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Abstract: 

In this paper, we propose a histogram based method to detect Cholangio Carcinoma Liver Tumor in CT images automatically.  This 

proposed method comprises of three steps.  In the first step, all kind of noises are removed such as speckles using image filtering.  

The overlap between different peaks is a strong evidence of noisy image.  In the second step, Cholangio tumor candidates are 

detected using histogram based analysis and K-mean based analysis.  Applying histogram based analysis algorithm leads to remove 

the overlap between the liver and the tumor.  Suspected area was recognized successfully as the outcome of histogram based 

analysis.   Tumor Pattern shows gradual change from dark to light. The darker tune means the damage is worse as well as older than 

the lighter tune. The dark tune indicates severity and age. The light tune indicates new development of the tumor.  Quantitative 

evaluation was done using ANOVA single factor test analysis to test whether there is any significant relation between the classes.  

Since P < 0.05, there is insignificant relation between all the classes and we reject the null hypothesis.  Further, validation between 

manual and automated segmentation was made and found that the error between manual segmentation and automated segmentation 

is smaller than 10.1 % which shows an evidence of success.  In the final step, the performance capability of K-means versus HBAA 

was made.  The error percentage in (HBAA) is (10.1 %), while in (K-mean classifier) it is 134.3 %. The estimated area (by K-mean 

classifier) was exaggerated to more than double. The estimated area by (HBAA) was 90 % of the calculated area by the radiologist. 

The result is a proof of the superiority of (HBAA) over (K-mean classifier).      
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1. Introduction 

Liver Cancer is one of the most common cancers 

worldwide and is a type of cancer which is on the 

rise.  It is rated as the fifth most common cancer 

disease endangering human life among men and ninth 

among women.  More than 80% of these cases are  

affected by Hepato Cellular Carcinoma (HCC) that 

originates from Hepatocytes which are the  

 

 

 

predominant cells in the liver. Incidence and 

mortality rates are more than twice in men as 

compared to women. Early diagnosis of liver tumours 

can promote early treatment. Medical imaging has 

developed intensely and rapidly in recent years, 

development of digital imaging, especially Computed 

Tomography (CT) has been extensively applied in 

diagnosis of liver tumor. Diagnosis of liver tumor 

requires interpretation of a large volume of 
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abdominal CT images. These kinds of procedures are 

very expensive and error -prone since it requires 

more time for the specialists to analyze the images. 

Sometimes very important information could be 

missed by an extremely trained specialist. For a better 

quantitative and objective examination, it is 

necessary to build a computer-aided diagnostic tool 

that will automatically analyze tumors in the liver. 

 In this paper we have proposed a segmentation 

method to extract features from CT Images to 

identify liver tumor. This is mainly used for computer 

aided diagnosis of liver tumor. The proposed method 

uses region growing with optimized threshold 

algorithm. In this method the CT image of the liver is 

segmented using region growing method which will 

start from a seed point and automatically detect and 

efficiently close around the vessels and tumors. 

Liver cancers are also formed due to internal 

structures present within the liver such as the blood 

vessels, bile duct, and immune cells. Cancer of the 

bile duct known as Cholangio Carcinoma and 

Cholangio Cellular Cystadeno Carcinoma, account 

for approximately 6% of primary liver cancers [1]. 

There are different types of tumors such as first, HCC 

and Cholangio Carcinoma [2]. Second, tumors of the 

blood vessels which are commonly known as 

Angiosarcoma and Hemangioendothelioma, 

Embryonal sarcoma and Fibrosarcoma are produced 

from a type of connective tissue. Third, Cancers 

produced from muscle in the liver are known as are 

Leiomyosarcoma and Rhabdomyosarcoma. Other 

less common liver cancers include Carcinosarcomas, 

teratomas, yolk sac tumours, carcinoid tumours and 

lymphomas[1]. Lymphomas usually have diffused 

infiltration to the liver, but it may also form a liver 

mass in rare occasions. 

The human body is made up of several types of cells. 

Usually cells will grow and divide to form new cells 

in a restricted and methodical manner. Because of 

this a mass of additional tissue called a tumor may 

develop. A tumor can be benign (not cancerous) or 

malignant (cancerous).  Cells in these malignant 

tumors are abnormal in nature [4]. Medical imaging 

studies for premature detection and diagnosis of liver 

tumors include Magnetic Resonance (MR) Imaging, 

Computed Tomography (CT), Ultra Sound (US) and 

Angiography [1]. In CT images [3], [4], tumors that 

are present in the liver are commonly recognized by 

the intensity difference between the liver and the 

tumor. Advance in computer technology has helped 

image processing to assist physicians to identify 

cancer in the liver. The most important difficulty in 

liver tumor detection is due to low contrast difference 

between liver and intensity values. Quite a lot of 

approaches are used for segmentation of lesion and 

liver from CT images [6]. 

Computerized tomography scanning method is an X-

ray assessment to produce particular images of the 

body. The images obtained from this assessment 

mainly define the size, shape and position of the 

internal parts of the body allowing for an analysis. 

