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 
Abstract—This paper presents a fuzzy local double 

neighborhood information c-means (FLDNICM) clustering 
algorithm for remotely sensed imagery classification which 
incorporates flexible and accurate local spatial and spectral 
information. First, a trade-off weighted fuzzy factor is established 
based on a pixel spatial attraction model that considers spatial 
distance and class membership differences between the central 
pixel and its neighbor simultaneously. This factor can adaptively 
and accurately estimate the spatial constraints from neighboring 
pixels. To further enhance robustness to noise and outliers, 
another fuzzy prior probability function is also defined which 
integrates the mutual dependency information from a pixel and its 
neighbor in a fuzzy logical way for obtaining accurate spatial 
contextual information. The FLDNICM enhances the 
conventional fuzzy c-means (FCM) algorithm by producing 
homogeneous segmentation while reducing the edge blurring 
artifacts. The new trade-off weighted fuzzy factor and prior 
probability function are both parameter free and fully adaptive to 
the image content. Experimental results demonstrate the 
superiority of FLDNICM over competing methodologies, 
considering a series of synthetic and real-world images 
classification applications. 

Index Terms—Classification, fuzzy c-means clustering, 
neighborhood, prior probability, remotely sensed imagery. 

I. INTRODUCTION

nsupervised clustering methods for extracting land cover 
information from remotely sensed imagery are widely 

used in remote sensing [1]-[5]. Many clustering algorithms and 
their variations have been exploited for unsupervised 
classification or segmentation for remote sensing image [2]-[6]. 
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Due to spectral variation, limited spatial resolution and 
complex spatial arrangement of remotely sensed imagery, a 
pixel may represent an area on the ground including more than 
one single land-cover type. Thus, a large amount of imprecise 
and uncertain pixels may exist in remotely sensed imagery. 
Fuzzy clustering methods model this uncertainty by allowing 
pixels to belong to multiple classes with a certain degree of 
membership. They can also provide a final hard (crisp) map by 
defuzzification of the pixel membership values. Accordingly, it 
is natural to apply the concepts of fuzzy set theory to the 
domain of pixel classification. In this paper, we focus on fuzzy 
clustering algorithms for unsupervised classification of 
remotely sensed imagery. One of the popular fuzzy clustering 
algorithms is the well-known fuzzy c-means (FCM) which was 
first introduced by Dunn [7] and later extended by Bezdek [8]. 
FCM has robust characteristics for ambiguity and can retain 
more original image information than hard clustering methods 
[9]. However, dealing with images corrupted by noise, outliers 
and other imaging artifacts, the standard FCM often produces 
clustering maps containing salt and pepper noise [9]-[15]. In 
addition, the selection of initial cluster centers and cluster 
number are two problems in FCM [16]. 

Recently, the issue of incorporating local spatial information 
into the original FCM to enhance the performance has attracted 
large interest [9]-[32]. One of the most commonly used 
methods is to modify the conventional FCM objective function 
to include the spatial constraints [10]-[26], [28]-[32]. Pham [29] 
modified the objective function of FCM by including a spatial 
penalty on the membership functions, which allows the 
estimation of spatially smooth membership functions. Ahmed 
et al. [13], [28] proposed FCM_S, where a spatial 
neighborhood term was introduced into the objective function 
of FCM to compensate for the intensity inhomogeneity. To 
reduce the computational complexity of FCM_S, Chen and 
Zhang [30] developed two variants, FCM_S1 and FCM_S2 to 
simplify the computation of neighborhood term. In order to 
further speed up the clustering process, Szilagyi et al. [31] and 
Cai et al. [14] proposed enhanced FCM (EnFCM) and fast 
generalized FCM (FGFCM), respectively. However, these 
extended FCM algorithms perform indirectly on the original 
image, or need to tune a crucial parameter   for balancing 
trade-off between the robustness to noise and the effectiveness 
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of preserving the image details. This parameter has a crucial 
impact on the final clustering performance, while its selection 
is difficult [14], [15]. Moreover, when   is fixed for all 
neighbor windows across the whole image, it leads to blur the 
image edges while removing noise.  

In order to overcome the above-mentioned limitations, 
Zhong et al [25] provided an adaptive memetic fuzzy clustering 
algorithm with spatial information for remote sensing imagery 
(AMASFC), in which the weight of contribution from the 
spatial neighborhood can be adaptively determined, but the 
performance improvements in clustering precision are not so 
impressive. Krinidis and Chatzis [9] proposed a fuzzy local 
information c-means (FLICM), where a fuzzy factor was 
introduced into the objective function of FCM to guarantee 
noise insensitiveness and image details preservation. However, 
this method has some weakness in identifying the class 
boundary pixels and preserving image details [19]. Gong et al 
[19], [20] further improved FLICM by using a local coefficient 
of variation to replace the spatial distance as the local similarity 
measure. Li et al. [21] proposed a fuzzy c-means with edge and 
local information (FELICM) based on FLICM to reduce edge 
degradation. FLICM and above-mentioned enhanced FLICM 
algorithms are less sensitive to noise to some extent and 
produce reasonable segmentation maps, whereas the 
identification of the central pixel is greatly influenced by its 
neighboring pixels neglecting the central pixel’s own features. 
This results in failing to take full advantage of the information 
encapsulated in the local window. Moreover, the spatial models 
used in the clustering procedure are still not as accurate as 
expected, thus they may fail to correctly distinguish the 
contributions among neighboring pixels. Accordingly, they 
may produce over-smooth results for important structures (such 
as regional borders or edges) and small patches. Furthermore, 
these methods are not effective when the central pixel is highly 
different from the neighbor. 

To address the aforementioned problems, based on the 
standard FCM, this paper presents an enhanced FCM named 
fuzzy local double neighborhood information c-means 
(FLDNICM) clustering algorithm for remotely sensed imagery 
classification. The aim is to provide a flexible and accurate 
estimations of spatial constraints on the standard FCM to 
produce accurate results in homogeneous regions and preserve 
image details. In contrast with FCM, we consider the 
classification of a pixel to be influenced by two levels of spatial 
constraints: spatial continuity and contextual information 
constraints from neighboring pixels. The main advantages of 
the FLDNICM algorithm are as follows: 

1) Based on the pixel spatial attraction model, proposing a 
trade-off weighted fuzzy factor to accurately describe the 
relationships between pixels for retaining edges of regions and 
small patches when removing noise; 

2) Developing a prior probability function by integrating the 
mutual dependency information from its neighbor in a fuzzy 
logical way, which a) can enhance the robustness to outliers in 
a relatively strong noisy environment and b) is able to reduce 
the edge blurring artifacts when removing isolated pixels; 

3) The proposed technique does not require any 
experimentally adjusted parameters in the whole processing, 
and is totally adaptive to the local image content. 

