracy will be calculated. The remaining 54 
images are used as test data, the liver cancer staging accuracy of 
these 54 images will be calculated by using the parameters 
which training data generated. The experimental B training data 
and test data exchange in experiment C, previous test data 
change to the training data to training the best parameters, and 
calculating the staging accuracy of the test data. All 
experiments were performed using GABPD to train the best 

identification parameters. The accuracy of the calculation 
results are shown in Table 5.3. 

B. Experimental assessment methods 
In this study, we use precision, recall and F-measure [18] [19] 

[20] [21] as the evaluation criteria to assess the pros and cons of 
the identification method. 

Assume that TP is a True Positive, that is, the set of images 
that proposed method identified as the current phase and the 
doctors also diagnosed as the current phase image. FP is False 
Positive, that is, the set of images that proposed method 
identification as the current phase and the doctor diagnosed as 
the non-current phase. FN is False Negative, that is, the set of 
images that proposed method identify as the non-current phase 
and the doctor diagnosed as the current phase. Eg represents the 
set of images which are diagnosed as the liver cancer of current 
period by the doctors. Ee represents the set of images which are 
diagnosed as the liver cancer of non-current period by the 
doctors. Cg represents the set of images which are identified as 
the liver cancer of current period by our proposed method. Ce 
represents the set of images which are identified as the liver 
cancer of non-current period by our proposed method. The TP, 
FP, and FN are defined as Equation(28)to(30). 

𝑇𝑇 = 𝐸𝑔 ∩ 𝐶𝑔                                        (28) 
𝐹𝑇 = 𝐸𝑒 ∩ 𝐶𝑔                                         (29) 
𝐹𝐹 = 𝐸𝑔 ∩ 𝐶𝑒                                          (30) 

Where the symbol “∩”is the intersection operation. 
The precision is the ratio of images which phases are 

identified correctly in all images, calculated as follows: 
𝑇𝑜𝑜𝑐𝑖𝑠𝑖𝑜𝑛 = |𝑇𝑃|

|𝑇𝑃|+|𝐹𝑃|
      (31) 

 The recall rate is the ratio of images which phases are 
identified correctly in each phase’s images, calculated as 
follows: 

𝑜𝑜𝑐𝑜𝑜𝑜 = |𝑇𝑃|
|𝑇𝑃|+|𝐹𝑁|

                           (32) 
| TP | | FP | | FN | represents the number of elements in set TP, 

FP and FN, respectively. 
The F-measure score is the harmonic mean of precision and 

recall rate to assess the recognition result is good or bad, 
calculated as follows: 

𝐹 = 2 × 𝑃𝑐𝑒𝑐𝑖𝑐𝑖𝑐𝑛×𝑐𝑒𝑐𝑎𝑙𝑙
𝑃𝑐𝑒𝑐𝑖𝑐𝑖𝑐𝑛+𝑐𝑒𝑐𝑎𝑙𝑙

                 (33) 
Where the best value of F is 1 and the worst is 0. 
 The final Precision value Precision𝑓, recall value recall𝑓, 

F value F𝑓 is the weighted average of Precision𝑖 , recall𝑖, F𝑖 of 
all phases, calculated as follows: 

Precision𝑓 = ∑ |𝐺𝐶𝑖|

∑ |𝐺𝐶𝑖|
𝑗
𝑖=1

𝑗
𝑖=1 Precision𝑖                 (34) 

recall𝑓 = ∑ |𝐺𝐶𝑖|

∑ |𝐺𝐶𝑖|
𝑗
𝑖=1

𝑗
𝑖=1 recall𝑖               (35) 

F𝑓 = ∑ |𝐺𝐶𝑖|

∑ |𝐺𝐶𝑖|
𝑗
𝑖=1

𝑗
𝑖=1 F𝑖                   (36) 

The 𝑇𝑇𝑖  in above formula is the number of images that are 
correctly identified in 𝑖R th phase . Precision𝑓 , recall𝑓 , F𝑓 
is Precision、recall、F of 𝑖Rth phase. j is the total number of 
periods of liver cancer images 
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C. Experimental results and discussion 
Table 5.2. presents the best parameters which are trained by 

GABPD in three experiments . We observed that the accuracy 
of the experiment A and experiment B and experimental C are 
all more than 90%. However, the recognition rate of 
Experiment B and Experiment C are higher than the experiment 
A. It is because that the experiment A uses too many images to 
train the best parameters. There are a lot of differences in the 
image in the same phases. In the experiment B, we can see the 
recognition accuracy of the test data is higher than the 
recognition accuracy of the training data. It is because the 
texture characteristics of the 54 random test data images are 
similar. The obvious difference between the different phases 
lead to the result that the accuracy of the test data is higher than 
the training data. 

In experiment B and experiment C, the number of periods II 
and III have better accuracy, the Experiment B even reach 
100% accuracy (18/18) in the Phase II test data. The lower 
accuracy of periods in periods I is because the area of the scar 
tissue in phases I is less correspondence, and its distribution 
position vary widely. It causes that small number of phases I 
images are identified as phases II. To sum up, our research can 
automatically recognize the liver cancer phases and it has good 
accuracy, it can provide assists to doctors. 
 