The threshold algorithm [5] obtains user defined 

mask as an input. The intensity of the tumor area is 

identified. This algorithm provides the region within 

the intensity range of the tumor. The morphological 

process is used to completely mask the tumor area. 

The tumor area is multiplied with the input slice of 

the image to obtain the tumor area. 

The objective of this paper is to extract clinically 

relevant information or knowledge from medical 

images. The methods can be largely grouped into 

various categories: segmentation of image, image 

registration, physiological based image modeling, 
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and others. This paper discusses about development 

of a Semi-Automated Algorithm which is capable of 

identifying, Segmentation and Diagnosis of 

cholangio carcinoma Liver Abnormalities. 

 

2. Materials 

2.1 Data Collection 

Table 1: Characteristics of CT-Scan Image Data of 

Liver Tumor (Cholangio Carcinoma) 

CT Image In002: Patient-1 

Date of Acquisition 26/12/2015 

Resolution(in mm) W=1.2       L =1.35 

Resolution 1008x832 Pixels 

DFOV with STND/ SS50 29.1 cm 

Type of Disease Cholangio-Carcinoma 

Table 1 provides the specification of CT-scan image data 

being utilized in this study. The medical data was 

procured from Padmashree Diagnostics, Vijayanagar, 

Bangalore. 

2.2 Computing Machine 

Features of Computing Machine: 

• Processor: Intel ®, Core (TM) i3, CPU 550 

@3.2 GHz, RAM: 2 GB 

• Operating System (32-bit): Microsoft Windows 

7, NVIDIA GeForce 8400 GS 

3. Methodology 

3.1 Filtering 

 

Figure 1: Raw image In002 Portal Venous Phase 

Figure 1 shows the input raw CT scan image of a 

patient-1 Portal Venous Phase.  The length of the image 

is 1008 columns and the width is 831 rows. It was taken 

in 26
th

 December 2015.  

Table 2: Raw CT-Scan Image Information of Patient-

1 in Cholangio-carcinoma 

 No. of 

Columns 

No. of 

Rows 
Width Length 

In Pixels 1008 832   

In mm   80 231 

DFOV = 29.1 cm, STND / SS50  

Resolution of the Image: 

W = 1.2 mm  L = 1.35  

 

 

Figure 2: Histogram of the raw In002 

Figure 2 indicates different objects of the abdomen 

including liver.  Each peak represent different object in 

patient abdomen.  It is clear that all peaks are 

overlapping, making it difficult for analysis before 

separation between each other.  

Image filtering is an essential process to remove all kind 

of noise suck as speckles. The overlap between different 

peaks is a strong evidence of noisy image.  
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Figure 3: Histogram of the filtered image In002 

Figure 3 indicates 3 regions. The liver in the middle and 

the extreme right is the blood vessels and the extreme 

left is liver tumor. Based on histogram analysis, 

extraction of tumor is possible. 

3.2 Automatic Detection of Cholangio Tumor 

Candidates 

 

Figure 4: Estimated intensity PDFs 

Figure 4 Estimated Intensity PDFs for tumor (the left 

peak), liver (the center peak) and vessel (the right peak).  

The Figure 4 indicates the theoretical problem in 

overlapping between 3 objects tumor, liver and blood 

vessels. 

 

Figure 5: Object detection using the mean and 

standard deviation 

In Figure 5, each object can be detected using the mean 

and standard deviation for each peak and implementing 

Equation 1.  Figure 5.5 explains the unique characteristic 

of each peak, so each peak can be easily recognized and 

discriminated using the following equation. 

 

(�� − ����  )

(��� − ����)
(255 − 1) + 1;   �� (���� ≤ �� ≤ ���) 

       0 ;     �� (�� < ���� ∪ �� > ���) 

        ����: µ
�����

− 3!, ���  : µ
�����

+ 3!     .. ..  ..  ..  

..  (1) 

 3.3 Histogram Based Analysis   

 

Figure 6: Liver  

The Liver was highlighted and the rest of the abdomen 

was masked as shown in Figure 6. 
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Figure 7: Histogram of highlighted Liver 

Histogram of highlighted liver in Figure 7 is left skew, 

the reason is the overlap between the liver peak and the 

tumor peak. 

3.4 K-Mean Based Analysis 

 

Figure 8: K-Mean unsupervised classification 

K-Mean unsupervised classification is used to classify 

liver in two classes (Liver “dark color” and “Cholangio-

Carcinoma” in light color. K-Mean unsupervised 

classification failed to discriminate between liver and 

tumor in the overlapped areas. The area of the tumor is 

larger than the real area because of the overlap. There is 

need for advanced technique to remove the overlap.   

Applying histogram based analysis algorithm leads to 

remove the overlap between liver and the tumor. 

 

Figure 9: Cholangio-Carcinoma 

The Tumor is automatically highlighted using Equation 

1. It is characterized by different tones from black to 

white, indicating different intensities. 

 

Figure 10: Histogram of the suspected Tumor 

The Suspected area was recognized successfully as the 

outcome of histogram based analysis algorithm. It shows 

different tumor objects with different intensities based 

on the history of the objects.  

