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Abstract. An automatic method for segmenting the liver from the portal venous 
phase of abdominal CT images using the K-Means clustering method is described 
in this paper. We have incorporated an interactive technique for correcting the 
errors in the liver segmentation results using power law transformation. The 
proposed method was validated on abdominal CT volumes of fifteen patients 
obtained from Kasturba Medical College, Manipal. The average values of the 
various standard evaluation metrics obtained are as follows: Dice coefficient = 
0.9361, Jaccard index = 0.8805, volumetric overlap error = 0.1195, absolute 
volume difference = 4.048 %, average symmetric surface distance = 1.7282 mm 
and maximum symmetric surface distance = 38.039 mm. The quantitative and 
qualitative results obtained in our preliminary work show that the K-Means 
clustering technique along with power law transformation is effective in 
producing good liver segmentation outputs. As future work, we will attempt to 
automate the power law transformation technique.    

Keywords. Preprocessing, Liver Segmentation, Power Law Transformation, K-
Means clustering. 

1 Introduction 

Segmentation of the liver from the abdominal Computed Tomography (CT) image is 
essential for the computer based diagnosis of hepatic diseases and liver surgery 
planning [1, 2]. But the pixel intensity of liver parenchyma is very similar to its adjacent 
organs like stomach, heart, kidney, etc., making it difficult to extract only the liver 
region from the abdominal image [3, 4]. Hence portions of these adjacent organs also 



get segmented along with the liver. Another factor that complicates the segmentation 
process is the presence of large peripheral or border tumors in the liver. These tumors 
often get excluded from the segmented liver region yielding impractical segmentation 
results.  

Several papers have been published on liver segmentation [5–12]. Most of the 
research focused on automating the segmentation process with no provision for manual 
intervention to identify and correct the erroneously segmented slices in the CT dataset 
of the patient. Automation is essential but may not always be practical as there may be 
errors in the segmented output. These errors must be corrected to get accurate outcomes 
in computer-assisted systems used for hepatic disease diagnosis and surgery. Accuracy 
is foremost in medical applications and no algorithm can guarantee to always produce 
accurate results. Hence it is essential to incorporate some method for interactive 
correction of the erroneously segmented results.   

We have attempted to segment the liver from the images obtained in the portal 
venous CT phase using the K-Means clustering algorithm. Power law transformation 
interactively corrected the erroneously segmented images. Our preliminary work has 
shown promising results both qualitatively and quantitatively. There is no work 
published on liver segmentation that uses power law transformation for error correction 
to the best of our knowledge. The paper is structured as follows: Section 2 describes 
the methods adopted in the proposed work, Section 3 presents the results and 
discussion; conclusion and insights into the future work are provided in Section 4.   

2 Methods 

The different steps in the proposed liver segmentation method are depicted in the flow 
diagram shown in Fig. 1. It mainly consists of four stages: preprocessing, K-Means 
clustering based liver segmentation, postprocessing and an error correction block based 
on power law transformation. Each of these stages are detailed in the following 
subsections. The results obtained at the different stages of the algorithm for a particular 
input image are illustrated in Fig. 2. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

Fig. 1. Flow diagram of the proposed liver segmentation algorithm. 

2.1 Preprocessing 

The images considered in this work are in Digital Imaging and Communications in 
Medicine (DICOM) format. The images are first converted from CT numbers to 
Hounsfield Units (HU) using Eq 1 [13], 

 𝐻𝑈 = 𝐶𝑇𝑛𝑢𝑚𝑏𝑒𝑟 × 𝑅𝑒𝑠𝑐𝑎𝑙𝑒_𝑆𝑙𝑜𝑝𝑒 + 𝑅𝑒𝑠𝑐𝑎𝑙𝑒_𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡  (1) 

where 𝐶𝑇𝑛𝑢𝑚𝑏𝑒𝑟 is the stored value at each image point and the values of 
𝑅𝑒𝑠𝑐𝑎𝑙𝑒_𝑆𝑙𝑜𝑝𝑒 and 𝑅𝑒𝑠𝑐𝑎𝑙𝑒_𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 are obtained from the DICOM file itself using 
the respective tags. 

