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ABSTRACT 

Despite the importance of the liver segmentation in the 

medical images for efficient noninvasive diagnosis, few 

studies found in the literatures for fully automated methods 

for liver segmentation in Magnetic Resonance Imaging (MRI) 

compared to that in Computed Tomography (CT) scans. 

Motivated by this, we propose an adaptive fully automatic 

liver segmentation method for MRI images based on 

thresholding and Bayesian classification. Bayesian 

classifications have proved to be highly robust to various 

image degradations. It only requires a small amount of 

training data to estimate the parameters necessary for 

classification, which is a huge advantage in medical 

applications. Furthermore, the Bayesian model is robust when 

large uncertainties are involved in medical image analysis 

problems. The proposed method is successfully tested on 

many MRI cases acquired from different patients, in various 

sizes. Experiments proved the robustness of the proposed liver 

automatic segmentation process even on data from different 

scanner types. The segmentation accuracy of the model has a 

mean Dice Similarity Coefficient (DSC) of 95.5% for MRI 

datasets. 

General Terms  
Image processing, Computer Vision. 

Keywords 

Medical Image Analysis, Automatic Liver Segmentation, 
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1. INTRODUCTION 
Liver segmentation is a key condition and a major step in the 

diagnosis of liver diseases and surgical planning, whether the 

diagnosis or treatments involve surgical ways (surgeries) or 

non-surgical ways (medical imaging). Surgical intervention is 

one of the ultimate treatment options and surgical planning is 

considered a major step in successful surgical operations. For 

example, tumor removal planning includes quantification of 

the tumor size, its location, and trajectories during surgery, in 

addition to the effect of tumor removal on other neighboring 

organs, and the success rate of the surgery. Medical imaging 

is considered a non-surgical and painless way in clinical 

practice for the diagnosis of some liver diseases [1][2].  

Thus, accurate liver segmentation has many benefits in 

different medical aspects. It has a direct application on 

planning, monitoring, and treatment of different types of 

pathologies such as hepatocellular carcinoma or cirrhosis 

diseases. And due to the high accuracy needed, segmentation 

of the liver is often done on images with high spatial 

resolution, i.e., Computed Tomography (CT) or Magnetic 

Resonance Images (MRI).  

Currently, fully automatic liver segmentation in medical 

images remains an unsolved problem [3]. This is mainly due 

to reasons concerned with medical imaging in general, and 

reasons related to the liver in particular as Figure 1 shows. 

Pictures of livers show irregularity in the liver shape, size and 

appearance, across patients as in (a and e), in addition to liver 

sharing similar intensity distributions with its surrounding 

organs. For as it is known, the liver is a soft organ with 

variable shape. This makes it more challenging especially for 

automatic liver detection. Furthermore, many infections, 

presence of tumors, or other abnormalities have a strong effect 

on the appearance, volume and the shape of the liver as in Fig. 

1(d). Hence, most of the time, clearly defined edges are not 

visible on many sides of the liver [4]–[6]. 

As for medical imaging technology, such as CT and MRI, 

abdominal images are represented in gray level rather than 

color. These are often very noisy that inevitably, ambiguous 

boundaries appear between the liver and its adjacent organs, 

including abdominal wall, right kidney, heart, stomach and 

gallbladder. Sometimes, due to poor quality of imaging, the 

boundaries completely disappear, and segmentation becomes 

very difficult as in Figure 1(b). This raise an urgent need for a 

more efficient and accurate volume segmentation technique 

[7]–[10]. Although liver volume can be calculated using some 

common formulas such as Mosteller formula depending on 

age, weight and height of the patient, these formulas are not 

accurate in the case of pathological livers [11].  

Many researchers address liver segmentation because of the 

importance of the subject. However, there is no global 

technique that can be used with all kinds of images; each 

technique has its own strengths and weaknesses. Interested 

readers can refer to [2], [12], [13] for a thorough survey of 

liver segmentation techniques. Also, quantitative 

segmentation validation methods are considered among the 

open issues in the literature. Many validation methods, 

including area overlap, Dice measure, and Hausdroff distances 

[14]–[16], are usually used in addition to the visual validation 

of the cases by an expert, which is still a necessary measure 

for the validity of the segmentation method. 

