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Abstract. Natural image segmentation plays an important role in the 

fields of image processing and computer vision. Image segmentation based 

on clustering is an important method in unsupervised image segmentation 

algorithms. But there are two problems with this type of approach. First, 

feature extraction is generally pixel-based, which results in poor 

segmentation results and boundary fitting. In order to solve this problem, it 

is proposed to introduce super pixel to be segmented image preprocessing. 

Second, the number of partitions is difficult to determine. Aiming at this 

problem, an energy difference based on mutual information is proposed, 

which can automatically determine the number of partitions. The 

experimental results on the standard database show that the proposed 

algorithm overcomes the above problems and achieves better experimental 

results. 

1 Introduction 

Natural image segmentation is a classic problem in computer vision [1-4]. A good 

segmentation algorithm should classify pixels into partitions with similar statistical features 

(color or texture), and the boundaries of these partitions are relatively simple and spatially 

accurate. Commonly used segmentation methods include clustering, thresholding, and 

region growing. The Gaussian Mixture Models (GMM) clustering method has been widely 

used because of its extensive research and excellent results in machine learning, and has 

become the de facto standard in such methods [5, 6]. However, from a statistical 

perspective, the GMM method has at least two difficulties in natural image segmentation 

applications: 

1. The statistical properties of local features of natural images (such as colors, textures, 

edges, contours, etc.) usually do not show the same consistency at the same spatial scale. 

This is not the case with different natural images, as is often the case with different regions 

of the same image. Therefore, the segmentation result is not unique. Instead, it should be a 

hierarchical result of segmentation at different scales. 

2. Even if the segmentation results at different scales are not considered, the textures of 

different regions still have different intrinsic complexity. This makes determining the 
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correct number of partitions and dimensions a difficult statistical problem. For example, if 

GMM is used to model different texture features, the dimension of a Gaussian component 

with a simple texture will be lower than the dimension of a Gaussian component with a 

complex texture. 

This paper focuses on unsupervised image segmentation. Existing common methods 

include feature-based methods such as Mean-Shift, graph-based methods, region-based 

split-merge methods, and global optimization methods based on energy functions or 

shortest description lengths. In recent years, research has focused on how to fuse texture 

information at different scales. For example, regional growth or split-merge techniques use 

Markov random fields to model textures or other image cues. 

Aiming at the existing problems, this paper adopts super pixel and mutual information 

to maximize mutual information, and uses mutual information energy difference as a new 

criterion to determine the number of partitions. Based on this, a new design is designed. 

Image segmentation algorithm to overcome the shortcomings of GMM algorithm. 

2 Mutual information for image segmentation 

2.1 Shannon entropy and mutual information 

Given two random variables ,X Y . If they are discrete, then we remember 
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Conditional entropy is defined as 
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The base of the logarithm determines the unit of information measured. In particular, if 

the base 2 is used, the information is measured in bits. In this article, we use natural 

logarithms. The definition of mutual information is 
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It can be shown that ( ; )MI X Y  is non-negative, if and only if X and Y are completely 

unrelated, ( ; )MI X Y ＝０. 

For continuous variables, the container is typically introduced first, and then the above 

formula is applied to the variable corresponding to the container. There are many ways to 

estimate the mutual information and entropy of continuous variables. This paper uses the 

estimation method proposed in the paper [7]. 

2.2 Coherent clustering based on mutual information 

Mutual information itself can be used to measure the similarity of two random variables, 

and a smaller value indicates a larger distance. Based on this, we can design the following 

hierarchical clustering algorithm: 

(1) Calculate a similarity matrix based on mutual information, and allocate one cluster 

per vector; 

(2) Find the two closest clusters i and j; 

(3) Combine i and j to form a new cluster (ij); 

(4) Delete the rows and columns indexed i and j from the similarity matrix, add new 

rows and columns for the new cluster (ij), including the mutual information of the new 

cluster (ij) and all other clusters; 

(5) If the termination condition is not met, go to step (2); otherwise, end. 

3 Image segmentation based on mutual information x2 

This section describes how mutual information is applied to natural image segmentation. 

