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Abstract: Due to the insufficient expression of uncertain information in fuzzy sets, the fuzzy C-means 

clustering algorithm is difficult to deal with clustered boundary and outliers. Therefore, this paper proposes a 

color image segmentation method based on neutrosophic C-means clustering. First, we improved the simple 

linear clustering algorithm to obtain accurate and natural adaptive local spatial neighborhoods. Secondly, local 

neighborhood information is added to the objective function of neutrosophic C-means clustering to obtain a 

more accurate membership. According to the membership, superpixels are divided into certainty group and 

uncertainty group. Finally, the certainty group is classified by the maximum membership, and the superpixels of 

the uncertain group are classified by the structural similarity. Experimental results show that the proposed 

method has better performance on clean and noise images. 

Keywords: color image segmentation, neutrosophic C-means clustering, superpixel, structure similarity 

1. Introduction 

Color is an important information medium, which can be used in many fields such as remote sensing and 

medical treatment. The additional color information makes image processing and analysis closer to the real 

situation. Image segmentation is an important part of image analysis. Most of these image segmentation 

methods divide the image into uniform, disjoint, and meaningful regions based on grayscale, spatial texture, and 

geometric features. Compared with the segmentation method that only uses grayscale, color is an important 

quantity to improve the quality of segmentation [1]. But the image is complicated due to the noise, background, 

and uneven intensity, so in order to cope with the above situations, different image segmentation methods have 

been produced. 

At present, color image segmentation methods mainly include threshold segmentation, region growing, cluster 

analysis, neural network, and so on [2-5]. Among them, the clustering algorithm is a method of statistics and 

analysis of classification, and the essence of image segmentation is to classify pixels with similar features [6]. 

Therefore, clustering is closely related to image segmentation, and clustering algorithms have many applications 

in image segmentation [7-9], such as K-means clustering algorithm, hierarchical clustering algorithm, fuzzy 

C-means clustering algorithm, spectral clustering algorithm etc. Among many clustering techniques, the 

unsupervised fuzzy C-means clustering proposed by Bezdek [10] has been widely used in the field of image 

segmentation due to its iterative implementation, low storage cost, and high execution efficiency [11]. 

Fuzzy C-means clustering (FCM) algorithm is one of the representatives of clustering methods based on the 

objective function. But the algorithm only relies on information such as pixel grayscale and is more sensitive to 

noise and background in practical applications. For this reason, scholars have proposed a variety of improved 

FCM algorithms that combine local spatial information. Ahmed et al. introduced the neighborhood spatial 

constraint information of pixels into the objective function, and obtained a new fuzzy C-means clustering 

algorithm (FCMS) based on spatial constraints [12]. On this basis, the literature [13] proposed FCMS1 and 

FCMS2, which use mean filtering and median filtering to obtain spatial neighborhood information, respectively. 
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Since both the average filtered image and the median filtered image can be calculated before the start of the 

iteration phase, the calculation cost is lower than FCMS. The literature [14] proposes an FCM algorithm based 

on a hidden Markov random field, through the hidden Markov random field to obtain neighborhood information 

to affect the classification of the target pixel. Krinidis and Chatzis proposed a robust fuzzy local information 

C-means clustering (FLICM) algorithm [15], which defines a new fuzzy local neighborhood factor that can 

automatically determine the spatial and gray relationship, and add it to the objective function to ensure 

anti-noise and image detail preservation. But the above algorithms all use fixed-size spatial distances, and are 

not robust to different local information and noise. Lei et al. proposed a fast and robust FCM (FRFCM) 

algorithm [16], which uses multivariate morphological reconstruction to fuse the local spatial information into 

the FRFCM but does not add the neighborhood information to the objective function. On this basis, the literature 

[17] combined morphology and watershed algorithm to obtain a superpixel image with adaptive areas, and 

added the neighborhood information of the superpixel image to the objective function. But it is too much 

affected by the gradient. 

Although the improved FCM algorithm considers the neighborhood information of the image, but the fuzzy set 

only uses membership to express the positive information that an element belongs to the set, and lacks the 

sufficient ability to express uncertain information. Therefore, in order to make up for the lack of fuzzy theory, 

scholars introduce neutrosophy theory [18] into clustering algorithms and apply it to image segmentation. GUO 

et al. proposed the neutrosophic C-means clustering (NCM) algorithm, which makes full use of the advantages 

of the neutrosophic theory, effectively clusters boundary and noise, and improves accuracy of classification 

[19]. But neutrosophic C-means clustering has the same problem as FCM that does not contain spatial 

information. The literature [20] proposed the IFNCM algorithm, which defines an indeterminacy filter to obtain 

the neighborhood information after filtering, but the fixed size of the filter window makes the algorithm less 

robust. 

From the above analysis, NCM algorithm using neutrosophic theory to improve FCM algorithm can effectively 

deal with boundary pixels and outliers in the clustering process. And for the problem that NCM algorithm does 

not contain any spatial information, combined with the improved method of FCM algorithm, we propose a 

superpixel-neutrosophic C-means clustering with gradient-based structural similarity algorithm and apply it to 

color image segmentation. The improved superpixel segmentation algorithm is used to obtain superpixel images 

with more natural contours, and the NCM algorithm with neighborhood information is used to cluster the 

superpixel images. According to the membership, the superpixels are divided into definite and uncertain groups. 

The superpixels of the definite group will be directly classified by the maximum membership, and the 

superpixels of the uncertain group will be classified according to the global spatial information and structural 

similarity (brightness, Contrast, gradient). The experimental results show that the proposed algorithm can obtain 

more effective segmentation results whether on clean or noise images. 

The rest of this paper is organized as follows. Section 2 introduces the related background. Section 3 elaborates 

the proposed method. Section 4 presents the experimental results and discusses the experimental results. 