Bayesian classifier has gained significant attention in the 

scientific community for solving computer vision tasks such 

as object recognition, classification and segmentation[17], 

often out-competing state-of-the art methods. It only requires 

a small amount of training data to estimate the parameters 

necessary for classification, and strategies have proved this 

classifier to be highly robust to varying image appearance.  
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Various statistical methods have been used for classifying 

medical images in the field of diseases diagnosis. Some of 

these methods require prior assumptions and are less capable 

of dealing with massive and complicated nonlinear and 

dependent data. In general, images classification methods are 

categorized into supervised (and unsupervised models. 

 

   

a b c 

  

 

d e  

Figure 1: Some difficulties of liver segmentation 

irregularity in the liver shape, size and appearance, liver 

sharing similar intensity distributions with its surrounding 

organs, presence of tumors, or other abnormalities have a 

strong effect on the appearance, volume and the shape of 

the liver, and ambiguous boundaries appear between the 

liver and its adjacent organs. 

 

Bayesian classification represents a supervised learning 

method [18], [19] as well as a statistical method for 

classification. This method assumes an underlying 

probabilistic model and allows capturing uncertainty about the 

model in a principled way by determining probabilities of the 

outcomes. It can solve diagnostic and predictive problems. In 

addition, Bayesian model is robust when large uncertainties 

are involved in medical image analysis problems [20]. 

In this work, we propose a model for liver segmentation from 

MRI images based on Bayesian classification. We validate our 

method using both careful visual examination by an expert 

radiologist, and Dice Similarity Coefficient (DSC) [21] 

measure for calculating error and accuracy. 

The rest of the paper is organized as follows: Section 2 

presents a survey of related work on liver segmentation. 

Section 3 introduces the data set, mathematical model and 

proposed segmentation method. Section 4 describes the 

experiments conducted to test the method and discusses the 

results. Finally, conclusions are presented in section 5. 

2. RELATED WORK 

Liver segmentation methods can be classified into three 

classes [22] in line with the level of required human 

interaction. These are automatic methods that require no user 

interaction, semi-automatic methods that require some initial 

user interaction, and interactive methods (manual) that require 

full user interaction from the beginning to end of 

segmentation. Manual segmentation is a time intensive and 

tedious task as it involves working with large amount of 

image slices and datasets. Also, the segmentation results rely 

on the experience and skills of the radiologists and because of 

inconsistencies of liver images mentioned earlier, the liver 

boundaries may be identified differently by different 

radiologists and even by the exact same radiologist at another 

time. Therefore, several automatic and semi-automatic liver 

segmentation methods from medical images have been 

proposed to help overcome problems of manual segmentation. 

Chen and Foruzan in [23] presented a graph-cut based method 

to segment the liver from  MR images. K-means clustering 

was used to automatically obtain the object (liver) and 

background (non-liver) seeds (regions) in every slice of the 

volume without user interaction. 

Freiman et al. [24] proposed a new Bayesian probabilistic 

level set framework for automatic liver segmentation and liver 

volume calculation from CT images. Their proposed unified 

framework employs an edge indication function and a novel 

nonlinear variable force, which is based on probabilistic 

distribution at the pixel level and is used to adjust the level set 

evolution. As for the liver volume estimation, they used a 

multi-resolution iterative scheme that repeatedly applied 

smoothed Bayesian classification to identify the liver and 

other organs. 

Cheng et al. [25] proposed a level set approach for liver 

segmentation from abdomen MRI series images, where shape 

prior knowledge is combined with the improved Chan-Vese's 

model. The proposed approach can overcome the leakage and 

over-segmentation problems. 

Linguraru et al [26] presented an automated segmentation of 

livers from abdominal CT images, in which an affine invariant 

shape parameterization is combined with a geodesic active 

contour and graph cuts. A geodesic active contour locally 

corrects the segmentations of organs in abnormal images of 

abnormal liver, while the optimized graph cuts segment the 

vasculature and hepatic tumors using shape and enhancement 

constraints.  