The pixel values obtained after the above transformation are windowed to 0-255 
range according to the pseudocode given below for two reasons: (i) to make them 



suitable for display, (ii) since images in HUs did not give satisfactory segmentation 
results. The pseudocode for the same adapted from [14] is shown below.  

n = number of output gray levels (i.e., 256) 
w = Window width – 1.0 
c = Window center – 0.5 
if (HU <= c-0.5*w), then Windowed value=0 
else if (HU > c+0.5*w), then Windowed value = n-1 
else Windowed value = ((HU-c)/w + 0.5) *(n-1) 

Here the values of Window width and Window center are obtained from the DICOM 
file. The image obtained after these operations is shown in Fig. 2 (a).  

To remove the ribs, spine, etc. (referred to as white region in this paper) from the 
windowed CT image, the pixels with intensity above 250 are mapped to 0. Then 
unsharp masking is performed to sharpen the image. Unsharp masking is an image 
enhancement technique in which sharp details like edges are accentuated in two steps. 
First, the blurred version of the image (low pass filtered) is subtracted from the original 
image to obtain the sharp details. Then these details are scaled and added back to the 
original image to get the sharpened image [15]. Mathematically, it is defined as, 

𝑓௦௛(𝑥, 𝑦) = 𝑓(𝑥, 𝑦) +  c ∗  ൫ 𝑓(𝑥, 𝑦) −  𝑓௕௟(𝑥, 𝑦)൯                           (2) 

where 𝑓௦௛(𝑥, 𝑦) is the sharpened image, 𝑓(𝑥, 𝑦) is the original image, 𝑓௕௟(𝑥, 𝑦) is the 
blurred version of the original image and c is the scaling factor. For blurring the image, 
the Gaussian filter with standard deviation, σ=1 was used, and the scaling factor, c 
chosen, was 0.8. The image thus obtained is shown in Fig.2 (b). 

2.2 K-Means Clustering and Postprocessing 

The liver segmentation is done by the K-Means clustering algorithm to segment the CT 
volume into three clusters. The three clusters correspond to: (i) the background region, 
(ii) the liver and other structures with similar gray level intensity and (iii) the non-
hepatic areas. The initial centroids were selected using the k-means++ algorithm. The 
algorithm consists of two stages. The first stage calculates the K centroids and the 
second stage assigns each point to the cluster with the nearest centroid. Once the 
grouping is done, it recalculates the new centroid for each cluster by averaging the data 
points. This process is repeated till there is no change in the centroids (less than 0.0001). 
The image corresponding to the liver cluster is shown in Fig. 2(c). 

Several morphological operations like opening, closing, hole filling and largest 
connected component extraction are performed in the postprocessing stage to remove 
imperfections like holes, bridges, etc. and retain only the liver. After performing these 
operations, we get the binary mask of liver shown in Fig. 2(d). The liver image shown 
in Fig. 2(e) is obtained by multiplying the binary mask of liver with the windowed 
image of Fig. 2(a). 



Fig. 2. Results of the proposed liver segmentation algorithm. (a) Input abdominal CT image after 
windowing (b) Output after white region removal and unsharp masking (c) Output of K-Means 
clustering based segmentation (d) Binary mask of the liver after postprocessing (e) Segmented 
liver. 

2.3 Interactive error correction 

Power law transformation was used for correcting the segmentation errors that resulted 
after segmenting some of the complex datasets. Power law transformation is a basic 
gray-level transformation function that is used for performing image enhancement. It 
is mainly used for contrast manipulation and gamma correction [16]. 
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Mathematically, it is defined as, 

 𝑠 =  𝑐𝑟ఊ (3) 

where c and γ are positive constants; r and s are values of pixels before and after 
enhancement.  

The incorrectly segmented images were corrected interactively by varying the value 
of γ in Eq. 3 to adjust the contrast between the liver and its adjacent organs or between 
the liver and its peripheral tumors. The power law transformed images were again 
subjected to K-Means clustering and postprocessing in order to get the correctly 
segmented output. Fig. 3 illustrates how the power law transformation method helps in 
correcting the incorrectly segmented results.  
 

Fig. 3. Correction of incorrectly segmented outputs using power law transformation. (a) Input 
abdominal CT image (b) Incorrectly segmented output (c) Segmented output after application of 
power law transformation. 

3 Results and discussion 

We implemented the proposed liver segmentation algorithm in MATLAB R2020b. The 
evaluation of the algorithm was done both qualitatively and quantitatively. The 
qualitative analysis and the generation of the ground truth mask were done under the 
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supervision of a senior radiologist with more than twenty years of experience. The 
ground truth was generated using the ITK-SNAP tool [17].  