Conclusion are made in Section 5. 
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2. Related backgrounds 

2.1. Simple linear clustering algorithm  

Superpixels in image segmentation refer to irregular pixel blocks with similar texture, color, brightness, and 

other characteristics that are similar to each other. Superpixel images use a small number of superpixels instead 

of a large number of pixels to express image features, so it is usually used as a preprocessing step in 

segmentation algorithms. These superpixel algorithms are roughly divided into two categories [21], one is based 

on graph theory, and the other is based on gradient ascent. Among them, the simple linear clustering (SLIC) 

algorithm [22] is more widely used because of its obvious advantages in time complexity, boundary recall rate, 

and segmentation error rate. 

The SLIC algorithm first converts the image from the original RGB color space to the CIELab color space, 

which is generally considered as perceptually uniform for smaller color distances, and then combines the three 

components of the CIELab color space with the position information of the pixels in the image to construct a 

five-dimensional feature C  as follows. 

 [ , , , , ]T

i i i i i iC l a b x y  (1) 

Where l  is Luminosity, a and b  are two color channels. x and y are the pixel coordinates, i  is the 

subscript of the pixel. 

      
2 2 2

lab k i k i k id l l a a b b       (2) 

    
2 2

xy k i k id x x y y     (3) 

The main work of SLIC is to use Eq. (2) and (3) to calculate the similarity between pixels for local clustering. 

labd is the color distance between pixels. xyd is the Euclidean distance between pixels, and k  is the subscript 

of the clustering centers. The steps of the SLIC algorithm are as follows: 

Step 1. Initialization of seed points: 

Assuming that the input image has N  pixels, the step size is s , and the step size s  represents the distance 

between the center points of the two initial local clusters, which is mainly used to control the size of superpixels. 

Then, roughly 2/N s superpixels are expected to be obtained after calculation, and the SLIC algorithm will 

generate a grid with the step size s as Fig.1(a), and set center points (seed points) of the initial local cluster in 

each cell as shown in the red circle in Fig. 1(a). When the SLIC algorithm selects these seed points, in order to 

prevent the seed point from falling into the edge of the image, it will find the pixel with the smallest gradient in 

the 3×3 neighborhood of the initial center as the new seed point. 

Step 2. Calculate the similarity: 

Within the given search range, calculate the similarity   2 2, [( / ) ]lab xyD i k d m s d   between each pixel 

and the seed point according to Eq. (2) and (3). 

Step 3: Form superpixels: 
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According to the similarity measurement result, keep the pixel category consistent with the category of the seed 

point with the highest similarity. Repeat step 2 and 3 until the clustering result does not change significantly or 

reaches the required number of iterations. 

Step 4: Enforce connectivity: 

Reallocate discontinuous or too small superpixels to neighboring superpixels. 

But in the process of dividing the grid and determining the seed point in step 1, the edge width of the image is 

not one pixel wide, then reselected seed points may still fall on the edge of the image, and the SLIC algorithm 

only searches within the 2S range of the seed points for computational efficiency during local clustering as Fig. 

1(b). Then there will be a situation as Fig.1(c), the edge pixels of the image can only be searched and calculated 

within the domain 2 2S S , which leads to the edges of some superpixels that do not fit the original image. 

 

Fig. 1. (a) The initial grid and seed points(image size is 267 400 , s =45). (b)SLIC searches a limited region. 

(c)Seed point fall on the edge. 

2.2. Neutrosophic C-means clustering 

In cluster analysis, the traditional fuzzy clustering can only describe the degree of certainty that the samples 

belong to each group. But in fact, the samples at the boundary between different groups are difficult to 

determine which group they belong to. In order to solve this problem, Guo et al. introduced the neutrosophic set 

into the fuzzy clustering algorithm and proposed the neutrosophic C-means clustering (NCM) algorithm [19]. 

Redefine the set of all samples as the union of the definite set and the uncertain set. Let

, 1,2,...,jA C B R j n    where  is the set of all samples, jC is an determinant cluster, B  regards 

the cluster in boundary regions, R is associated with noisy data and   is the union operation. B and R are 

two kinds of indeterminate clusters. T  is defined as the degree of definite collection, I  is the degree of 

boundary collection, and F is the degree of noise collection. Considering the uncertainty of clustering, define a 

new objective function and degree of membership as: 

 

   

     

C 2

1

1 1

2 2

2 max 3

1 1

( , , , )
N

m

NCM ij i j

i j

N N
m m

i i i i

i i

J T I F c wT x c

w I x c w F 

 

 

  

 



 
 (4) 

  max / 2
i ii p qc c c   (5) 

  
1,2,...,

arg maxi ij

j C

p T


  (6) 

  
1,2,...,

arg max

i

i ij

j p j C

q T
  

  (7) 
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In above equations, 1w , 2w , 3w  is the weight factor. m  is a constant that controls the degree of 

ambiguity. ip  and iq  are the cluster numbers with the biggest and second biggest value of T . When the 

ip  and iq  are identified, the maxic  is calculated and its value is a constant number for each data point, and 

will not change any more.  is used to control the number of objects considered as outliers. 

To increase the robustness of NCM to noise, the noise distance is added to the objective function instead of  . 

