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Abstract 

Fuzzy C-Means (FCM) has been broadly used for 

semantic image segmentation as one typical approach 

of unsupervised learning. However, in terms of 

speckle noise corrupted data like SAR images, 

traditional FCM algorithms perform poorly in 

robustness in segmentation tasks. This paper 

proposes a novel improved FCM algorithm 

incorporating adaptive mean filter into spatial 

constraint to enhance the robustness to speckle noise 

in semantic image segmentation. And in our proposed 

method, any pixel and its neighborhoods are taken 

into consideration together in spatial constraint. In 

the final step, a voting algorithm is implemented to 

further remove the remaining noise so as to improve 

the segmentation accuracy. Besides, Gaussian kernel 

distance is adopted in our proposed method instead of 

Euclidean distance and our results reconfirm that 

Gaussian kernel distance is more effective in 

segmentation under speckle noise. Our experimental 

results show the segmentation accuracy under speckle 

noise get effectively enhanced throughout such 

improvements. 

Keywords: Fuzzy C-Means, Image segmentation, 
SAR image processing

1. Introduction

Nowadays, synthetic aperture radar (SAR) has 

been broadly applied in environmental monitoring 

and other areas, and speckle noise reduction is a 

crucial task for SAR image segmentation. Speckle 

noise appears in SAR image intrinsically because of 

the interference of waves reflected from many 

elementary scatters [1]. Different from many noises, 

speckle noise is a multiplicative noise which means 

the degree of noise is coherent with its driving signal 

to a varying degree. Until now, plenty of methods in 

speckle noise reduction and SAR image 

segmentation has been proposed in previous 

researches: some of them are correlated with 

developments in clustering approach like Fuzzy C-

Means (FCM) [2]-[14] and Markov random field 

(MRF) [15], some of them obtain denoised images 

based   on   the   optimal   solution  from   their  well-

designed models [16], [17], and so on. FCM is an 

algorithm deciding the label of each pixel through 

calculating proper cluster centers and 

membership degree matrix iteratively. Unlike non-

fuzzy clustering algorithm, in fuzzy clustering 

algorithm each element of data belongs to all clusters 

with varying degree of membership between 0 and 1 

which can interpret more information of data [2]. 

However, there is a shortcoming of traditional FCM: 

ignoring the spatial information of image and simply 

adopting Euclidean distance as an index of similarity 

often causes poor result in robustness to noise. In 

order to overcome this shortcoming, many 

improvements in FCM algorithm have been proposed. 

Ahmed et al. [3] proposed a modified FCM with 

taking spatial constraints (neighborhood pixels) into 

consideration. Chen et al. [4] improved FCM 

algorithm by introducing mean and median filtering 

into spatial constraints construction. FLICM proposed 

by Krinidis et al. [5] uses a fuzzy local similarity 

measure to guarantee noise insensitiveness and image 

detail preservation. Memon et al. [6] present 

KWPFLICM to overcome the deficiencies related to 

high degree of noise in image. Given the fact that 

speckle noise is more frequently simulated by Gamma 

distribution instead of Gaussian distribution [7], Zhao 

et al. introduced an improved FCM based on Gamma 

distance instead of Euclidean distance for measuring 

similarity [8]. Xiang et al. incorporated kernel 

distance measure and weighted fuzzy factor into 

objective function which can improve the robustness 

to speckle noise [9]. Shang et al. [10] improve the 

robustness by using clone algorithm and incorporating 

kernel metric and spatial constraints into FCM 

objective function. Szilayi et al. [11] proposed the 

EnFCM algorithm to reduce the computational 

complexity throughout forming a linear weighted 

image from original image and mean filtering image 

and using the histogram of the weighted image instead 

of pixels. Cai et al. [12] introduced similarity between 

pixels so as to form a non-linearly weighted image in 

FGFCM. In terms of large noise added in image, non-

local information is introduced to improve FCM 

algorithms since neighborhood information can also 

contain abnormal features. Wang et al. [13] 

incorporate both the local spatial context and the non-
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local information into traditional FCM algorithm 

using a novel dissimilarity index instead of usual 

distance metric. Zhao et al. [14] introduced a novel 

non-local adaptive spatial constraints term into fuzzy 

clustering algorithm. Although mean filtering and 

neighborhood pixels have been integrated into 

objective function as spatial constraints, in our real 

practice it is noticed that the speckle noise couldn’t be 

efficiently removed from segmentation results with 

methods mentioned above. To overcome this 

problem, we introduce a novel solution including 

adaptive mean filtering and kernel distance measure 

in objective function. The main contributions in this 

paper are as follows:  
 

i. In this paper, adaptive mean filter is introduced as a 

novel solution in image preprocessing step to build 

spatial constraints so as to improve segmentation 

quality.   
 