The rest of the paper is organized as follows. Section II gives 
a brief review of the background algorithm – FLICM and 
describes our motivations for further improvements. In Section 
III, the proposed FLDNICM algorithm is described in details. 
Section IV illustrates the performance of the proposed 
algorithm through four experiments. Finally, Section V draws 
the conclusion. 

II. BACKGROUND AND MOTIVATIONS 

In this section, the background algorithm – FLICM is briefly 
reviewed. Then, our motivations for proposing the FLDNICM 
clustering algorithm are introduced. 

A. FLICM Algorithm 

Let us consider an image  1 2, , , ,i nX x x x x   , where 

Rband
ix   represents a pixel in the dimensionalband   vector 

space, n  is the number of feature vectors (pixel number in the 
image), and c  is the number of clusters ( 2 c n  ). FLICM [9] 
introduces a fuzzy factor kiG  as a local similarity measure to 

remove noise and preserve image details. 
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supposing pixel ix  is the center of the local window, iN  is the 

set of neighborhood pixels around pixel ix , pixel jx  ( ij N ) 

is a neighboring pixel in iN , ijd  is the spatial Euclidean 

distance between pixels ix  and jx , kv  is the prototype of the 

center of cluster k , kju  is the degree of membership value of 

pixel jx  belonging to the kth cluster, || ||  is any norm 

expressing a dissimilarity measure between data points and 
centers, and m  is the weighing exponent in each fuzzy 
membership. This factor m  in the proposed algorithm and the 
above algorithms plays the same role as in FCM, which has 
been discussed in [33]. In this paper, we set = 2m   for the 
following experiments. The objective function of FLICM is 
described as 
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The objective function mJ  can be optimized through an 

iterative process, details are described in [9]. In the FLICM 
method, the fuzzy factor kiG , which incorporates local spatial 

and gray level information, does not involve any tuning 
parameter to control the trade-off between the image noise and 
details, and can reflect the damping extent of neighbors with 
spatial distances from the central pixel. With kiG , the fuzzy 

membership values of the non-noisy pixels, as well as the noisy 
pixels in the local window, will be set to similar values and this 
can balance the membership values of the pixels in the local 
window. FLICM is therefore robust to noise and outliers to 
some extent. 

B. Motivation of Introducing the Trade-off Weighted Fuzzy 
Factor 
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Fig. 1. Classification results of a synthetic image produced by FLICM. (a) 
Original image. (b) Reference image. (c) Classification map produced by 
FLICM. (d) A 3×3 window [marked with a red rectangle, and the central pixel 
locates at pixel (125,108)]. (e), (f) and (g) Initial membership degrees of the 
pixels belonging to the three class, respectively. (h), (i) and (j) Final 
membership degrees of the pixels belonging to the three classes, respectively. 
(k) Intial cluster centers. (l) Final cluster centers. (m) Classification results 
using FLICM. (n) Reference. 

Spatial and gray level information are used in FLICM to 
guarantee noise insensitiveness and preservation of image 
details. FLICM can enhance the robustness and increase the 
accuracy of the conventional FCM to a certain extent. However, 
it is not adequate to reflect the damping extent of the neighbors 
only using the spatial distances from the central pixel. 
Sometimes, it is not in conformity with the discrepancy 
between the pixels in the neighborhood [19]. In particular, this 
method has some weakness in identifying the class boundary 
pixels and preserving details [20]. A synthetic image is used to 
test the preserving details performance of the FLICM method. 
As shown in Fig. 1(a), the synthetic image with 256×256 pixels 
including three classes (1, 2, and 3) with three intensity values 
(taken as 55, 115, and 225) is sampled from Markov Random 
Field (MRF) model using a Gibbs sampler. In order to test the 
performance of details preservation, two lines with intensity 
value 115 are added (see Fig. 1(b)). The parameters used in the 

FLICM are 3c  , 2m   and 1 5e   . A 3×3 window is 
used in the experiment. Fig. 1(c) can clearly show that the two 
added lines are smoothed out and many misclassified pixels 
locate on the regional boundaries produced by the FLICM. 
After 21 iterations the membership value of the central pixel 
converges to a value similar to those of the neighboring pixels, 
the central pixel is misclassified as the Class 3 to which most of 
its neighboring pixels belong. 

The above example gives some intuitive illustrations about 
the limitations in identifying the class boundary pixels and 
preserving details while smoothing out noises. The fuzzy factor 

kiG  always imposes a significant amount of spatial constraint 

on the central pixel. In other words, the central pixel is 
influenced heavily by the neighboring pixels no matter whether 
it is a noise pixel or a boundary pixel. It can be dragged to the 
cluster center to which most of its neighboring pixels belong, 
thus introducing a blurring effect. This is because using single 
spatial distance to reflect the damping extent of the neighbors in 
the trade-off weighted factor in kiG  is not sufficient. 

Furthermore, according to (1), the calculation of kiG  is mostly 

based on its neighboring pixels while the central pixel’s own 
gray information is not fully considered, which cannot 
accurately reflect the damping extent of the neighbors. In this 
context, in order to obtain more accurate classification results, 
it is crucial to define an accurate weighted factor for 
neighboring effects which is fully adaptive to the image content, 
and provides an accurate trade-off between insensitiveness to 
noise and effectiveness of preserving the details in the image. 
This is done in Section III-A, where we present a trade-off 
weighted factor based on the pixel spatial attraction model. 

The enhancement of FLICM’s robustness to noise and 
outliers is based on the incorporation of the fuzzy factor kiG . 

However, when the images are heavily contaminated by noise, 
the performance of FLICM will degrade [20]. As shown in the 
example of Fig. 2(c), there still exist isolated pixels in the 
classification results provided by the FLICM. After 23 
iterations, the membership value of the central pixel tries to 
converge to a membership value similar to that of the 
neighboring pixels, but it cannot reach this value and is 
misclassified as the Class 2. 

Through the above example, we can deduce that the central 
pixel has been heavily influenced by its neighborhood pixels 
with kiG , but when the gray value of the central pixel is highly 

different from its neighborhood pixels, the effects from its 
neighboring pixels described by kiG are not strong enough to 

drag the noisy central pixel to the cluster center to which most 
of its neighboring pixels belong. Thus, to compensate for the 
deficiency of the kiG , a fuzzy prior probability function is 

developed for incorporating the spatial contextual information 
like MRF. This function, which is described in detail in Section 
III-B, directly defines neighboring constraint on the central 
pixel term of the objective function, in such way that the 
aforementioned problem can be addressed. 
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C Motivation of Introducing the Fuzzy Prior Probability 
Function 
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Fig. 2. Classification results of a synthetic image with noise produced by 
FLICM. (a) Original image. (b) Reference image. (c) Classification map 
produced by FLICM. (d) A 3×3 window [marked with a red rectangle, and the 
central pixel locates at pixel (94,134))]. (e), (f) and (g) Initial membership 
degrees of the pixels belonging to the three class, respectively. (h), (i) and (j) 
Final membership degrees of the pixels belonging to the three classes, 
respectively. (k) Initial cluster centers. (l) Final cluster centers. (m) 
Classification results using FLICM. (n) Reference. 