The noise clustering algorithm (NC) [23] considers noises as an independent class. It regards the noise distance, 

representing the distance between the sample point and the center of the noise cluster, as a constant. It is a key 

parameter that is critical to the performance of noise clustering. Based on this argument, a simplified statistical 

average is used to calculate  [23]: 

 

2

1 12

N C

iji j
d

NC
 

 

 

 (8) 

where   is a noise multiplier used to adjust the effect of noise distance, ijd  represents the Euclidean distance 

between the sample 
ix  and the cluster center jc , N  is the number of clustering, C  is the number of 

clustering center. According to the conditions, we can get the formulas for calculating kc , ijT , 
iI  and 

iF  

as follows: 

 1 1

1 1

N N
m m

k ij i ij

i i

c (wT ) x (wT )
 

   (9) 

  
2 ( 1)

1

m

ij i j

K
T x c

w

 

   (10) 

  
2 ( 1)

max

2

m

i i i

K
I x c

w

 
   (11) 

 
2 ( 1)

3

m

i

K
F

w
    (12) 

where    
1

2 1 2 1 2 1

max

1 1 2 3

1 1 1C ( m ) ( m ) ( m )

i j i i

j

K x c x c δ
w w w


     



 
     
 
 . It can be seen from the 

above formula. The addition of the noise distance realizes the adaptation of   but the objective function of the 

NCM algorithm still does not contain the neighborhood space information. 

2.3. Gradient-based structural similarity 

Gradient-based structural similarity (GSSIM) [24] is a similarity measure extended from SSIM [25]. It usually 

evaluates the similarity between images based on three aspects: brightness, contrast, and gradient. For brightness 

comparison, we use the following function  ,l x y : 
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   1

2 2

1

2
,

x y

x y

C
l x y

C

 

 




 
 (13) 

 
2

1 1( )C K L (14)                    where 
x  

and y  are the average brightness of x  and y images, the constant 
1C  is included to avoid instability 

when 
2 2

x y   is very close to zero. 
1C  is calculated by

1K  and L , where L  is the dynamic range of 

the pixel values (255 for 8-bit grayscale images), and 
1 1K   is a small constant. 

For contrast comparison, we use the function  ,c x y : 

   2

2 2

2

2
,

x y

x y

C
c x y

C

 

 




 
 (15) 

where x  and y  are the standard deviations of the brightness of x  and y  images,
2

2 2( )C K L  and 

2 1K  . 

For gradient comparison, we use the function  ,g x y : 

   3

2 2

3

2
,

x y

x y

g g C
g x y

g g C




 
 (16) 

    0 90max{ , , , }x x xg f i j f i j    (17) 

    0 90max{ , , , }y y yg f i j f i j    (18) 

Where  0 ,xf i j  ,  90 ,yf i j  are the horizontal and vertical gradients in the image at the  ,i j th  

pixel of the image.
2

3 3( )C K L and 
3 1K  . 

        , , , ,GSSIM x y l x y c x y g x y
  

             (19) 

After we compare the brightness, contrast, and gradient between two superpixels through Eq (13), (15), and 

(16), the three comparisons are combined using Equation (19) to obtain GSSIM. Where 0  , 0   and 

0   are parameters used to adjust the relative importance of the three components. In order to simplify the 

calculation, it is generally taken as 1. The larger the GSSIM value obtained, the smaller the difference between 

the two super pixel blocks. 

3. Proposed method 
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3.1. Superpixel image by the improved SLIC algorithm 

Superpixel images can provide better local spatial information than neighboring windows of fixed size and 

shape. But the superpixel image generated by the traditional SLIC algorithm will destroy the contour of the 

original image in some cases. To make the SLIC algorithm have better processing for the image contour, we 

combine the SLIC algorithm with the watershed algorithm which has a better response to the image edges. 

The watershed algorithm is a fast image segmentation algorithm that calculates the local minimums of the 

gradient image and searches for the watershed line between adjacent local minimums. But the traditional 

watershed algorithm is susceptible to noise and excessive useless minima. To solve this problem, the watershed 

algorithm based on morphological gradient reconstruction (MMGR-WT) [17] is a simple and effective 

algorithm to overcome over-segmentation, which can remove noise and useless gradient details while retaining 

the contour details of the target. MMGR-WT uses morphological open operators to reconstruct gradient images. 

the open operation is a morphological operation that first performs morphological dilation reconstruction on the 

gradient image, and then performs morphological erosion on the reconstructed gradient image, is defined as 

     CR g R R g   (20) 

where R
 is the morphological expansion operation, R

 is the morphological corrosion operation, g  is the 

marker image. Compared with erosion and dilation, the open operation 
CR  has a stronger ability to extract 

features and reduce noise.  

It can be seen from Fig.2, MMGR-WT uses structuring elements of different sizes to obtain multiple 

reconstructed images in the reconstruction process, and calculates the pointwise maximum of the two 

reconstructed images by Eq. (5) to update the gradient image until the error of the gradient image is less than a 

minimum value as Eq. (6), among them, the structural elements are used as disk. Thus, the problem of 

over-segmentation of the original watershed algorithm is solved. The setting of this minimum value solves the 

problem of different maximum structural elements sizes that need to be used in different images. The final 

gradient image retains important edge details while removing most of the useless local minima. 

         
11 1 2

1 2, , R ,R ,...,R
r r r

MC C C C

f f f fB B B
R g r r g g g



   (21) 

     2 2 2 2max , 1, , , 1MC MC

f fR g r r R g r r      (22) 

Where 
MCR  is a MMGR operation, B  is the structural element, 1r  and 2r  are the minimum and 

maximum sizes, g  is the mark image, and f  represents the original gradient image.   is a constant 

between 0 and 1. The symbol   represents the pointwise maximum. 
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Fig. 2. The process of multiple morphological reconstruction 

The improved SLIC algorithm divides the original image into multiple regions with smooth gradients based on 

the gradient image generated by MMGR-WT before meshing the original image, which avoids the direct 

processing of gradient information by SLIC. Then the SLIC algorithm generates grids and initial cluster centers 

in these regions, respectively, and calculates the color distance and position distance of pixels in these regions 

as: 

      
2 2 2

nlab nk ni nk ni nk nid l l a a b b       (23) 

    
2 2

nxy nk ni nk nid x x y y     (24) 

Where n  is the subscript of the region, nlabd  is the color distance between pixels in the nth  region, and 

nxyd  is the positional distance between pixels in the nth  region. The addition of MMGR-WT increases the 

gradient processing of the SLIC algorithm. By limiting the calculation range of pixel similarity, the improved 

SLIC algorithm can obtain better boundary processing capability under the same step size. 