ii. Each pixel with its neighborhood in filtered image 

are taken into consideration together as spatial 

constraints in objective function.  
 

iii. After FCM process, a simple voting algorithm is 

implemented to further improve the segmentation 

quality in the final step. 
 

iv. Inspired by previous work, Gaussian kernel 

distance is adopted in our proposed method, and our 

experimental results reconfirm that instead of 

Euclidean distance Gaussian distance is more 

effective in image semantic segmentation under 

speckle noise.   
 

The rest of this paper is organized as follows: In 

Section 2 theories and our method are explained. 

Section 3 shows the experimental results. Finally, in 

Section 4 we give our conclusions. 

 

2. Proposed Method 
 

Traditional FCM - The essential idea of FCM is 

finding the minimal solution for an objective function 

throughout finding cluster centers and membership 

degree matrix iteratively. In other words, FCM puts 

similar  pixels  into  the  same  cluster  throughout  an  

iterative process minimizing the dissimilarities 

between pixels and the corresponding clusters. The 

objective function of traditional FCM is given as  

 

            𝐽 = ∑ ∑ 𝑢𝑖𝑗
𝑚𝑁

𝑗=1
𝐶
𝑖=1 ‖𝑦𝑗 − 𝑐𝑖‖

2
, 1 < 𝑚 < ∞ 

           s. t. ∑ 𝑢𝑖𝑗 = 1,𝐶
𝑖=1    ∀𝑗 = 1, . . . . . . , 𝑁              (1) 

 

where:  

 

𝑖 is the index of clusters and 𝐶 is the number of 

clusters, 𝑗 is the index of the pixel and 𝑁 is the number 

of pixels. 𝑢𝑖𝑗 indicates the membership degree of the 

𝑗th pixel belonging to the 𝑖th cluster and parameter 𝑚 

is a weighting exponent on each fuzzy membership. 

𝑦𝑗 is the pixel value of the 𝑗th pixel and 𝑐𝑖 is the 

cluster center of the 𝑖th cluster. ‖𝑦𝑗 − 𝑐𝑖‖
2
 denotes 

Euclidean distance of 𝑦𝑗 and 𝑐𝑖.  

 

As mentioned above, traditional FCM is not 

powerful in robustness to noise because of 

overlooking spatial constraints and its simplex 

distance measure, especially for speckle noise. 

Therefore, an improved FCM with spatial constraint 

is proposed below: 

 

            𝐽 = ∑ ∑ 𝑢𝑖𝑗
𝑚𝑁

𝑗=1
𝐶
𝑖=1 ‖𝑦𝑗 − 𝑐𝑖‖

2
+

           𝛼 ∑ ∑ 𝑢𝑖𝑗
𝑚𝑁

𝑗=1
𝐶
𝑖=1 ∑  ‖ `𝑦𝑟 − 𝑐𝑖‖

2
 𝑟∈𝑁𝑗
             (2) 

 

Where:  

 

 `𝑦𝑟  is the pixel value of the 𝑟th neighborhood of the 

𝑗th pixel in the filtered image. In previous studies, 

original image [3] or image after mean filtering [4] are 

introduced as spatial constraint `𝑦𝑟. ‖ `𝑦𝑟 −

𝑐𝑖‖
2

 denotes Euclidean distance between the 

neighborhood of the 𝑗th pixel and cluster center 𝑐𝑖. 

Hyperparameter 𝛼 denotes the weight of spatial 

constraints in objective function.  

 

Improvement in Our Method - The improved 

objective function of our proposed model is described 

as follow: 

 

 

      𝐽 = ∑ ∑ 𝑢𝑖𝑗
𝑚𝑁

𝑗=1
𝐶
𝑖=1 𝑑𝑖𝑗 + 𝛼 ∑ ∑ 𝑢𝑖𝑗

𝑚𝑁
𝑗=1

𝐶
𝑖=1 ∑  `𝑑𝑖𝑗   𝑟∈𝑁𝑗

                                             (3) 

 

                                         Where: 

 

𝑑𝑖𝑗  and 𝑑𝑖𝑗  denote kernel distance based on Gaussian kernel. 