III. PROPOSED METHOD 

As mentioned above, motivated by the individual strengths 
as well as limitations of FLICM, this paper presents the 
FLDNICM clustering algorithm for remotely sensed imagery 
classification. Section III-A describes the trade-off weighted 
factor for introducing the spatial constraints from neighboring 
pixels, and Section III-B illustrates the fuzzy prior probability 
function for integrating spatial contextual information. The 
general framework of FLDNICM is shown in Section III-C. 

A. A Trade-off Weighted Fuzzy Factor 

Inspired by the Newton’s law of universal gravitation [34], 
every object in the universe attracts each other. The attraction 
model has been also shown to be effective in characterizing the 
spatial relationships between pixels in an image [34], [35]. In 
this paper, the spatial attraction model is introduced to 
incorporate local spatial and gray level statistics information 
simultaneously. For two pixels i  and r , spatial attraction 
between them is proportional to their fuzzy memberships kiu  

and kru  with respect to the kth cluster, and inversely 

proportional to the square of the spatial distance between the 
two pixels. Accordingly, the pixel spatial attraction ( )irPSA k  

between the two pixels with respect to the kth cluster can be 
defined as 

2
( ) ki kr

ir r
ir

u u
PSA k G

d


                               (5) 

where ird  is a spatial distance between pixels i  and r . In this 
paper, the Euclidean distance is selected for computational 
simplicity. rG  is a weighted factor which controls the relative 
importance of the neighborhood in the local window. Let us 
focus on the definition of rG . 
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Fig. 3. Illustration of the relative importance of different neighboring pixels. (a) 
A 5×5 window (extract from an image). (b) A 3×3 window [extract from (a)]. 
(c) A 3×3 window [extract from (a)]. 

As shown in Fig. 3, D is the central pixel in a 5×5 window, A 
and B have the same gray value, but their influences on D 
should be different as there is one noise pixel around A (as 
shown in Fig. 3(b)), whereas there are two noise pixels around 
B (as shown in Fig. 3(c)). In greater detail, B is influenced 
heavier than A by the noise, thus in order to weaken the 
influence of noise on the central pixel, the influence on D from 
B should be smaller than that from A. Here, we use the local 
coefficient of variation (CV) to describe the degree of influence. 
The CV is defined as the ratio of the standard deviation to the 
mean, and the local CV rC  for each pixel r  is defined as 

( )

( )r

x
C

x




                                          (6) 

where pixel r  is the central pixel of the local window and pixel 
x  represents a set of the neighboring pixels falling into the 
window (for example a 3×3 window) around the thr  pixel, 

( )x  and ( )x  are the standard deviation and the mean of the 

pixel’s intensity in the local window, respectively. The value of 

rC  can reflect gray value homogeneity degree of the local 

window, which explains the local distribution of pixel x . It 
will show high value at edge or in the area corrupted by noise, 
and show low value in a homogeneous window. Due to the 
variation of rC  in different local window, here, rC  for each 

pixel across the image is normalized into [0, 1]. The 
normalization method is formulated as 

min

max min

r
r

C C

C C
 




                                           (7) 

where maxC  and minC  are the maximum and minimum values 

of rC , and respectively, r  is the normalized local CV. Then 

rG  is defined as 

21 log ( 1)r rG                                  (8) 

where [0,1]rG  . When the local window around pixel r  

includes noise or edge pixels, the value of rG  is small and close 

to 0, the effect from pixel r  will be weaken and, according to 
(5), the value of ( )irPSA k  will become small; thus the 
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influence from noise or outliers will be suppressed, and vice 
versa. In addition, rG  also helps to exploit more local context 

information because the local CV of each pixel is computed in 
its local window. 

As described above, it is crucial to provide an accurate 

trade-off weighted factor for neighboring effect in '
kiG . While 

the pixel spatial attraction model, which changes flexibly 
according to their spatial distances from the central pixel and 
fuzzy membership’s differences simultaneously, can exactly 
describe the relationships between pixels. Based on the spatial 
attraction model, we introduce a trade-off weighted fuzzy 
factor ( )irw k  incorporating both the local spatial and fuzzy 

membership relationships. It is defined as 

,

( )
( )

( )
i

ir
ir i

ir
r N r i

PSA k
w k

PSA k


 




                         (9) 

where i  represents the gray value homogeneity degree within 

the local window. It is used to model the complexity of the 
portion of image located within the local window, and is 
defined as 

i

i r
r N

 


                                      (10) 

where r  is the normalized local CV at the considered local 

window (see Fig. 4(c)). When the neighboring pixels and the 
central pixel are all located in a homogeneous region, the value 
of i  will be small and the complexity degree within the local 

window will be low, and vice versa. Here, ( )irPSA k  is the pixel 

spatial attraction between the central pixel i  and its 
neighboring pixel r  with respect to the kth cluster. For 

computational simplicity, the size of iN  is set as 3×3. (see Fig. 

4(a)). The rationale is as follows: 
1) The pixel spatial attractions are active only within the 3×3 

window and are neglected outside. 
2）The pixel spatial attractions is active only between the 

same class sub-pixels (denoted by the fuzzy memberships) 
contained in the central pixel and its neighbor. 

,1iN  ,2iN  ,3iN  

,4iN  i  ,5iN  

,6iN  ,7iN  ,8iN  

 

2  1  2  

1  i  1  

2  1  2  

 

1  2 3

4  5 6

7  8 9

(a) (b) (c)

Fig. 4. Trade-off weighted fuzzy factor at the neighbor of pixel i  at 3×3 

window: (a) Neighbor of pixel i . (b) Distances between pixel i  and its 
neighbor. (c) Normalized local coefficient of variation at a 3×3 window. 