The improved SLIC algorithm is as follows: 

Step1: Use watershed to divide the image into several regions
1 2 3, , ,... nR R R R , and get the number of pixels in 

each region 
1 2, ,..., nS S S ; 

Step2: Initialization step size s , used to control the number of superpixels generated; 

Step3: If the number of pixels 
nS  in the region 

nR  is less than 
2s , then this region is regarded as a 

superpixel, otherwise, go to step 4; 

Step4: Generate initial grids and initial cluster centers by   in 
1 2 3, , ,... nR R R R  respectively; 
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Step5: Within a given step size s , calculate the similarity   2 2, [( / ) ]n nlab nxyD i k d m s d   between each 

pixel and the seed point according to Eq. (23) and (24). 

Step6: According to the similarity measurement result, keep the pixel category consistent with the category of 

the seed point with the highest similarity. Repeat step 5 and 6 until the clustering result does not change 

significantly or reaches the required number of iterations. 

Step7: Reallocate discontinuous or too small superpixels to neighboring superpixels.  

3.2. NCM based on superpixel 

Although the original neutrosophic C-means clustering algorithm increases the processing of the boundaries, the 

objective function does not involve any spatial information, resulting in poor performance in dealing with noise 

and weak boundaries. Therefore, to improve the accuracy of segmentation and enhance the robustness to noise, 

it is necessary to add spatial neighborhood information to the objective function. Combined with our improved 

SLIC algorithm proposed in section 3.1, we can obtain better local spatial information for NCM. The average 

value of the color pixels in the adaptive regions of the superpixel image is used to replace each pixel in the 

original image, which reduces the influence of undesired factors on the final classification result and effectively 

reduces the computational complexity. 

Aiming at the problems of the NCM algorithm, a superpixel-neutrosophic C-means clustering (SNCM) 

algorithm is proposed. The objective function is: 

 

 

   

2
C

1

1 1

2

2

2 max 3

1 1

1
( , , , )

1

l

l

q
m

l kl p k

l k p Rl

q q
m m

l l p l l l

l p R ll

J T I F c S wT x c
S

S w I x c S w F
S



  

  

 
   

 

 
  

 

 

  

 (25) 

 

2

1 1

2

1

l

q C

p kl k
p Rl

x c
S

qC
 

 


 
 

 


  
 (26) 

Where l  is the color level, 1 l q  , q  is the number of regions of the superpixel image, kc  is the 

cluster center, lS  is the number of pixels in the thl superpixel lR , and px  is the color pixel within the 

thl  superpixel lR ，  is a noise distance calculated by Eq.(11). klT , lI  and iF  are the membership 

values belonging to the determinate cluster, boundary regions and noisy data set, 0 , , 1kl l lT I F   which 

satisfy with the following: 

 
1

1
C

kl l lk
T I F


    (27) 

The objective function of Eq. (25) is derived from the objective function of fuzzy clustering, and the 

convergence of fuzzy clustering has been discussed and proved [26]. Therefore, the convergence of Eq. (25) can 

be proved. According to the above conditions, the Langrangian objective function is constructed. By using 

Jo
ur

na
l P

re
-p

ro
of



Lagrangian multipliers to minimize the objective function (see in Appendices A), we can obtain the equations of 

kc , klT , lI , lF  as follows: 

 
1

1

1

1

l

q
m

kl p

l p R

k q
m

l kl

l

(wT ) x

c

S (wT )

 





 



 (28) 

 

2 1

1

1

l

( m )

kl p k

p Rl

K
T x c

w S

 



 
  

 
  (29) 

 

2 1

max

2

1

l

( m )

l p l

p Rl

K
I x c

w S

 



 
  

 
  (30) 

 
 2/ 1

3

m

l

K
F

w


 
  (31) 
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The division of samples is achieved by iterative optimization of the objective function, and the membership klT

， lI ， lF  and the cluster centers kc  are updated in each iteration. The lmaxc  is calculated according to 

indexes of the top two largest values of klT  in each iteration. The iteration will continuous until 

    1
max

h h

kl klT T 

   or the number of iterations exceeds the limit, where h  is the number of iterations, 

  is a constant between 0 and 1 that controls the accuracy of the result. 

Fig.3 shows the result of clustering Fig.7(c) (see in section 4.2) by the SNCM algorithm. We set 2 cluster 

centers for Fig.7(c). The red points are uncertain samples which l klI F , and the remaining points are divided 

into two definite sets. Obviously, the uncertain sample is in the boundary area of the two definite sets. It is 

inaccurate to determine the classification of these uncertain samples only by Euclidean distance, so we will 

perform additional calculations on these points. 
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Fig. 3. Classification result of SNCM(C=2) 

3.3. Superpixel-neutrosophic C-means clustering with GSSIM (SNCMWG) algorithm 

The meaning of the points in the boundary set is superpixels with similar colors. When they are distinguished 

only by color distance, then they may be incorrectly segmented. Therefore, we hope to combine more original 

image information to deal with these uncertain superpixels, for this, we introduce GSSIM to compare the 

similarity between superpixels from the brightness, contrast, and gradient. It applies to superpixels of different 

sizes generated by the improved superpixel algorithm. 

We take the uncertain superpixels as the target images 1 2, ,..., nx x x . And as shown in the Fig.4, in order not to 

destroy the spatial information of the original image, we look for the superpixels adjacent to the target images 

and belong to a certain group as the contrast images 1 2, ,...,n n nmy y y . Then use ( , )n nmGSSIM x y  to 

calculate the similarity between the target images and the contrast images. Finally, the target image is divided 

into the set to which the contrast images with the highest similarity belongs until all uncertain superpixels are 

classified into a certain set. The practical effect will be discussed in Section 4.3. 