 

 

                     𝑑𝑖𝑗 = 1 − exp(
−‖𝑦𝑗−𝑐𝑖‖

2

𝜎
)                       (4) 

                  `𝑑𝑖𝑗 = 1 − exp(
−‖ `𝑦𝑟−𝑐𝑖‖

2

𝜎
)                     (5) 

 

 `𝑦𝑟  in our proposed method denotes the pixel value 

in the image after mean filtering and adaptive mean 

filtering. Adaptive mean filtering is implemented 

since it is assumed that speckle noise is a 

multiplicative noise which signifies the degree of 

International Journal Multimedia and Image Processing (IJMIP), Volume 12, Issue 1, 2022

Copyright © 2022, Infonomics Society | DOI: 10.20533/ijmip.2042.4647.2022.0065 529



                                                                                                                                                                                                                         

 

noise can vary a lot and only simple traditional mean 

filtering is not effective in improving robustness to 

speckle noise. The output result of adaptive mean 

filtering depends on the global variance of noise 𝜎𝑛
2 

and local variance of noise 𝜎𝐿
2. If 𝜎𝑛

2 = 0, input image 

is directly adopted as the output result of adaptive 

mean filter. If 𝜎𝑛
2 = 𝜎𝐿

2, for any pixel, mean value of 

its neighbors is adopted as the result. In other cases, 

filtered result 𝑓(𝑥, 𝑦) is calculated as:  

 

           𝑓(𝑥, 𝑦) = 𝑔(𝑥, 𝑦) −
𝜎𝑛

2

𝜎𝐿
2 [𝑔(𝑥, 𝑦) − 𝑚𝐿]            (6) 

 

where: 

 

 𝑚𝐿 denotes the local mean value of pixel 𝑔(𝑥, 𝑦). 

 

Through making the derivative being equal to 0, the 

membership degree 𝑢𝑖𝑗 and cluster center 𝑐𝑖 can be 

derived as: 

 

            𝑢𝑖𝑗 =
(𝑑𝑖𝑗+∑ 𝛼`𝑑𝑖𝑗𝑟∈𝑁𝑗

)
− 

1
(𝑚−1)

∑ (𝑑𝑘𝑗+∑ 𝛼`𝑑𝑘𝑗𝑟∈𝑁𝑗
)

− 
1

(𝑚−1)𝐶
𝑘=1

                      (7) 

 

                     𝑐𝑖 =
∑ 𝑦𝑗 + 𝛼 ∑ `𝑦𝑟𝑟∈𝑁𝑗

𝑁
𝑗=1

(1+𝑎) ∑ 𝑢𝑖𝑗
𝑚𝑁

𝑗=1

                          (8) 

 

The membership degree 𝑢𝑖𝑗 and cluster center 𝑐𝑖 

are constantly updated until the difference between 

the new value of objective function and the last value 

of objective function is less than the stop condition or 

the maximum iteration number is reached. 

Final Voting Step - Then segmentation result is 

going to be further processed through a simple voting 

algorithm to obtain the final segmentation result: for 

any pixel in segmentation result, the class with 

maximum number of pixels within its neighborhood 

(including neighborhood pixels and itself) is chosen 

as the class of this pixel. The overall process of our 

proposed method is shown as flowchart in Figure 1. 

Parameters set in initialization step include the 

maximum iteration number 𝑇𝑚𝑎𝑥, number of clusters 

𝐶, the threshold in the stop condition 𝑒, random 

membership degree matrix, hyperparameter 𝛼 and 

size of neighbors window in spatial constraints. Our 

experimental results indicate that comparing to former 

FCM approaches the segmentation quality can be 

effectively improved through these improvements: 

implementing adaptive mean filter after mean filter 

for spatial constraint construction, using kernel 

distance,  and  a  simple  voting  algorithm  in  the final  

stage. 

 

3. Experimental Results 
 

To  evaluate  segmentation  quality,  segmentation 

accuracy (SA) is introduced as an index to analyze the 

 
 

Figure  1. Flowchart of proposed method 

 

segmentation result under various algorithms 

quantitatively, and SA is defined as  

 

                         𝑆𝐴 = ∑
𝐴𝑖∩𝐶𝑖

∑ 𝐶𝑗
𝑐
𝑗=1

𝑐
𝑖=1                               (9) 

where:  

 

c is the cluster number, 𝐴𝑖 denotes the pixels 

belonging to the 𝑖th class found by our algorithm and 

𝐶𝑖 denotes the pixels belonging to the 𝑖th class found 

in ground truth. Ideal segmentation results with 

accurate boundaries are needed as ground truth so as 

to get SA.  