It is worth noting that the proposed trade-off weighted fuzzy 
factor ( )irw k  does not involve any experimentally adjusted 

parameter in the whole processing, the information needed to 
compute this factor is totally based on the central and its 
neighborhood pixels, thus, it is totally adaptive to the local 
image content. The main characteristics of the resulting 
technique are as follows: 

1) It can accurately describe the relationships between the 
central and neighboring pixels using the local spatial and gray 
level statistics information simultaneously; 

2) The central pixel is influenced by its neighbors and its 
own features simultaneously, which is important for retaining 
edges of regions and small patches when removing noise; 

3) The degrees of fuzzy memberships of pixels are used to 
describe the fuzzy factor, which is finer than using differences 
of intensity, because different weighted factors are exploited 
for different classes. This is very useful to correctly classify the 
class boundary or edge pixels, because these pixels have similar 
distances to their adjacent cluster centers. If the differences of 
intensity is used, the pixel with high gray difference will 
influence the central pixel heavier, which often results in 
misclassification. On the contrary, fuzzy memberships can 
accurately describe the memberships of each pixel to each 
class; 

4) With i , the spatial constrains from '
kiG  can be 

adaptively adjusted with the complexity of the portion of image 
located within the local window 

B. A Fuzzy Prior Probability Function 

As described in Section II-C, when the gray value of the 
central pixel is highly different from its neighborhood pixels’ 

gray values, '
kiG  as well as kiG  may have deficiencies to 

properly represent the situation. To compensate for the 
deficiency, it is very important to further enhance the 
FLDNICM’s robustness to noise and outliers. In this section, 
firstly, the local prior probability based on MRF model is 
briefly introduced. Then, a fuzzy prior probability function is 
provided for incorporating spatial contextual information to 
enhance the FLDNICM’s robustness performance. 

The MRF is a probabilistic model which extracts spatial 
contextual information through the dependence among 
neighboring pixels [36]. It is widely used to improve the 
classification accuracy by incorporating spatial contextual 
information [37]-[39]. 

According to the Harmmersley-Clifford theorem and the 

Gibbs theorem [40], the local prior probability '
kiP  can be 

represented as 

'

' 1

exp( E ( ))
=

exp( E ( '))

i
ki c

i
k

k
P

k





                          (11) 

where E ( )i k  is the energy function of pixel ix  with respect to 

the kth cluster, which is defined as 
E ( ) ( ( ), ( ))

i

i i j
j N

k I k x k x


                       (12) 

1 ( ) ( )
( ( ), ( ))

0 ( ) ( )
i j

i j
i j

k x k x
I k x k x

k x k x

 
  

                (13) 

where iN  denotes the neighbors of pixel ix , ii N , ( )ik x  

denotes the class label of pixel ix , ( )jk x  is the neighboring 

class label of pixel ix , ij N . Equation (13) is the Potts model 
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in MRF, and is used to describe the class label prior probability, 
  is a penalty coefficient which is used to control the strength 

between pixel ix  and its neighboring pixels. The local prior 

probability based on MRF directly characterizes the spatial 
context and serves as an operator to exploit the information 
provided by the neighboring pixels, and it is often used to 
mitigate noise effects [36]. 

However, the prior probability function in Equation (12) is 
only computed by comparing the labels of the neighboring 
pixels regardless of both the local image statistics and whether 
the neighboring pixel is a boundary pixel or not. Furthermore, 
the neighboring pixels have the equal influences on the central 
pixel ix . As a result, the classification accuracy is improved in 

homogeneous areas, while errors frequently occur on boundary 
areas, thus losing significant detailed features. Besides, the 
choice of the penalty coefficient   is difficult and 

time-consuming. Thus, the traditional MRF model has 
significant limitations in real applications.  

Motivated by the above-mentioned discussion, a fuzzy prior 
probability function kiP  is proposed defined as 

,

' '
' 1 ,

exp[ 1- | |)]

=
exp[ (1- | |)]

i

i

ki kr
r N r i

ki i c

k i k r
k r N r i

u u

P
u u

  

  

 

 



 

(

                  (14) 

where | |ki kru u  stands for the absolute difference between 

memberships kiu  and kru . Here, a 3×3 window is used 

consistently with the definition of ( )irw k . i  is the average 

gray value homogeneity degree of the local window, and is 
used to denote penalty coefficient to control the strength 
between pixel ix  and its neighboring pixel. It is defined as 

i

r
r N

i
in


 


                                     (15) 

where in  is the number of pixels located in the local window 

(see Fig. 4(c)). 
As shown in Equation (14), there are no experimentally 

adjusted parameters in the proposed probability prior function. 
It utilizes the fuzzy memberships to model the effects on the 
central pixel from neighboring pixels. The neighboring pixels 
have different influences on the central pixel, thus it can 
preserve local details information: 1) When the central pixel is 
heavily corrupted by noise, while the other pixels in its local 
window are homogeneous, the kiP  should be chosen as high as 

possible so that the clustering result of the central pixel is 
greatly influenced by its neighbors. As we can see from 
Equation (14), in this case, the value of kiP  is relatively high, in 

such way that the central pixel will be assigned with high 
membership to the class to which its most neighboring pixels 
belong. 2) When the central pixel is not corrupted by noise, 
while the other pixels in its local window are homogeneous, the 

kiP  should be chosen as small as possible so that the clustering 

result of the central pixel depends mainly on its own intensity 

information. As can see from Equation (14), in this case the 
value of kiP  is relatively small. 

C. General Framework of FLDNICM Algorithm 

Based on the trade-off weighted fuzzy factor ( )irw k  and the 

fuzzy prior probability function kiP , FLDNICM is proposed for 

unsupervised remotely sensed imagery classification. It 
incorporates flexible and accurate local spatial and spectral 
information into the objective function of conventional FCM to 
enhance the smoothness towards piecewise-homogeneous 
classification and reduce the edge blurring effect 
simultaneously, the objective function of FLDNICM is 
described as: 

' 2 '

1 1

(1 ) || || +
n c

m
m ki ki i k ki

i k

J u P x v G
 

                   (16) 

and the new fuzzy factor '
kiG  in Equation (16) is defined as 

' 2
r

,

( )(1 ) || ||
i

m
ki ir k r k

r N r i

G w k u x v
 

                  (17) 

where ix  is the gray value of the thi  pixel, iN  is the set of 

neighborhood pixels in the window around the pixel ix , the 

shape of local window used in our experiments is square 
(however other shapes such as diamond or circle can also be 
adopted in our algorithm), pixel rx  is the neighboring pixel 

that falls into iN , kv  denotes prototype value of the thk  

cluster, kiu  and kru  represent the degree of fuzzy membership 

of ix  and rx  belonging to the thk  cluster, respectively. 

( )irw k  and kiP , which will be provided by (9) and (14), are the 

trade-off weighted factor between ix  and rx  in the local 

window and the fuzzy prior probability function with respect to 
the kth cluster, respectively. The two necessary conditions of 

'
mJ  to be at its local minimal extreme with respect to kiu  and 

kv  are obtained as follows: 

1

1

(1 )

(1 )

n
m
ki ki i

i
k n

m
ki ki

i

u P

u P














x
v                                  (18) 

1/( 1)2 2 '

2 2 '
' 1 ' ' '

1

|| || (1 )

|| || (1 )

ki m
c

i k ki ki

k i k k i k i

u
x v P G

x v P G






   
    


            (19) 

The flowchart of the proposed method is shown in Fig. 5. 
The implementation includes the following five steps. 