 

Fig. 4 Schematic diagram of assigning uncertain superpixels by GSSIM (The numbers in the figure represent the value of GSSIM). 
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In Section 3.1, we improved the SLIC algorithm to make the resulting superpixel image closer to the contour of 

the original image, and retain more image spatial information and color information. In Section 3.2, we add the 

spatial neighborhood information of the image to the objective function of neutrosophic clustering to obtain a 

more detailed and accurate membership T I F， ， . And according to T  and I , superpixels are divided into 

definite groups and uncertain groups. Superpixels belonging to a certain group will be classified directly 

according to the size of T, while superpixels in an undetermined group need to calculate GSSIM and determine 

the classification based on more original image information. 

All steps in SNCMWG algorithm are summarized as follows: 

Step1: initialize s, where s is used to control how many super pixels are generated; 

Step2: compute a superpixel image using the improved SLIC algorithm; 

Step3: initialize  0
T ,  0

I ,  0
F and the 

1 2 3, , , , ,c m w w w  parameters; 

Step4: calculate the centers vectors  k
c  at k  step using Eq. (22); 

Step5: update  h
T to  1h

T


using Eq.(23),  h
I to  1h

I


using Eq.(24),  h
F to  1h

F


 using Eq.(25); 

Step6: if 
    1h h

kl klT T 

   then stop; otherwise return step 4; 

Step7: if the sample's T I , classify the sample by T ; otherwise, classify the sample by GSSIM obtained by 

Eq. (15); 

The whole proposed process is shown in Fig. 5. 
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Fig. 5. The flowchart of SNCMWG algorithm 

 

 

4. Experimental works and results 

In this section, we will analyze the effect of the improved SLIC algorithm and the effectiveness of adding 

GSSIM. And in order to assess the effectiveness of SNCMWG algorithm for real image segmentation, we 

further conducted experiments. We compared it with FCM, NCM, FCMS2, FLICM, HMRF-FCM, FRFCM, and 

SFFCM algorithms. These algorithms use different methods to obtain local spatial neighborhoods in order to 

improve the segmentation results, and each has its advantages and disadvantages.  
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In the following experiment, for all methods, set the weighting exponent on the membership degree m =2, 

minimum error  =0.001. A neighborhood window is unnecessary for FCM. For NCM, the following 

parameter
1w = 0.7, 

1w =0.15,
3w =0.15 and  =0.1 are chosen for experiments. For the FCMS2, a 

neighborhood window of size 3×3 is used to obtain neighborhood information. In addition, median filter is 

used to denoise, and the filtering window is 5×5. There are no other parameters for FLICM and HMRF-FCM. 

For FRFCM, the structuring element used for obtaining marker image is a square of size 3×3, and the filtering 

window used for membership filtering is also a square of size 5×5. For SFFCM, a minimal SE of =3, and 

minimal error threshold 
1r =0.0001 for MMGR-WT proposed in [22]. Through a large number of experiments 

in the early stage, the algorithm proposed in this paper sets the minimum structure element size 
1r =2 , minimal 

error threshold  =0.0001 and the step size s  =20 for the improved SLIC algorithm, the weight factor 
1w

=0.7, 
2w =0.15, 

3w =0.15 and the noise multiplier  =0.1 are chosen for clustering. 

The EORSSD dataset is used to test the segmentation of color remote sensing images [27]. The BSDS500 [28] 

and MSRC [29] datasets are widely used to test the segmentation of natural images. All our experiments are 

performed on a machine configured with an Intel Core i5 processor, 2.3 GHz, 8 GB RAM. 

4.1.  Evaluation criteria 

Since 2-6 cluster centers can be set for each image in BSDS500, we choose the number of cluster centers which 

obtains the highest PRI. And the segmentation subject is also different for each image in MSRC, therefore, we 

also select a segmentation subject corresponding to the highest PRI. The evaluation criteria used in this paper 

are given as follows: 

The PRI is a similarity measure that counts the fraction of pairs of pixels whose labels are consistent between 

the computed segmentation S  [30], and the corresponding ground truth segmentation S . PRI can be calculated 

as follows: 

   2 2 2, 1 ( ) 2 ( ) 2 ) /ij ij iji j j j
PRI S S p p p N        (33) 

Where ijp  is the number of pixels in the 
thi cluster of S and the 

thj  cluster of S   ,and N is the total 

number of pixels of the image. 

The BDE is an error measure that is used to measure the average displacement error of boundary pixels between 

two segmentations [31]. BDE can be calculated as follows: 

        1 2

1 2, , / , / / 2
N N

i ii i
BDE S S d p S N d p S N    (34) 

Where 
1N  and 

2N  denote the total number of points in the boundary set S  and S , respectively. d  is a 

distance between a pixel 
ip  in S  and its closest boundary pixel p  in S . 

The CV is an overlap measure that can be also used to evaluate the segmentation effect[28]. It is defined as: 

     , /
RES R S

CV S S R maxO R R N
 

     (35) 

Where  , /O R R R R R R   denotes the overlap between two regions R and R . 

The VI is a similarity measure[28], which measures the distance between two segmentations according to the 

average conditional entropy given by the following formula: 
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        , 2 ,VI S S H S H S I S S     (36) 

Where H and I represent the entropies and mutual information between two segmentations, respectively. 

When the segmentation result is close to the ground truth, PRI and CV are larger, and BDE and VI are smaller. 