First we give the image segmentation target. Secondly, the texture features extracted in this 

paper are described. Then introduce the use of super pixels to improve the segmentation 

effect. Finally, the flow of the whole algorithm is given. 

3.1 Image segmentation target 

Since the distance between two random variables is defined, it is natural that in the image 

segmentation problem, we can define the following image energy function as the 

segmentation target. 

( , )n nE MI I S
                           (5) 

Here I  is the original image, and nS  is the segmentation result containing the 

number of n  categories. However, in the study, we found that the distance between the 

image I  to be segmented and its segmentation result nS  decreases as the number of 

classes in the segmentation result nS  increases, and converges to its maximum value 

( , )MI I I . In order to compare between different images, we redefine the segmentation 

target. 
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It is known that this is equivalent to the definition of equation (5), from which we can 

redefine the energy difference. 
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1n n nE E E   
                        (7) 

We find that as the number of classes in the nS  is reduced, the energy difference 

nE  increases or oscillates (depending on the image segmentation algorithm and the 

image itself). 

How to determine the number of categories or the number of partitions in clustering and 

image segmentation has always been a difficult problem in research, and has been 

extensively studied. A number of methods have been proposed to estimate the number of 

classes, such as AIC (Akaike Information Criteria), BIC (Bayesian Information Criteria), 

etc. [8]. Unfortunately, their theoretical basis and the effects in practice are unsatisfactory. In 

this paper, a new method based on mutual information energy difference measure is 

proposed to determine the algorithm. The algorithm can be briefly described as follows: For 

image I , the number of partitions n of the segmentation result starts from the number of 

superpixels, then decreases one by one, and nE  is calculated every time. When 

nE   , stop decreasing, and n is the number of divided blocks.  is a given threshold 

and is obtained through training. 

3.2 Feature extraction 

First convert the image from the RGB color space to the LAB color space. The LAB color 

space is closest to human perception of color and is better able to represent textures through 

Gaussian mixture models. 

In the literature, there are two main methods to extract local texture features. The first 

uses a two-dimensional filter bank to extract textures [9, 10]. The second method intercepts a 

w w  rectangular window around each pixel, and then stores the pixel values in this 

window as a vector as a local feature of that pixel [11]. Studies have shown that although the 

features extracted by the first method are more complex, the effect of using image 

segmentation is equivalent to the second method [12]. In this paper, the second method is 

adopted, which takes a 7 7  window around each pixel and then uses PCA to drop to 8 

dimensions as the texture feature of the corresponding pixel. 

3.3 Superpixel 

After extracting the texture features from the image, the conventional idea is to directly 

divide the image into small blocks according to the clustering result using the algorithm in 

Section 2.2. Figure 1 shows the results of two standard images, baboon and lena, split using 

this method. We can see that this method produces many small split blocks. The edges of 

these small segments are not themselves true boundaries. This situation obviously should 

not happen for a good segmentation algorithm. 

In order to eliminate such small noise-like segments, an image is first segmented by 

simple cues such as color boundaries by a low-level segmentation algorithm. That is, we 

first split the image into hundreds of small, compact areas called superpixels. Reference [13] 

suggests that all regional fusion algorithms use this pre-processing step. This paper uses the 

SLIC (Simple Linear Iterative Clustering) algorithm proposed by the literature [14]. 

Compared with other existing algorithms, this algorithm is fast and effective. Figure 2 

shows the results of the SLIC superpixel segmentation algorithm for the separation of two 

standard images baboon and lena. 
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(a) baboon                  (b) lena 

Fig. 1. General idea segmentation results. 

 

(a) baboon            (b) lena 

Fig. 2. SLIC superpixel segmentation results. 

Because the superpixel segmentation algorithm has a good segmentation effect on those 

sharp boundaries, the small segmentation block with unclear boundaries as shown in Figure 

1 is significantly reduced. The features of all the pixels in each superpixel are initialized 

into the same segmentation block, so that those pixels close to the boundary are always 

together with the pixels at the center of the segmentation block during the subsequent 

segmentation block merging process. Another benefit of preprocessing a segmented image 

with a superpixel algorithm is a significant drop in computational effort. Using superpixels 

as the initial partitioning block, the algorithm only needs to merge hundreds of regions 

instead of combining hundreds of thousands of pixels. 