Step 1 (Initialization): Changing the dimension of input data 
to n×band dimension, set the cluster number c , the weighted 
exponent m , the window size iN , the termination criterion   

and the loop counter 0b  . The standard FCM is implemented 
to obtain the final fuzzy memberships matrix { }ki c nU u   as 

the initial memberships matrix of FLDNICM. 
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Step 2 (Calculating '
kiG  and kiP ): The new fuzzy factor '

kiG  

and the prior probability function kiP  are calculated according 

to (17) and (14), respectively. 
Step 3 (Calculating the Cluster Centers and Membership 

Values)：Based on the '
kiG  and kiP  values obtained in Step 2, the 

cluster centers and the membership values are calculated by 
using (18) and (19), respectively. 

Step 4 (Termination): The iteration will stop when the 

termination criterion ( 1)

[1, ]
max{ }b b

k k
k c

v v 


   is met; otherwise, 

1b b  , go back to Step 2 and repeat. 
Step 5 (Assigning the Final Class to Each Pixel): When the 

algorithm converges, the final fuzzy matrix { }ki c nU u   is 

produced, and the crisp partition is obtained by assigning each 
pixel i  to the class c  having the greatest membership, i.e. 

arg {max( )}, 1,2,3, ,i k kiC u k c                      (20) 

Fig. 5. Flowchart of the proposed FLDNICM clustering algorithm. 

As one can see from (16), the objective function of the 
proposed FLNDICM contains two constraint components. Left 
one puts constraints directly on the central pixel to be close to 
the cluster centers with a given prior probability function. The 
other imposes spatial continuity by introducing a trade-off 
weighted fuzzy factor. These two terms are determined 
automatically and adaptively to the local image content. These 
two kinds of spatial contextual information and spatial 
constraints make FLDNICM produces homogeneous clustering 
results and reduces the edge blurring artifacts simultaneously. 
Three basic cases are used to describe the robustness to noise 
and details preservation ability of the FLDNICM algorithm. 

Case 1: The central pixel is not noisy and some of its 
neighboring pixels are contaminated by noise. An example is 
shown in Fig. 6. A 3×3 window for the pixel marked in Fig. 6(a) 
is shown as Fig. 6(b). FLDNICM converges after 25 iterations. 
As shown in Fig 6(b), the gray level values of noisy pixels are 0 
and 255, which are far different from the central pixel having a 
value of 117. The proposed trade-off weighted fuzzy factor and 
prior probability function balance their membership values and 
suppress the influences from noise of the neighbors. Taking the 
central pixel as an example, Table I quantitatively reports how 
the spatial constraints in the FLDNICM method influence the 
central pixel. In order to suppress the influences of the outlier, 
the weights associated with the noise pixels should be smaller 

than those of these pixels without noise. Fig. 6(j) just shows 
that the weights on the noise pixels are relatively smaller than 
those pixels without noise with respect to Class 2, the more the 
noise pixel is corrupted, the smaller the weight value is. And 
Fig. 6(i) and (k) show weights on the noise pixels are relatively 
higher than those pixels without noise with respect to Class 1 
and 3, respectively. Then, the weighting added the spatial 
constraint is increased to suppress the influence of the outliers. 
The prior probability of 2iP  is also the highest one and the 

value of '
2iG  becomes the smallest one with respect to three 

classes, as a result, the probability of the central pixel is 
classified into the Class 2 is increased and then classified as 
Class 2. Thus, the proposed method becomes more robust to 
outliers. 

0 116 113

121 117 115

115 255 122
 

(a) (b) 
0.7988 0.0003 0.0056 
0.0042 0.0003 0.0068 
0.0068 0.0184 0.0101 

0.1600 0.9996 0.9921 
0.9947 0.9996 0.9915 
0.9915 0.0387 0.9853 

 

0.0412 0.0001 0.0023 
0.0011 0.0001 0.0017 
0.0017 0.9429 0.0046 

(c) (d) (e) 
0.3275 0.0003 0.0002 
0.0237 0.0269 0.0062
0.0125 0.1540 0.0115 

0.6161 0.9996 0.9997 
0.9549 0.9369 0.9807 
0.9484 0.6470 0.9493 

 

0.0564 0.0001 0.0001 
0.0214 0.0362 0.0130 
0.0391 0.1989 0.0392 

(f) (g) (h) 
1.2551 0.0023 0.0008 
0.1817  0.0475 
0.0479 1.1804 0.0441 

0.1592 0.5167 0.2584 
0.4936  0.5069 
0.2451 0.3344 0.2453 

 

0.2587 0.0009 0.0005 
0.1963  0.1193 
0.1794 1.8248 0.1798 

(i) (j) (k) 
51.4129 

114.8609 
226.5851 

55.9489 
114.7156 
224.0790 

2 2 2 
2 2 2 
2 2 2 

 

2 2 2
2 2 2
2 2 2

(l) (m) (n) (o) 

Fig. 6. Classification results of a synthetic image with noise using FLDNICM 
(Case 1). (a) Original image. (b) A 3×3 window [marked with a rectangle in the 
original image, and the central pixel locates at pixel (214, 142)]. (c), (d) and (e) 
Initial membership degrees of the pixels belonging to the three class, 
respectively. (f), (g) and (h) Final membership degrees of the pixels belonging 
to the three classes after 25 iterations, respectively. (i), (j) and (k) Weights of 

( )irw k  with respect to the three classes respectively. (l) Intial cluster centers. 

(m) Final cluster centers. (n) Classification results using FLDNICM. (o) 
Reference. 

 
TABLE I 

QUANTITATIVE ANALYSIS OF THE INFLUENCE OF THE SPATIAL CONSTRAINTS 

OF FLDNICM ON THE CENTRAL PIXEL IN CASE 1 

 Class 1 Class 2 Class 3 
2|| ||i kx v  3727.2368 5.2185 11465.9122 

kiP  0.1084 0.1478 0.0888 
2 2|| || (1 )i k jix v P   2963.1000 3.7902 9519.6838 

'
kiG  36507.4089 1129.0186 19783.2571 

2 2 '|| || (1 ) +i k ki kix v P G  39470.5089 1132.8088 29302.9409 
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0.9979 0.9590 0.9979 
0.9907 0.0193 0.9676 
1.0000 0.9494 0.9260 

 

0.0019 0.0372 0.0019 
0.0083 0.0402 0.0294 
0.0000 0.0461 0.0677 

 

0.0002 0.0038 0.0002
0.0010 0.9405 0.0030 
0.0000 0.0045 0.0063 

(a) (b) (c) 
0.9465 0.8950 0.9435 
0.8961 0.6374 0.8932 
0.9452 0.8928 0.9398 

 

0.0423 0.0757 0.0453 
0.0746 0.3147 0.0766 
0.0437 0.0766 0.0479 

 

0.0112 0.0293 0.0112 
0.0293 0.0479 0.0302 
0.0111 0.0306 0.0123 

(d) (e) (f) 
0.5788 1.0946 0.5769 
1.0959  1.0924 
0.5780 1.0919 0.5747 

 