Lim et al. [27] proposed an approach for automatic liver 

segmentation from CT images for volume liver estimation, 

where they analyze the intensity distribution of CT samples to 

obtain a priori model to determine the coherent regions of the 

liver. A morphological filter is recursively applied with 

region-labeling and clustering to detect the search range and 

to generate the initial liver boundary, which then leads to liver 

volume estimation. 

Seo in [28] proposed a method to hepatic tumor segmentation 

from CT images using composite hypotheses. In the 

beginning, histogram transformation, multimodal threshold, 

maximum a posteriori decision, and binary morphological 

filtering, are used to segment the liver. For finding an optimal 

threshold the hepatic vessels are removed from the liver. The 

optimal threshold value is then utilized with minimum total 

probability error to segment a hepatic tumor. The results show 

that the proposed method is very useful for diagnosis of the 

normal and abnormal liver, although tested on 10 cases only. 

 Rikxoort et al. [29] proposed a method that starts with 

preprocessing steps to determine the vertical scan range of the 

liver and to rotate the scan so that the subject is in supine 

position. Then voxel labeling with K-nearest-neighbor is 

performed, and a final smoothing filter is applied to obtain a 

fine segmentation. The method is tested on only 10 test scans. 

Platero and Tobar in [30] presented a combination between 

the probabilistic atlas and multi atlas segmentation for liver 

segmentation from CT images. It is based on minimizing a 

discrete energy function using graph cuts. Applications often 

focus as well on segmenting the vessel and tumor. By using 

graph cuts method which can be easily achieved since, when 

segmenting the vessel or tumor, the “background” liver is 

homogeneous. 

No evaluation or comparison can be made of the various 

works to segment the liver from medical images because of 
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the fact that every author utilizes a small private dataset and 

different performance measure criteria. For an objective 

comparison, for the most part, knowledge performance 

measures are required. Each existing method has its own 

advantages and disadvantages, and none is fully robust. From 

our review of the previous proposed researches, it is 

concluded that there is still need for a robust and efficient 

method for automatic liver segmentation. 

3. THE PROPOSED METHOD 
Among the different classification approaches that are based 

on statistical models is the Bayesian classification. It is one of 

the most effective and efficient algorithms and has been 

successfully applied to many medical problems.  Studies show 

that Bayesian classification is well suited for medical 

application and has high performance rate in most of the 

examined medical problems [31]. 

Bayesian classification provides several practical learning 

algorithms such as Naive Bayes, Gaussian Naive Bayes, 

Multinomial Naive Bayes, Averaged One-Dependence 

Estimators (AODE), Bayesian Belief Network (BBN), and 

Bayesian Network (BN) [32]. It provides a useful perspective 

for understanding and evaluating many learning algorithms 

where prior knowledge and observed data can be combined. 

The method calculates explicit probabilities for hypotheses 

and it is robust to noisy input data [33]. 

Bayesian classification is a pixel-wise operator. It classifies 

each pixel in the image using statistical models for the classes 

from the training data. It is based on the following formula 

[27] [37]:  

𝑝 𝑐𝑖   𝑥 =  
𝑝 𝑥  𝑐𝑖 . 𝑝(𝑐𝑖)

𝑝(𝑥)
, (1) 

where  𝑝 𝑐𝑖  𝑥  , the posterior, is the probability of instance 𝑥 

being in class 𝑐𝑖 , this is what we are trying to compute, 

𝑝 𝑥  𝑐𝑖  , the likelihood; is the probability of generating 

instance x given class 𝑐𝑖 , 𝑝(𝑐𝑖) ,the prior, is the probability of 

occurrence of class  𝑐𝑖  , this is just how frequent the class  𝑐𝑖   
is in the image, and 𝑝(𝑥) , the evidence, is the probability of 

occurrence of instance 𝑥 , which can be ignored, since it is a 

normalization factor and is the same for all classes. That is, to 

compute the posterior, we only need to calculate 𝑝 𝑐1 𝑥   and 

 𝑝(𝑐2|𝑥) for the feature x.  