And to evaluate the performance of different algorithms in the segmentation of noise images, the optimal 

segmentation accuracy (SA) and mean Intersection over Union (mIoU) are used. SA is defined as the proportion 

of the sum of correctly clustered pixels to the sum of all pixels, and mIoU indicates the equality of the 

segmented image with the ground truth value. SA and mIoU are calculated as: 

 

c

i ii

c

jj

A C
SA

C






 (37) 

 
1

1 c i i

i
i i

A C
mIoU

c A C





  (38) 

Where 
iA  is the pixel set of the ith  category in the segmented image, and 

iC is the pixel set of the ith  

category in the ground truth, c is the number of cluster prototype. The larger the SA and mIoU, the more 

accurate the segmentation. 

4.2. The effect of the improved SLIC Algorithm 
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Fig. 6.Comparison of the improved SLIC algorithm and SLIC(  =20). (a) The original image. (b) Superpixel images 

generated by the improved SLIC algorithm. (c) Superpixel images generated by the SLIC algorithm. (d) 

t h e  d e t a i l s  o f  ( b ) .  ( e )  t h e  d e t a i l s  o f  ( c ) . 

To demonstrate the effect of the improved SLIC algorithm, Fig.6 shows the superpixel images obtained by the 

SLIC and the improved SLIC algorithm, respectively. It can be seen from Fig.6 (d, e) that the improved SLIC 

algorithm does not destroy the compactness of the original algorithm, and the generated superpixel image is 

closer to the contour of the original image. The improved SLIC algorithm has added MMGR-WT, which 

increases the processing of image contours so that the spatial information retention is more complete than the 

original algorithm. In addition, it can be seen from Fig.7 that the color distribution of the superpixel image is 

same as the original image. Therefore, when the superpixel replaces each pixel in the area, the main color 

information of the original image is retained, and the number of calculations required is reduced. 
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Fig. 7.The color distribution of color images. (a) The original image. (b) Superpixel images with   =15. 

(c)Superpixel images with   =30 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.3. The effect after adding GSSIM 
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Fig. 8. The GSSIM between different superpixels. (a) The original image. (b) The superpixel image. (c) Ten 

superpixels in different areas. (d) The value of GSSIM between 10 superpixels(%). 

We use the improved SLIC algorithm to obtain the superpixel image Fig.8(b) from (a), and select 10 superpixels 

from the image. Calculate and compare the GSSIM between these 10 superpixels. From Fig.8(d), we can see 

that the GSSIM value between superpixels in the same area is very high, such as superpixels 7 and 8. Even the 

colors of superpixels 3, 4, 5, and 6 are very closed, and there are obvious differences on GSSIM. Superpixels 5 

and 6 belonging to the "roof" have higher GSSIM values. Superpixels 3 and 4 belonging to the "tree" also have 

higher GSSIM values. In addition, the GSSIM value between superpixels belonging to different natural areas 

does not exceed the GSSIM value between superpixels of the same natural areas. 
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Fig. 9. Comparison of NCM with and without GSSIM. (a)The original image. (b) The superpixel image. (c)Ground 

Truth. (d) the segmentation results of clustering superpixel images using SNCM algorithm without GSSIM. (e) the 

segmentation results of clustering superpixel images using SNCM algorithm with GSSIM. 

It can be seen from the Fig.9 that SNCMWG algorithm has better results than the SNCM algorithm. Since the 

SNCM algorithm directly classifies the image according to the maximum membership, there will be errors in 

segmentation in some areas with similar colors. However, the addition of GSSIM improves the accuracy of the 

SNCM algorithm. SNCMWG algorithm uses the membership to obtain the superpixels located in the edge area 

of the color space, and searches for the superpixels adjacent to these superpixels in the original image space. 

The SNCMWG algorithm determines the classification of these superpixels through the information of adjacent 

superpixels, which makes up for the deficiency of the SNCM algorithm only considering local spatial 

information.  

4.4. Performance on clean images 
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Fig. 10.Comparison of segmentation results on remote sensing images using different models. (C =2) 

Fig. 10 and 11 illustrate the segmentation effect of each algorithm on clean images. Among them, Fig. 10 shows 

the segmentation result of the remote sensing image. For images with more complex backgrounds, FRFCM, 

SFFCM, and the proposed SNCMWG use adaptive domain information to obtain better results than other 

algorithms, as shown in Fig.10(c, d). For images with complex target colors. Except for the algorithm proposed 

in this paper, other algorithms have not obtained good segmentation results, as shown in Fig.10(a, b). The 

proposed SNCMWG uses SNCM to define areas with inconsistent colors and uses GSSIM to obtain better 

results. 
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Fig. 11. Comparison of segmentation results on natural color images using different models. 

Fig.11 shows the segmentation results of natural images. Since FCM and NCM algorithms do not contain spatial 

information, the maintenance of the target contour is poor. FCMS2, HMRF-FCM, and FLICM use a fixed 

spatial distance, resulting in no significant improvement in the segmentation effect. FRFCM and SFFCM 

achieved better results by introducing morphological reconstruction operations to obtain adaptive local spatial 

information. Although SFFCM uses the watershed algorithm to obtain a cleaner background than FRCFCM 

such as Fig.11(b, c), the watershed algorithm easily forms incorrect contours due to gradients, as shown in 

Fig.11(d, e). The proposed SNCMWG uses the NCM algorithm with adaptive spatial information, which obtains 

a more accurate classification of colors and performs better for clean images with multiple color regions, as 

shown in Fig.11(e, f), other algorithms confuse the target with the background, but SNCMWG obtains clear 

segmentation of the target. 
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Table 1. The average performance of eight algorithms for 100 random images on EORSSD. 