0.3596 1.2870 0.3851 
1.2683  1.3023 
0.3715 1.3023 0.4072 

 

0.2630 1.3761 0.2630 
1.3761  1.4183 
0.2607 1.4371 0.2888 

(g) (h) (i) 
52.7939  

114.8523 
226.0199 

 

55.7773  
115.0305 
224.2834 

  

1 1 1 
1 1 1 
1 1 1 

1 1 1
1 1 1
1 1 1

(j) (k) (l) (m) 

Fig. 7. Classification of a synthetic image with noise at a 3×3 window by 
FLDNICM (Case 2). (a), (b) and (c) Initial membership degrees of the pixels 
belonging to the three class, respectively. (d), (e) and (f) Final membership 
degrees of the pixels belonging to the three classes, respectively. (g), (h) and (i) 
Weights of ( )irw k  with respect to the three classes, respectively. (j) Intial 

cluster centers. (k) Final cluster centers. (l) Classification results using 
FLDNICM. (m) Reference. 

 
TABLE II 

QUANTITATIVE ANALYSIS OF THE INFLUENCE OF THE SPATIAL CONSTRAINTS 

OF FLDNICM ON THE CENTRAL PIXEL IN CASE 2 

 Class 1 Class 2 Class 3 
2|| ||i kx v  39689.6842 19591.4609 943.5095 

kiP  0.4318 0.3472 0.0564 
2 2|| || (1 )i k jix v P   12813.2589 8348.0365 840.0202 

'
kiG  2.3666 17596.9819 169566.7196 

2 2 '|| || (1 ) +i k ki kix v P G   12815.6256 25945.0184 170406.7398 

Case 2: The central pixel is noisy and the pixels within its 
local window are not contaminated and homogeneous. Just 
shown as in Fig. 2(a) and (b), the gray value of the central pixel 
is 255, which is a salt and pepper noise and far different from 
those of the neighbors. The FLICM method had misclassified 
the central pixel as Class 2. While the FLDNICM method 
converged after 27 iterations and pushes the membership value 
of the central pixel to the same as that for the non-noisy 
neighbors (see Fig. 7). To quantitatively describe how the 
spatial constraints influence the central pixel, taking the central 
pixel as an example, as can been seen from Table II, the central 
pixel should be classified as the Class 3 according to the values 
of 2|| ||i kx v , while its neighboring pixels all belong to Class 1, 

we can see the value of prior probability of 1iP  is the highest 

one and the value of '
1iG  becomes the smallest one with respect 

to three classes, as a result, pushing the class of central pixel to 
the same as most neighbors belonging to, and, hence, the 
FLDNICM becomes more robust to outliers. 

Case 3: In Cases 1 and 2, pixels in the given local window 
are homogeneous. However, there are also pixels located on the 
object (or class) boundaries, like in Fig. 1(a) and (d). In this 
example, the FLICM method misclassified the line with gray 
value 115 as Class 3, while the FLDNICM method converged 
after 26 iterations preserving the details (see Fig. 8). Taking the 
central pixel as an example, Table III shows that the central 

pixel should be classified as the Class 2 according to the values 

of 2|| ||i kx v , while most of its neighboring pixels belong to 

Class 1. The FLDNICM properly recognizes this situation, and 
thus the central pixel is not heavily influenced by its 
neighboring pixels. The prior probability of kiP  is relatively 

small, because the kiP  is defined based on the fuzzy 

memberships of both the central pixel and the neighboring 
pixels, and the neighboring pixels have different influences on 
the central pixel. Accordingly, due to the fuzzy modeling, it can 
preserve more local details information. Moreover, as ( )irw k  

utilizes the pixel spatial attraction model to describe the 
trade-off weighted fuzzy factor, different weighted factors are 
derived with respect to different classes according to their 
memberships and distances from the center. Thus the trade-off 
not only incorporates the neighborhood pixels’ spatial and gray 
level information, but also the central pixel’s own gray level 
information. As shown in the classification result of FLDNICM, 
the central pixel is correctly assigned to Class 2, confirming 
that the proposed method can keep a balance between the 
insensitiveness to noise and the effectiveness in preserving 
details. 
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0.0000 0.0000 0.0000 
0.0000 0.0000 0.0000 
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0.0000 1.0000 0.0000 
0.0000 1.0000 0.0000 
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0.0849 0.5864 0.0849 
0.0849 0.5864 0.0849 
0.0849 0.5864 0.0849 

 

0.8883 0.3064 0.8883
0.8883 0.3064 0.8883
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0.3064  0.3064 
0.1532 2.1163 0.1532 

 

0.5819 0.4014 0.5819 
1.1638  1.1638 
0.5819 0.4014 0.5819 
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55.0000 
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55.5807 
115.0739 
224.6114 

3 2 3 
3 2 3 
3 2 3 

 

3 2 3
3 2 3
3 2 3

(j) (k) (l) (m) 

Fig. 8. Classification of a synthetic image at a 3×3 window by FLDNICM 
(Case 3). (a), (b) and (c) Initial membership degrees of the pixels belonging to 
the three class, respectively. (d), (e) and (f) Final membership degrees of the 
pixels belonging to the three classes, respectively. (g), (h) and (i) Weights of 

( )irw k  with respect to the three classes respectively. (j) Intial cluster centers. 

(k) Final cluster centers. (l) Classification results using FLDNICM. (m) 
Reference. 

TABLE III 

QUANTITATIVE ANALYSIS OF THE INFLUENCE OF THE SPATIAL CONSTRAINTS 

OF FLDNICM ON THE CENTRAL PIXEL IN CASE 3 

 Class 1 Class 2 Class 3 
2|| ||i kx v  3530.6532 0.0055 12014.6590 

kiP  0.0086 0.1082 0.1752 
2 2|| || (1 )i k jix v P   3469.8670 0.0043 8173.0387 

'
kiG  25553.9144 5308.4213 1986.3483 

2 2 '|| || (1 ) +i k ki kix v P G  29023.7814 5308.4257 10159.3870 

A synthetic image with mixed noise is used to further 
illustrate the robustness and details preservation properties of 
the proposed FLDNICM method compared with the FLICM 
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method. Fig. 9(a)-(c) show the corrupted image and the 
classification results provided by the FLDNICM and the 
FLICM. The synthetic image was generated with mixed noises 
including ‘Gaussian’ noise (mean = 0, variance = 0.01), ‘Salt 
and Pepper’ noise (density = 0.05) and ‘Speckle noise’ (mean = 
0, variance = 0.04). As shown in Fig. 9, the FLICM produces a 
map with salt and pepper noise and misclassified boundary 
pixels, while in the classification result of the FLDNICM most 
of the isolated pixels are removed and edge details are 
satisfactorily classified. Thus, FLDNICM outperforms FLICM 
in terms of both robustness to noise and identification of region 
boundaries. To evaluate the performances quantitatively, the 
Producer’s accuracy (PA), Overall Accuracy (OA) and Kappa 
coefficient (KC) [41] are listed in Table IV. As one can see 
from the table, FLDNICM yields greater classification 
accuracies than FLICM. 