We use the Gaussian model for modeling the data, that is, we 

use 

𝑝 𝑥  𝑐𝑖 = 𝑁 𝜇𝑖 , 𝜎𝑖
2  (2) 

Where: 

𝑁 𝜇𝑖 , 𝜎𝑖
2 =  

1

 2𝜋𝜎𝑖
2

 𝑒
− 

(𝑥−𝜇 𝑖)
2

2𝜎𝑖
2

 (3) 

where 𝜇 is the mean and 𝜎 is the standard deviation. 

Ideally, for automatic liver segmentation from MRI images, 

the scanned liver tissue would have some degree of 

consistency to distinguish it from the surrounding tissues. A 

pixel of a certain value is classified as a liver pixel as opposed 

to a non-liver or background pixel. However, as mentioned 

earlier, quality issues may prevent such clear distinction and 

pixels end up incorrectly segmented. We build a Bayesian 

model to classify every pixel of the input image as belonging 

to the liver tissue or not based on its probability of being a 

liver pixel or not. The probabilities are pre-calculated from a 

set of labeled training images and used to decide if a pixel in a 

new test case is liver. A pseudo code of the algorithm for the 

proposed method is shown in Fig. 2.  

 

Algorithm 1: Adaptive Fully Automatic Liver 

Segmentation  

Input: A dataset of image volume of abdominal MRI 

images. 

Output:  Segmented liver images in the dataset. 

for each image in the datasets do 

Select the middle slice from the image volume. 

Apply thresholding and select the largest connected 

component as the liver. 

Compute the parameters 𝜇 and 𝜎 for liver class and other 

classes in the image (non-liver and background). 

for each pixel in each image in the dataset do 

Compute the likelihoods for each class using Eq. (2). 

Compute the posteriors of each class using Eq. (1).  

Label the pixel with the class that have the largest 

posterior. 

    end for  
Apply post processing procedures for extracting the liver 

(considering size and location). 

end for 

Figure 2: Pseudocode for the proposed method. 

In our method, we label the training data to categorize three 

classes: liver, non-liver, and background of the image, as C1, 

C2 and C3, respectively. The training data is obtained using 

the method we proposed in a previous research [34] . Fig. 3 

shows a sample of the training data for each class. 

 

   

a. Liver (Class1) 
b. Non-Liver 

(Class2) 

c. Background 

(Class3) 

Figure 3. Training data. 

 

4. RESULTS AND DISCUSSIONS  

It should be stated that there are no benchmark datasets for 

abdomen MRI images available to test the proposed methods 

of liver segmentation. Furthermore, none of the authors of 

previous works have made their own datasets public. Since 

the developed algorithm is meant to be capable of segmenting 

of MRI  images available in clinics, we collected datasets 

from several medical centers and hospitals; where the MRI 

images are all of type T1; a type preferred by radiologists for 

its quality [4]. All abdominal MRI datasets have been 

acquired of the liver. The cases are from 20 patients, ranging 

in age between 7 and 70 years old; 3 of which have normal 

livers, and the rest have diseased livers.  

The proposed algorithm is designed for automatic 

segmentation of the liver. It has achieved promising results on 

the collected dataset of T1 images. Some test cases are shown 

in Figure 4.  The Dice Similarity Coefficient (DSC) [21] is 

used to evaluate the segmentation accuracy. The algorithm 

achieved a DSC of 95.5% for the test cases. Figure 5 shows a 

sample of our results against manual annotation. 

 



International Journal of Computer Applications (0975 – 8887) 
Volume 179 – No.4, December 2017 

 

15 
 

   
 

    

    

    

    

a. Original 

image. 

b.Segmented 

liver. 

a. Original 

image. 

b.Segmented 

liver. 

Figure 4: Some test Cases 

The datasets used for testing includes images of both normal 

and abnormal liver tissues. This shows that the proposed 

technique can be used further for diagnosing the lesions on the 

surface of abnormal liver tissues. In addition, it demonstrates 

the robustness of the proposed liver model for the automatic 

segmentation process even on data different scanner types. 

However, not all results are satisfactory. This is mainly due to 

the fact that in some cases (not-infected), the boundary 

between the liver and neighboring organs disappears as in a 

and b in Figure 1 and is hard to locate. This leads to erroneous 

segmentation of the liver combining parts of a neighboring 

organ such as the right kidney. 