TABLE V-I 
 EXPERIMENTAL TRAINING AND TEST IMAGES 

Experimental A Experimental B Experimental C 

training  training test  training  training 

108 
GC1: 36  
GC2: 37  
GC2: 35  

54 
GC1: 18  
GC2: 19  
GC2: 17  

54 
GC1: 18  
GC2: 18  
GC2: 18  

54 
GC1: 18  
GC2: 18  
GC2: 18  

54 
GC1: 18  
GC2: 19  
GC2: 17  

 
TABLE V-II 

 GABPD TRAINING THE BEST PARAMETERS FOR THREE EXPERIMENTS 
Parameters experiments A experiments B experiments C 

 

 

 

segmentation 

phase 

 

 

𝑜𝑐 2 2.1 2.1 

𝐿𝑐  600 590 610 

𝐿𝑐 270 280 300 

𝑜1 0.2 0.25 0.25 

𝑜2 0.15 0.15 0.2 

𝑚𝑐 5 5 5 

A𝑁 90 110 90 

 

 

 

 

recognition 

phase 

 

 

c1 2 2 1 

c2 2 2 2 

c3 2 2 2 

𝑤1 0.45 0.4 0.4 

𝑤2 0.25 0.25 0.2 

𝑤3 0.35 0.35 0.35 

𝑤4 0.4 0.4 0.4 

𝑤5 0.45 0.45 0.4 

l1 0.9 0.8 1 

l2 0.9 0.9 0.9 

l3 0.7 0.7 0.7 

l4 0.7 0.8 0.8 

l5 0.9 1 1.1 

 

TABLE V-III 
 EFFECTIVENESS EVALUATION 

Type experiments 

A 

experiments B experiments C 

|𝑇𝑇| GC1 32 16 17 16 16 

GC2 35 18 18 18 18 

GC3 33 16 18 18 16 

|𝐹𝑇| GC1 2 1 0 0 1 

GC2 3 3 1 1 2 

GC3 2 0 0 1 1 

|𝐹𝐹| GC1 4 2 1 2 2 

GC2 2 1 0 0 1 

GC3 2 1 0 0 1 

Precision GC1 94.11% 94.12% 100% 100% 94.12% 

GC2 92.10% 85.71% 94.74% 94.74% 90% 

GC3 94.28% 100% 100% 94.74% 94.12% 

recall GC1 88.88% 88.89% 94.45% 88.89% 88.89% 

GC2 94.59% 94.74% 100% 100% 94.74% 

GC3 94.28% 94.12% 100% 100% 94.12% 

F GC1 91.42% 91.43% 97.15% 94.12% 91.44% 

GC2 93.32% 90% 97.30% 97.30% 92.31% 

GC3 94.28% 96.97% 100% 97.30% 94.12% 

Final 

Precision𝑓  93.46% 93.10% 98.25% 96.49% 92.67% 

recall𝑓 92.57% 92.59% 98.15% 96.30% 92.59% 

F𝑓 92.98% 92.67% 98.15% 96.24% 92.59% 

VI. CONCLUSIONS AND FUTURE WORK 
In the previous chapters of this study, we proposed the 

segmentation method  of scar tissue and normal cells in images 
of liver cancer image, and the automatic recognition system of 
liver cancer phase. In this chapter, we summarize and describe 
the contributions of this research and proposed improvements 
for future development. 

A. Conclusions 
In this paper, we use the image processing technology to 

enhance the contrast of the liver cancer tissue image and use 
adaptive re-use cross filter to extract scar tissue and normal 
cells. After reducing noise by the mode filter, the scar tissue and 
normal cells can be cut out, and then we extract different 
features of scar tissue and normal cells, the differences features 
are used in K-means clustering algorithm to automatically 
categorize liver cancer images.  

The proposed method successfully construct a liver cancer 
automatic recognition system, this system load liver cancer 
images and automatically cut out the position of the scar tissue 
and normal cells in liver cancer tissues, and then correctly 
determine the phase of liver cancer image. This system can help 
doctors in diagnosing so that they can get preliminary 
understanding in early phase of liver cancer. In medicine 
testing of liver cancer, this study also has contribution by 
observing the deterioration of liver cancer and determining 
whether drugs for liver cancer have effect or not to patients.  

This study uses precision, recall and F-measure three criteria 
to determine liver identification performance. Experimental 
results show that, in precision parts, except the second phases 
Experiment B is 85.71%, the others are more than 90% or even 
100%. In recall part, except the first phase is 88.88%, second 
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and third phase reached 94.12%, or even 100%. Finally, F value 
in all experiments is more than 90%, and up to 100%. The 
overall performance of precision, recall and F-value in all 
experiments reaches 92.57%. 

The experiment results show that the proposed method of 
segment scar tissue and normal cells and identification methods 
all perform excellently in recognizing phase of liver cancer 
image. It will be a great assist if this result can be used in 
medical diagnosis. 

B. Future Work 
In segmentation stage of proposed method further 

segmentation stage, there are still problems of over segment to 
be improved. This problem is mainly caused from the small 
scar tissue area in early phase of liver cancer image and and the 
color is similar to normal cells, resulting in unobvious contrast 
between this two tissue, so it is hard to avoid over segmenting 
images. However, in the future if we enhanced object area to 
make it more clear, it can be able to segment correctly. In 
recognition phase, the proposed method uses only the area ratio 
and the average distance of the main individual identification 
features. However, the density and the axes ratio of scar tissue 
and the normal cells are important features, if these features can 
be included, the accuracy of liver cancer phase identification 
will increase. In addition, in recognition phase, K-means 
clustering algorithm find the initial cluster centers randomly, if 
selected groups are too close, it will result in poor clustering 
result. It is necessary to improve the selection of initial cluster 
centers in the future. Finally, the amount of generation which 
genetic algorithms generate also affect the recognition result, 
therefore, the amount of generation is also worthy to deeply 
research in recognition phase. 
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