  
(a) (b) (c) 

 Class 1     Class 2     Class 3 
Fig. 9. Classification results for a synthetic image with composite noises using 
FLDNICM and FLICM. (a) Corrupted image. (b) and (c) Classification maps 
produced by FLDNICM and FLICM, respectively. 

 
TABLE IV 

COMPARISON OF PA, OA AND KAPPA COEFFICIENT OBTAINING BY FLDNICM 

AND FLICM (SYNTHETIC IMAGE WITH COMPOSITE NOISES) 
Class Number of Testing samples FLDNICM FLICM

Class 1 19145 97.67% 81.49%
Class 2 18360 97.84% 97.85%
Class 3 28031 99.11% 96.21%

OA  98.33% 92.37%
KC  0.9745 0.8836 

Moreover, to quantitatively evaluate the cluster validity of 
the FLICM and FLDNICM, other literature indices are given 
Table V (i.e., Partition Coefficient (PC) [42], Partition Entropy 
(PE) [43], Modification of the Partition Entropy (MPC) [44], 
Fukuyama and Sugeno (FS) [45], Xie-Beni (XB) [46], Kwon 
(K) [47], Tang (T) [48] and Partition Coefficient and 
Exponential Separation (PCAES) [49] indices). As one can see 
from the table, all indices show that FLDNICM outperforms 
FLICM in terms of cluster validity. 

TABLE V 

COMPARISON OF CLUSTER VALIDITY VALUES FOR FLDNICM AND FLICM 
(SYNTHETIC IMAGE WITH COMPOSITE NOISES) 

Algorithm VPC VPE VMPC VFS VXB VK VT VPCAES

FLDNICM 0.8967 0.2919 0.8451 -2.6969E+08 0.2930 2.2311E+04 2.2310E+04 2.5659
FLICM 0.7969 0.5437 0.6954 -2.5965E+08 0.3466 2.2717E+04 2.2717E+04 3.0153

The above analyses gives some intuitive illustrations about 
the robustness and details preservation of our algorithm. The 
enhancement of its robustness to noise and outliers is based on 

the incorporation of the '
kiG  with fuzzy local spatial and gray 

level constraints and of kiP  with spatial contextual information 

constraints. The control of the balance between the image noise 
and the image details is automatically achieved by the 
definition of the trade-off weighted fuzzy factor and the prior 
probability function. The main characteristics of FLDNICM 
are summarized as follow: 

1) It is free of any parameter selection in the whole 
processing, and the trade-off weighted fuzzy factor and prior 
probability function are totally adaptive to the local image 
content; 

2) The relationships between the central pixel and its 
neighbor pixels are accurately described by the pixel spatial 
attraction model, which provides fine trade-off weighted fuzzy 
factors with respect to different classes. Here, the central pixel 
is simultaneously influenced by both its neighboring pixels and 
its own features. This is important for retaining edges of 
regions and small patches when removing noise; 

3) By introducing the trade-off weighted fuzzy factor and 
prior probability function, the proposed algorithm becomes less 
sensitive to outliers in a relative strong noisy environment 
compared to other FCM with spatial variants and can reduce the 
edge blurring artifacts when removing isolated pixels. 

IV. EXPERIMENTAL STUDY AND ANALYSIS 

To assess the effectiveness of FLDNICM, its performances 
are analyzed and compared with standard FCM, FCM_S1, 
FLICM and AMASFC [25] through four experiments. Each 
algorithm is run ten times and the average classification 
accuracy, as well as the optimal classification results, are 
derived. All algorithms are implemented with Matlab 2013b. 
The PA, OA and KC are used to quantitatively evaluate the 
classification performance. The randomly initialized fuzzy 
partition matrix is used as the initial membership’s matrix of 
FCM. To make it fair, the final fuzzy memberships matrix 
obtained from the FCM is taken as the initial membership’s 
matrix of other compared methods, respectively. 

A. Parameter Settings 

In fact, FCM_S1 has a crucial parameter   required to be 
adjusted for clustering, its selection will obviously influence 
the clustering result. In this section, we focus on discussion on 
  selection for the next experiments. We repeat tests using 
FCM_S1 with different   by step 0.05 in the interval [0.2, 8] 
in experiments 1, 2 and 3. Fig. 10(a)-(c) shows the OA curves 
obtained with different   for FCM_S1. Seen from Fig. 10, in 
each experiment, the OA ascended with the increasing of  , 
and reached the peak value, then declined. FCM_S1 obtains the 
highest OA at =  ,  and 4.64 in experiments 1, 2 and 3, 

respectively. For the experiment 4, to compare fairly with 
AMASFC,   is set as 2.1 which is same as the value in 
experiment 3 in [25]. Referring from [25], for the four 
experiments, sizes of population in AMASFC are set as 30, 20, 
15 and 50, respectively. The number of maximum generations 
is 100. The parameter   in GLS is 1. 
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(a) (b) 

 
(c) 

Fig. 10(a)-(c) shows the OA obtained with different   for FCM_S1 
algorithm tested in Experiments 1, 2, 3, respectively. 

B. Experiment 1: TM Image of Xuzhou 

 
(a) (b) 

 
(c) (d) 

 
(e) (f) 

 

 
Legend 

 Building and bare soil 

 Woodland 

 Water 

 Farmland 
(g)  

Fig. 11. Dataset and classification results in Experiment 1. (a) TM image of 
Xuzhou [RGB (5, 4, 3)]. (b) Reference image, (c)-(g) Classification maps 
produced by FCM, FCM_S1, FLICM, AMASFC and FLDNICM respectively.