Algorithms PRI↑ CV↑ VI↓ BDE↓ 

FCM 0.71 0.42 3.11 14.08 

NCM 0.71 0.41 3.15 13.79 

FCMS2 0.74 0.40 2.74 13.60 

FLICM 0.75 0.39 2.73 13.65 

HMRF-FCM 0.74 0.42 2.75 13.53 

FRFCM 0.75 0.43 2.48 13.17 

SFFCM 0.78 0.47 2.26 13.32 

SNCMWG 0.79 0.55 2.04 12.17 

Table 2. The average performance of eight algorithms for 100 random images on MSRC and BSDS. 

Algorithms PRI↑ CV↑ VI↓ BDE↓ 

FCM 0.69 0.45 2.55 13.60 

NCM 0.71 0.44 2.60 13.50 

FCMS1 0.72 0.45 2.54 13.24 

FLICM 0.73 0.44 2.28 13.29 

HMRF-FCM 0.73 0.45 2.22 13.19 

FRFCM 0.74 0.47 2.14 12.82 

SFFCM 0.75 0.50  1.95 12.87 

SNCMWG 0.77 0.53 1.84 12.34 

The average values of PRI, BDE, CV, and VI of the segmentation results of clean images are shown in Table 

1-2. It can be seen from the Table 1-2 that the PRI, BDE, CV, and VI between FCM and NCM are close. NCM 

algorithm is better than FCM on BDE. The segmentation effect of FCMS2, FLICM, and HMRF-FCM algorithm 

is better than FCM and NCM in part of PRI, BDE, CV, and VI. Due to the addition of adaptive spatial 

information, FRFCM and SFFCM algorithm are superior to other algorithms on PRI, BDE, CV, and VI. The 

proposed SNCMWG uses neutrosophic clustering with neighborhood information to cluster superpixel images, 

and achieves better segmentation results by introducing gradient-based structural similarity. Compared with 

SFFCM and FRFCM, the preprocessing time of the proposed SNCMWG is longer, but it is better than other 

algorithms in PRI, BDE, CV and VI. 

4.5. Performance on noise images   

In order to test the robustness of these comparison algorithms and the proposed algorithm in the real 

environment, we selected two clean color images from Section 4.3 that each algorithm achieved good 

segmentation results, and added Gaussian noise, Salt and pepper noise, and uniform noise to these images. The 

above algorithm has been implemented, and the segmentation result is shown in the Fig.12-13. 
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Fig. 12. Comparison of segmentation results on the remote sensing image. (a) The original image. (b) Noise image 

(Gaussian noise, the noise level is 10%). (c) FCM. (d) NCM. (e)FCMS2. (f) FLICM. (g)HMRF-FCM. (h)FRFCM. (i) 

SFFCM. (j) SNCMWG. 

 

Fig. 13. Comparison of segmentation results on the natural image. (a) The original image. (b) Noise image (salt and 

pepper noise, the noise level is 40%). (c) FCM. (d) NCM. (e)FCMS2. (f) FLICM. (g)HMRF-FCM. (h)FRFCM. (i) 

SFFCM. (j) SNCMWG. 

It can be seen from Fig.12-13 that FCM and NCM are not robust to noise, and the segmentation result still has a 

lot of noise. FCMS2 is more robust to salt and pepper noise shown in Fig.13(e). FLICM and HMRF-FCM can 

remove part of the noise, but they perform poorly on high-density salt and pepper noise as shown in the 

Fig.13(f, g). FRFCM is more robust to Gaussian noise, but it does not overcome its sensitivity to salt and pepper 

noise shown in Fig.13(h). According to Fig.12(i, j) and Fig.13(i, j), SFFCM and the proposed SNCMWG have 

better segmentation results, but the SFFCM algorithm will segment errors in some subtle areas when the noise 

density is high. 

Table 3. A (%) comparisons of 8 methods on the remote sensing image corrupted by noise of different levels (C= 2). 

Noise FCM NCM FCMS2 FLICM HMRF-FCM FRFCM SFFCM SNCMWG 

Gaussian 5%   79.74  80.21  87.14  99.54  99.04  99.95  99.85  99.82  

Gaussian 10%   67.92  68.34  75.67  97.43  93.28  98.93  98.78  99.79  

Gaussian 15%   65.11  66.51  64.23  88.31  89.25  98.84  98.54  98.69  

Gaussian 20%   55.36  55.99  63.43  77.12  79.11  97.15  98.10  98.60  

Salt & Pepper 10%  86.11  88.36  95.81  98.01  98.24  99.96  99.86  99.84  

Salt & Pepper 20%  75.12  77.81  89.37  92.14  90.45  98.89  99.84  99.25  

Salt & Pepper 35%  63.32  75.41  81.95  80.21  89.39  97.06  96.21  98.41  
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Salt & Pepper4 0%  55.28  56.19  74.56  78.07  79.18  96.08  95.91  98.14  

Uniform 10% 77.65  78.14  83.76  99.11  99.18  99.86  99.95  99.81  

Uniform 20% 66.41  66.78  72.81  97.24  96.32  99.74  99.88  99.73  

Uniform 30% 55.12  56.11  62.39  85.20  84.57  99.61  99.76  99.70  

Uniform 40% 54.31  54.94  61.85  76.32  64.24  98.45  98.81  98.62  

         

Mean value 66.79  68.73  76.08  89.06  88.52  98.71  98.79  99.20  

Table 4．SA (%) comparisons of 8 methods on the natural image corrupted by noise of different levels (C= 2). 