In other cases (infected), the injury on the border of the liver 

leads to difficulty in segmenting the liver from the adjacent 

organ as in Figure 1(d). In addition, some segmentation 

results shows holes or blanks because of infection (tumors) 

being segmented with the liver. Therefore, after the 

segmentation process, a post processing step was needed to 

modify some of the output to improve the results in general 

and to obtain an image of the liver only. For example, we used 

some morphological processes to fill these holes and then 

restore the liver segmented from the original image to 

maintain the shape and characteristics of the liver. Examples 

are shown in Figure 5. 

 

 

 

 

 

 

 

 

   

   

a. original image 

b. liver segmented 

before post-

processing 

c. liver segmented 

after post-

processing 

Figure 5: Example of post processing step 

Ideally, the algorithm would be assessed against previous 

similar techniques. But unfortunately, an objective 

comparison among different systems would not be accurate 

and fair, due to the lack of a common dataset with gold 

standards, i.e. a commonly accepted manual segmentation, 

and a unique measure of discrepancy between the automatic 

and the manual segmentation of each abdominal organ. 

Besides, most authors employ their own private datasets. 

However, since the same  data set was used in both proposed 

methods (this Bayesian model and our  previous work in 

[37]), a comparison of the two seems equitable, and is carried 

out in terms of their respective segmentation results,  

accuracy, and speed of completing the automatic 

segmentation function. Sample results from both techniques 

are shown in Table 1. 

It is noted that the proposed Bayesian method is faster than 

the method from [27]. This is because the latter’s reliance on 

active contour technique, which depends on a certain number 

of frequencies to obtain good results. The average speed rate 

of liver segmentation with active contours was 0.96 seconds, 

while the average rate of segmentation speed of the Bayesian 

model reached 0.22 seconds. The segmentation accuracy for 

both methods was close, with active contour reaching 95%, 

while the Bayesian model scoring slightly higher with 95.5%. 

 

 

 
 

 

 

 
 

 

a. b. c. d. 

Figure 5. a. Original MRI slice b. Manual annotation with 

DSC c. Manual segmentation d. Automatic segmentation. 
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Table 1: Execution time (in seconds) of the proposed Bayesian 

segmentation model against the active contours method from 

[37]. 

Original 

Image 

Segmentation 

by Bayesian 

Model 

Bayesian 

Model 

Segmentation 

by Active 

Contour 

Active 

Contour 

  

0.22784 

 

0.97663 

  

0.22699 

 

0.90634 

  

0.24245 

 

0.85175 

  

0.22114 

 

0.94749 

  

0.21785 

 

1.05714 

  

0.21411 

 

1.02269 

  Average 

= 

0.22452 

 Average 

= 

0.96035 

 

5. CONCLUSION 
A good liver segmentation is the first important step in liver 

treatment planning; this paper presents a method for 

automatically liver segmentation. The proposed method, 

which is based on Bayesian classification, automatically 

extracts the liver from MRI scans. It utilizes adaptive 

parameters according to the characteristics of a particular 

patient (the new slice) to accommodate patient-specific liver 

features during segmentation. For as it is known, the usage of 

common parameters for all patients decreases the efficiency of 

the segmentation. The method has been tested on T1 MRI 

imaging datasets from different scanners. Experiments 

demonstrated the liver successful segmented from the datasets 

with accuracy having a mean Dice Similarity Coefficient 

(DSC) of 95.5%. The average processing time for the 

segmentation was about 0.22 seconds. The time and accuracy 

attained proves the reliability of the proposed algorithm. 

Moreover, the novelty of the approach lies in its full 

automation (no user interaction needed). Also, no 

preprocessing steps are needed to identify a region of interest  

or remove surrounding organs to easily detect the liver. 

Furthermore, MRI images in the datasets used for testing are 

for both normal and abnormal liver tissues, confirming that 

the proposed technique can be used further for diagnosing the 

lesions on the surface of abnormal liver tissue. In future work, 

the model can be developed to solve the leakage problem in 

some cases, where the liver contour is not clear due to 

hepatomegaly. Also, a further step would be to segment and 

classify tumors from the unhealthy livers. 
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