Figure 11 indicates Tumor Pattern and shows gradual 

change from dark to light. The darker tune means the 

area of worst damage as well as older in age than the 

lighter tune. The dark tune indicates severity and age. 

The light tune indicates new development of the tumor. 
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Figure 11: Classified extracted tumor based on 

Histogram Analysis 

Table 3: Correlation between Tumor Classes 

Tumor was classified into six classes where they are not 

correlated, thus indicating different intensities. 

Table 4: Variance between groups 

Groups Count Sum Average Variance 

B1 19186 68139 3.6 263.5 

B2 19186 106908 5.6 494.7 

B3 19186 178157 9.3 905.7 

B4 19186 223827 11.7 1228.2 

B5 19186 275795 14.4 1636.2 

B6 19186 212409 11.1 1499.9 

The Variance between six classes is very large indicating 

no possibility of merging. 

 

4. Experimental Results 

4.1 Performance Capability of K-mean v/s HBAA 

 

Figure 12: Exaggerated area of tumor by                   

K-Mean Classifier 

After the highlighting of the liver, the image was 

classified using k-mean classifier. The result shows 

exaggeration of the area of suspected tumor (yellow 

color) as shown in previous Figure 12. 

 

Figure 13: Area of the Tumor extracted by HBAA 

The highlighted suspected tumor was extracted by 

Histogram Based Analysis Algorithm (HBAA) as shown 

in previous figure (small area in brown color). Area in 

yellow color is mis-classification done by K-mean 

classifier. The area of suspected Tumor in Pixels was 

calculated and compared as shown in Table 5. 

  B1 B2 B3 B4 B5 B6 

B1 1      

B2 -0.054811     

B3 -0.06751-0.07731    

B4 -0.07284-0.0834-0.102721   

B5 -0.07775
-

0.08903
-0.10965-0.1183 1  

B6 -0.06255
-

0.07162
-0.0882 -0.09516-0.101591 
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Table 5: Area of suspected Tumor in Pixels 

Segmentation Manual K-Mean HBAA 

Image 

 Area  

in Pixel 

Area  

in Pixel 

 Area  

in Pixel 

In002 11,020 25,825 9,911 

The comparison between (K-mean classifier) and 

(HBAA) is shown in next table.  The error percentage in 

(HBAA) is (10.1%), while in (K-mean classifier) it is 

134.3%.The estimated area by (K-mean classifier) was 

exaggerated more than double. The estimated area by 

(HBAA) was 90 % of the calculated area by the 

radiologist. The result is a proof of the superiority of 

(HBAA) over (K-mean classifier). 

Table 6: Validation for the area of  

suspected Tumor 

  HBAA K-Mean 

Image % Error % Error 

In004 10.1% 134.3% 

4.2 ANOVA Test 

Table 7: ANOVA Single Factor Test 

Source of 

Variation 

Between 

Groups 

Within 

Groups 
Total 

SS 1562088 1.16E+08 1.17E+08 

Df 5 115110 115115 

MS 312417.6 1004.719  

F 310.95   

P-value 0   

F crit 2.214177   

ANOVA Single Factor Test is used to test whether there 

is any significant relation between those six classes. 

Since P < 0.05, there is insignificant relation between all 

the classes and we reject the null hypothesis. 

 

Figure 14: Horizontal Semivariogram 

The horizontal exponential growth of the tumor is up to 

thirteen pixels and the horizontal linear growth of the 

tumor is up to twenty two pixels. 

 

Figure 15: Vertical Semivariogram 

The vertical exponential growth of the tumor is up to 

twelve pixels and the vertical linear growth of the tumor 

is up to twenty five pixels. 

 

Figure 16: Positive slope Semivariogram 

The positive slope exponential growth of the tumor is up 

to three pixels and the positive slope linear growth of the 

tumor is up to sixteen pixels. 
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Figure 17: Negative slope Semivariogram 

The negative slope exponential growth of the tumor is up 

to two pixels and the negative slope linear growth of the 

tumor is up to twenty- five pixels. 

4.3 Validation 

Table 8: Validation between manual and automated 

segmentation 

Segmentation Manual Automatic 
Standard 

Error 

Image 
Area  

in Pixel 

Area  

in Pixel 
 

In002 11,020 9,911 10.1% 

As shown in Table 8 the error between manual 

segmentation and automated segmentation is smaller 

than 10.1 %. This is an evidence of success. 

Conclusion 

K-Mean unsupervised classification is used to classify 

liver in two classes (Liver and Tumor). In all the 

analyzed images, K-Mean unsupervised classification 

failed to discriminate between liver and tumor in the 

overlapped areas. The area of the tumor is larger than the 

real area because of the overlap. There was need for 

advanced technique to remove the overlap.  Applying 

histogram based analysis algorithm leads to remove the 

overlap between liver and the tumor.  The error 

percentage in (HBAA) is very small compared to the 

calculated area by the radiologist while the estimated 

area of the suspected tumor done by (K-mean classifier) 

was usually exaggerated compared to the calculated area 

by the radiologist. The result is a proof of the superiority 

of (HBAA) over (K-mean classifier). 
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