Noise FCM NCM FCMS2 FLICM HMRF-FCM FRFCM SFFCM SNCMWG 

Gaussian 5%   74.10  89.48  94.13  98.89  98.07  99.21  99.89  99.80  

Gaussian 10%   74.00  76.71  87.52  96.58  96.08  98.86  98.51  99.72  

Gaussian 15%   70.62  73.68  72.03  94.19  92.87  97.12  98.23  98.82  

Gaussian 20%   66.54  72.35  72.56  91.05  89.82  97.03  97.51  98.73  

Salt & Pepper 10%  81.59  89.36  96.36  99.74  97.00  99.84  99.93  99.85  

Salt & Pepper 20%  79.51  84.63  91.52  99.10  92.69  98.36  98.87  99.81  

Salt & Pepper 35%  78.30  78.19  84.37  97.67  87.15  94.23  98.74  99.67  

Salt & Pepper 40%  72.21  73.64  80.42  83.76  81.18  93.84  98.54  99.58  

Uniform 10% 89.29  94.41  95.32  98.22  97.44  99.58  99.91  98.83  

Uniform 20% 84.26  86.12  88.04  91.60  85.13  97.36  98.80  99.78  

Uniform 30% 77.03  80.11  81.91  83.76  81.29  97.01  98.72  98.69  

Uniform 40% 66.95  74.14  75.03  79.84  80.05  96.30  97.71  98.60  

         

Mean value 76.20  81.07  84.93  92.87  89.90  97.39  98.78  99.32  

It can be seen from the Fig.14 and 15 that when the noise density is low, all algorithms except FCM and NCM 

have good segmentation effects in mIoU. However, as the noise density increases, the segmentation effect of 

FCM, NCM, FCMS2, FLICM, and HMRF-FCM algorithms will decrease to varying degrees. Since FRFCM, 

SFFCM, and the proposed SNCMWG use adaptive neighborhood information, the value of MIOU is more 

stable than the above algorithm. 

It can be seen from the Table 3-4 that the SA obtained by FCM2, FLICM, HMRF-FCM, FRFCM, and SFFCM 

with spatial domain information are higher than that of FCM and NCM algorithms. The segmentation effect of 

FCMS2 on salt and pepper noise images is better than other noises. The FLICM and HMRF-FCM algorithms 

achieved poor SA in images contaminated by salt and pepper noise or uniform noise. The segmentation effect of 

SFFCM and FRFCM is similar, and the segmentation effect is better for images contaminated by Gaussian 

noise. The proposed SNCMWG uses a superpixel algorithm based on the multivariate morphological 

reconstruction, which is robust to three kinds of noises and obtains the best average value of SA. 
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Fig. 14. mIoU (%) Graph of 8 methods to the remote sensing image corrupted by different levels of noise (C=2). 

 

Fig. 15. mIoU (%) Graph of 8 methods to the natural image corrupted by different levels of noise (C=2). 

Finally, we added a 15% mixed noise (Gaussian, Salt &Pepper and Uniform noise) level to the image. In Fig.16, 

we can see that because FCM and NCM do not add neighborhood information, there are still many noise pixels 

in the segmentation results. FCMS2 uses median filtering to suppress noise, but it only achieves a better effect 

on salt and pepper noise, and is not good for mixed noise with stronger randomness. HMRF-FCM uses prior 

probability to improve the segmentation results, but the uncertainty of noise images is high, and it is difficult to 

obtain appropriate prior knowledge, and the denoising effect is not good as shown in Fig.16(b). FLICM uses 

fuzzy local (spatial and gray) similarity measures to maintain insensitivity to noise, but the fixed-size 

neighborhood window makes the algorithm less robust. For FRFCM, multivariate morphological reconstruction 

can suppress most of the noisy pixels in the image, but there are still some noisy pixels in the rest of the area as 

shown in Fig.16(c). For SFFCM, the watershed algorithm based on multivariate morphological reconstruction 

can suppress all noise, but the watershed method is misled by the noise pixels that cannot be suppressed by 

morphological reconstruction, leading to incorrect segmentation of some regions such as Fig.16(a, d). Based on 

the multivariate morphological reconstruction, the algorithm proposed in this paper excludes noise pixels that 

easily cause interference from the local clustering of the SLIC algorithm. While suppressing most of the noise 

pixels, the main correct contour of the target is maintained. 

Jo
ur

na
l P

re
-p

ro
of



 

Fig. 16. Comparison on of segmentation results on the different mixed noise images.  

5. Conclusion 

In this paper, a spuerpixel-neutrosophic C-means clustering with gradient-based structural similarity is 

proposed for color image segmentation. The SLIC algorithm combines multiple morphological 

reconstructions to obtain accurate target contours. While maintaining the target contour, the number of 

clusters is reduced. In addition, the adaptive neighborhood information is added to the NCM algorithm, 

and then the improved NCM algorithm obtains more a precise definition of uncertain superpixels. 
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Meantime, the similarity is used to classify these superpixels instead of the maximum membership rule, 

which solves the problem of misclassification and destruction of global spatial information caused by only 

relying on Euclidean distance for some superpixels. Experimental results show that this method can 

correctly and effectively segment images either clean or noise. 

But the SLIC algorithm must set the number of superpixels in advance, which has limitations in practical 

applications. In future work, we will explore a neutrosophic clustering algorithm that automatically estimates 

the number of cluster centers and the number of superpixels. 

Appendices A 

In Appendix A, the derivation process of SNCM is described in detail. 

The objective function of Superpixel-neutrosophic C-means clustering is: 
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Where l  is the color level, 1 l q  , q  is the number of regions of the superpixel image, kc  is the 

cluster center, lS  is the number of pixels in the thl superpixel lR , and px  is the color pixel within the thl  

superpixel lR ，  is a noise distance calculated by Eq.(11). klT , lI  and iF  are the membership values 

belonging to the determinate cluster, boundary regions and noisy data set, 0 , , 1kl l lT I F   which satisfy 

with the following: 
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According to the above formula, the Lagrange objective function is constructed as: 
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Where   is a Lagrange multiplier to minimize the Lagrange objective function, we use the following 

operations: 
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The norm is specified as the Euclidean norm. Let 0klL T   , 0lL I   , 0
l

L F    and 

0kL c   , then 
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Therefore, 
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