Six metrics, namely Dice Coefficient (DC), Jaccard Index (JI), Volumetric Overlap 
Error (VOE), Absolute Volume Difference (AVD), Average Symmetric Surface 
Distance (ASSD) and Maximum Symmetric Surface Distance (MSSD) were used for 
evaluating the quality of segmentation. The different metrics compute the segmentation 
accuracy from different perspectives viz. volume overlap and surface distance 
perspectives. DC and JI indicate the amount of overlap between the segmented and 
ground truth volumes. AVD indicates the difference in the size of the two volumes. The 
ASSD and MSSD indicate the closeness of the surface voxels of the two volumes. For 
DC and JI, values closer to 1 indicate better segmentation, whereas, for the rest, values 
nearer to 0 indicate better results [18, 19].  

The quantitative results in terms of the above mentioned six metrics are given in 
Table 1. The CT volumes (portal venous phase) of fifteen different patients obtained 
from Kasturba Medical College (KMC), Manipal, were used for segmentation 
evaluation. Twenty consecutive liver slices were selected from each of the fifteen 
patient CT volumes for evaluating the proposed algorithm. Hence, in Table 1, each 
dataset corresponds to the abdominal CT volume of a patient comprising twenty 
consecutive liver slices. 

Table 1. Quantitative evaluation results of the proposed algorithm on 15 patient datasets. 

Dataset no. DC JI VOE AVD 
(in %) 

ASSD 
(in mm)

MSSD 
(in mm) 

1 0.9253 0.8611 0.1389 4.2690 1.1670 132.4307 

2 0.8989 0.8164 0.1836 12.6408 3.8375 28.4008 

3 0.9336 0.8755 0.1245 5.5231 0.7301 18.5428 

4 0.9459 0.8974 0.1026 2.3014 2.6676 42.2225 

5 0.9519 0.9083 0.0917 4.2044 2.4149 54.7608 

6 0.9392 0.8854 0.1146 5.8780 1.7038 16.5062 

7 0.9432 0.8926 0.1074 5.3560 1.7164 18.8641 

8 0.9750 0.9512 0.0488 1.7162 1.3819 11.7804 

9 0.9222 0.8557 0.1443 2.3571 1.0467 36.2227 

10 0.9347 0.8774 0.1226 0.5670 0.6148 7.5158 

11 0.9429 0.8920 0.1080 3.6765 2.7004 40.7182 

12 0.9290 0.8673 0.1327 4.6857 0.8551 44.4336 

13 0.9482 0.9016 0.0984 3.7210 1.7413 40.2279 

14 0.9436 0.8933 0.1067 1.6448 1.6548 29.1049 

15 0.9081 0.8316 0.1684 2.1789 1.6906 48.8543 

Average 0.9361 0.8805 0.1195 4.0479 1.7282 38.0390 

 



The average values of the standard metrics achieved by our algorithm (DC = 0.9361, 
JI = 0.8805, VOE = 0.1195, AVD = 4.0479 %, ASSD =1.7282 mm and MSSD = 38.039 
mm) were promising. The best values for DC, JI and VOE were 0.9750, 0.9512 and 
0.0488, respectively, corresponding to Dataset 8 and the best values for AVD, ASSD 
and MSSD were 0.5670 %, 0.6148 mm and 7.5158 mm, respectively corresponding to 
Dataset 10. These results show that the algorithm is effective in segmenting the liver 
from the abdominal CT volume. Specifically, it has shown the effectiveness of the 
power law transformation technique in correcting the segmentation errors. The main 
pitfall of the method is the need to input the gamma value manually. In the future, we 
intend to formulate a method for automatically computing this value based on the 
attributes of the input image. 

4 Conclusion and future work 

We have performed a preliminary study to segment the liver from the abdominal CT 
volume using the K-Means clustering technique. An interactive error correction with 
power law transformation method was also incorporated in our algorithm. We have 
achieved good qualitative and quantitative results with some of the challenging 
datasets. One drawback of the algorithm is that the error correction technique is 
semiautomatic. As future work, we will formulate a method for automatically 
computing the gamma value for the power law transformation method based on the 
contrast, intensity values, histogram and other factors associated with the input image.    
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