3.4 Algorithm 

The image segmentation algorithm proposed in this paper takes the maximization of mutual 

information as the segmentation target, and uses the energy difference as the basis for 

judging the number of segments. The main steps of the algorithm are as follows: 

(1) Given the image to be segmented I; 

(2) Segmented into n superpixels by SLIC as n initial partitions; 

(3) Calculate nE  using equation (6), one cluster per partition, and calculate a 

similarity matrix; 

(4) Find the two closest partitions i and j; 

(5) Calculate their combined energy -1nE ; 

(6) If 1n nE E   , go to step (7); otherwise end; 

(7) Combine i and j to form a new partition (ij); 

(8) Update the similarity matrix. The rows and columns indexed i and j are deleted 
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from the similarity matrix, and new rows and columns are added for the new partitioning 

block (ij), including the mutual information of the new partitioning block (ij) and all other 

partitioning blocks. 

4 Experiment 

In order to test the algorithm proposed in this paper, the standard images baboon and lena 

are first tested. Figures 3 (a) and (b) show the segmentation results of the algorithm in this 

paper. Figures 3 (c) and (d) show the segmentation results of GMM using 5 Gaussian 

components, and Figures 3 (e) and (f) show The segmentation result of GMM using 10 

Gaussian components. Since the segmentation result using the GMM method is too thin, 

the clear segmentation blocks cannot be divided by lines like the algorithm in this paper, so 

their average color is used here to represent that class. It can be seen from the comparison 

that although the segmentation result in this paper is not perfect, basically several clear 

segments with certain meanings are given, and there is no need to specify the number of 

partitions. On the contrary, although the segmentation result using the GMM method can 

also divide the pixels into manually designated categories according to the clustering result, 

it is not possible to form a clear segmentation block. 

 

(a) Algorithm of this paper baboon  (b) Algorithm of this paper lena 

 

(c) GMM5 segmentation baboon  (d) GMM5 segmentation lena 

 

(e) GMM10 segmentation baboon  (f) GMM10 segmentation lena 

Fig. 3 Comparison of standard image segmentation results. 

In order to study the performance of the algorithm in this paper, we tested it with the 

Berkeley image segmentation database BSDS500 [15]. The BSDS500 contains 500 color 

natural images with a resolution of 481 321  or 321 481 , of which 100 images are 
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used for training and 400 images are used for testing. Each image has 4 to 7 expert hand 

segmentation results used as a real segmentation result compared to the results given by the 

image segmentation algorithm. Figure 4 shows some of the results. It can be seen that the 

algorithm in this paper can also achieve good segmentation results in large standard 

databases. 

 

Fig.4. Image segmentation results in the BSDS500 database. 

5 Conclusions 

The segmented image can be viewed as a simplified representation of the original image. 

When the mutual information between the original image and the segmentation result is 

maximized as the segmentation target, it can be considered that the segmentation result 

obtained is the segmentation containing the most information of the original image. The 

energy difference based on mutual information is a good description of the degree of 

reduction of the original image information contained in the segmentation result as the 

number of segmentation blocks decreases. When the energy difference based on mutual 

information is used as a criterion for determining the number of divided blocks, a balance is 

actually obtained between the number of divided blocks and the original image information. 

In this paper, a large number of theoretical analysis and experimental results show that 

the energy function and energy difference based on mutual information reveals an intrinsic 

relationship between the segmentation result and the image to be segmented, and the image 

segmentation algorithm based on this can be very good. Make up for the shortcomings of 

the GMM algorithm. At present, this paper only gives the implementation and results of 

CSCNS2019
MATEC Web of Conferences 309, 03030 (2020) https://doi.org/10.1051/matecconf/202030903030

7



threshold segmentation of images with a certain feature. The next research direction: try to 

fuse other clues such as contours, boundaries, etc., combined with other segmentation 

algorithms, in order to obtain more Good segmentation effect. 
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