 

In this paper, segmentation results of original 

images under traditional FCM algorithm are adopted 

as ground truth. Higher SA indicates better 

segmentation result since there exist more similarities 

between the reference segmented image and our 

experimental result. 

Our segmentation examples contain some remote 

sensing images and an anime girl image. In our 

experimental data the cluster number is set as 2 for 

segmentation results of original image since generally 

the important feature of the image could be more 

emphasized under less cluster number. And the cluster 

number is set as 3 for segmentation results of noise-

added images because we want to evaluate the 

robustness that our algorithm has to both speckle 

noise and a extra clustering. Speckle noise density 

added into our experimental images is set as 0.05. The 

experimental results of our proposed algorithm and 

comparisons covering different distance measures and 

different spatial constraint are listed in Table 1. 
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Table 1. Segmentation Accuracy under various FCM based Algorithms 

 
Algorithm  Segmentation accuracy  

Distance measure Spatial constraint Voting Img a Img b Img c Img d Img e 

Euclidean distance Mean filter (5x5)  YES 0.439 0.465 0.350 0.465 0.349 

Euclidean distance  Mean filter (5x5) + adaptive 

mean filter (7x7)  

YES 0.451 0.488 0.365 0.485 0.359 

Gaussian kernel  Noise-corrupted image without 

filtering 

YES 0.414 0.449 0.314 0.414 0.347 

Gaussian kernel  Mean filter (5x5) YES 0.542 0.707 0.371 0.496 0.470 

Gaussian kernel  Mean filter (5x5) + adaptive 
mean filter (7x7)  

NO 0.479 0.753 0.374 0.502 0.452 

Gaussian kernel  Mean filter (5x5) + adaptive 

mean filter (3x3) 

YES 0.621 0.711 0.375 0.501 0.507 

Gaussian kernel  Mean filter (5x5) + adaptive 
mean filter (5x5)  

YES 0.648 0.746 0.379 0.507 0.460 

Gaussian kernel  Mean filter (5x5) + adaptive 

mean filter (7x7)  

YES 0.574 0.764 0.385 0.508 0.495 
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Figure 2. Segmentation examples under different FCM-based algorithms. The first row shows original RGB 

images 

 

The second row shows the gray-scale value of 

noise corrupted images. The third row shows the 

segmentation result of original images. From the forth 

row to bottom are segmentation result under different 

FCM based algorithms, and the order of algorithms is 

the same as that in Table 1. The Table 1 presents 

segmentation accuracy of various FCM algorithms, 

different distance measure and different spatial 

constraint. Figure  2 shows the result of our 

segmentation examples, and the segmentation 

accuracy of each result in Figure  2 can be found in 

Table I in the same place. It can be seen from our 

result that adaptive mean filter can effectively 

enhance the robustness to speckle noise and improve 

the segmentation quality since the segmentation result 

obtained with adaptive mean filter being incorporated 

is more similar to the ideal segmentation result. 

Besides, comparing algorithm with a final voting step 

to that without a final voting step, it is found that a 

final voting step can further remove the noise and 

improve the segmentation quality effectively. Finally, 

throughout comparisons between our results from 

Gaussian kernel distance and Euclidean distance it is 

reconfirmed that segmentation accuracy get enhanced 

under Gaussian kernel distance which is coherent to 

the previous study. 

 

 

 

4. Conclusions 
 

Given that usually the traditional FCM algorithm 

is not effective in image segmentation under speckle 

noise, this paper proposes a novel improved FCM 

approach to enhance the robustness to speckle noise 

in image. Throughout our experimental result it is 

confirmed that these improvements applied in our 

proposed method can effectively enhance the 

segmentation accuracy under speckle noise. First, 

throughout our results it is shown that implementing 

adaptive mean filter after mean filter to construct the 

spatial constraint in objective function improves the 

segmentation accuracy. Second, in the final step, a 

voting algorithm is used in our method to further 

remove the noise which is proven to be effective in 

enhancement in segmentation quality. Finally, our 

experimental results reconfirm that Gaussian kernel 

distance rather than Euclidean distance is more 

applicable to FCM objective function for image 

segmentation under speckle noise.  
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