In this experiment, a portion of 272×165 pixels of a 
multispectral Landsat Thematic Mapper (TM) image is used, 
which was acquired on September 14, 2000 (Fig. 11(a)) with a 
resolution of 30m×30m. The studied area is located in Xuzhou 
City, China. Bands 1, 2, 3, 4, 5 and 7 were used for image 
classification. The study area contains four classes: building 
and bare soil, woodland, water and farmland (Fig. 11(b)). The 
testing samples in the reference image were obtained by 
referring to the TM image and land use map in September 2015. 
Specifically, a 1: 2000 land use map collected from Xuzhou 
Municipal Bureau of Land and Resources, which was produced 

on August 2, 2000, was used. Based on the land use map, TM 
image and fieldwork, some reliable test sample points were 
selected to generate the reference map. The parameters values 
in the five considered algorithms are 4c  , 1 5e    and 

=   for FCM_S1. 
Fig. 11(c)-(g) illustrates the classification results derived by 

the FCM, FCM_S1, FLICM, AMASFC and FLDNICM 
algorithms which converged after 30, 90, 81, 79 and 72 
iterations, respectively. As shown in Fig. 11(c), due to mixed 
pixels in the TM image and to spectral variation, FCM 
produces a map with salt and pepper noise and shows the 
weakest performance amongst the five algorithms. When the 
local spatial information and gray level information are 
incorporated into the objective function, FCM_S1, FLICM, 
AMASFC and FLDNICM produce more homogeneous maps. 
In Fig. 11(d) and Fig. 11(e), most of the isolated pixels are 
removed by FCM_S1 and FLICM, but some isolated pixels 
remain. As shown in Fig. 11(e)-(g), FLICM, AMASFC and 
FLDNICM are more effective in removing isolated pixels. 
FLICM and AMASFC remove almost all the isolated pixels 
and achieves satisfactory results, whereas some image details 
are lost. In FLDNICM results, most of the isolated pixels are 
removed and image details are satisfactorily preserved. For 
example, in marked area A, many woodland pixels are 
misclassified as water pixels by FCM, FCM_S1, FLICM and 
AMASFC, whereas FLDNICM produces more accurate result. 
In marked area B, many farmland pixels are misclassified into 
woodland pixels by FLICM and AMASFC, whereas most of 
the pixels are correctly classified into farmland by FLDNICM. 
The advantage of FLDNICM can be similarly illustrated by 
comparison for marked areas C and D. In area C, FLICM and 
AMASFC obtain more homogeneous classification results than 
FLDNICM. However, area C covers woodland with some 
farmland pixels (i.e., heterogeneous). Compared with FLICM 
and AMASFC, FLDNICM correctly contains more details. 
This experiment also illustrates that FLDNICM has advantages 
in classification of both homogeneous and heterogeneous 
landscapes. 

TABLE VI 

COMPARISON OF PA, OA AND KC OF FIVE CLASSIFICATION METHODS 

(EXPERIMENT 1) 

Class 
Number 

of Testing
samples

FCM FCM_S1 FLICM AMASFC FLDNICM

Building and bare soil 1275 93.02% 93.49% 96.24% 94.51% 91.06%
Woodland 1186 93.76% 98.88% 92.50% 97.98% 99.92%
Water 627 98.72% 95.73% 98.41% 97.77% 96.81%
Farmland 2647 80.36% 83.43% 83.26% 85.30% 91.39%

OA 87.95% 90.17% 89.71% 91.33% 93.67%
KC 0.8285 0.8595 0.8534 0.8756 0.9097

The quantitative results are reported in Table VI. As we can 
see, FCM_S1, FLICM, AMASFC and FLDNICM yield higher 
classification accuracies than FCM. Amongst all, FLDNICM 
achieves the highest OA. Taking the OA as an example, 
FLDNICM achieves a value of 93.67%, with gain of 5.72%, 
3.50%, 3.96% and 2.34% over FCM, FCM_S1, FLICM, and 
AMASFC, respectively. 
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FLDNICM achieves the best performance both visually and 
quantitatively for most classes. The reasons may be that FCM 
does not use any spatial information in the objective function, 
thus resulting in poor results on isolated pixels. For the other 
four FCM spatial variants, in FCM_S1 the selection of 
parameter   value is difficult and improper   values pose 
poor constraints on the spatial information in the objective 
function, thus resulting in inaccurate predictions. Moreover, a 
fixed   value also blurs the image features like sharp edges 
while smoothing out noise. In FLICM, the classification of the 
central pixel is greatly influenced by its neighboring pixels but 
the central pixel’s own feature is not fully considered. Thus, it 
may produce over-smoothed results for important structures 
and small patches. In AMASFC, although the   can be 
adaptively determined, the central pixel’s own feature is not 
also fully considered, thus, over-smoothed results often exist in 
the result map. On the contrary, in FLDNICM by introducing 
the trade-off weighted fuzzy factor and prior probability 
function, the weighted factor can be accurately estimated and it 
is not only influenced by its neighboring pixels but also by the 
central pixel. This provides a more accurate trade-off between 
the central pixel and its neighboring pixels. Hence, the 
FLDNICM can reduce the edge blurring artifacts and preserve 
small patches when removing isolated pixels. 

C. Experiment 2: ZY-3 Image of Xuzhou 

In the experiment, a portion of 400×400 pixels of a 
multispectral ZY-3 image is used, which was acquired on 
August 11, 2012 (Fig. 12(a)) with a resolution of 6m×6m. The 
studied area is located in Xuzhou City, China. The four 
multispectral bands of the ZY-3 image were used for image 
classification. The reference image contains building and bare 
soil, greenhouse, water and vegetation (Fig. 12(b)). Based on 
the panchromatic imagery with 2-m resolution, the 
multispectral imagery and the fieldwork, the testing samples 
were extracted (see Fig. 12(b)) in September 2015. The 
parameters used in this experiment are 4c  , 1 5e    and 

=   for FCM_S1. 
Fig. 12(c)-(g) shows the classification results provided by 

the FCM, FCM_S1, FLICM, AMASFC and FLDNICM 
algorithms which converged after 32, 66, 89, 80 and 87 
iterations, respectively. A large amount of salt and pepper noise 
is present in the FCM result due to the missing use of spatial 
information. FCM_S1, FLICM and AMASFC enhance FCM 
results, but show weaker performance than FLDNICM. This 
can be illustrated by referring to marked areas A-D. In marked 
area A and B, many building and bare soil pixels are 
misclassified as water pixels by FCM, FCM_S1, AMASFC, 
and many building pixels are misclassified as greenhouse 
pixels by FLICM. Similar results were obtained in the marked 
C and D areas, where FLICM achieves more homogeneous 
classification result than FCM, FCM_S1 and AMASFC, but 
details are removed while smoothing noise pixels. On the 
contrary, FLDNICM can correctly preserve more details and 
reduce the edge blurring artifacts when removing isolated 
pixels. This experiment also illustrates that FLDNICM has 

advantages in classification of both homogeneous and 
heterogeneous landscapes. 

(a) (b) 

(c) (d) 

(e) (f) 
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Fig. 12. Dataset and classification results in Experiment 2. (a) ZY-3 image of 
Xuzhou [RGB (3, 2, 1)]. (b) Reference image. (c)-(g) Classification maps 
produced by FCM, FCM_S1, FLICM, AMASFC and FLDNICM, respectively.

TABLE VII 

COMPARISON OF PA, OA AND KC OF FIVE CLASSIFICATION METHODS 

(EXPERIMENT 2) 

Class 
Number of 

Testing 
samples

FCM FCM_S1 FLICM AMASFC FLDNICM

Building and bare soil 6289 43.01% 49.85% 71.44% 59.29% 90.32%
Greenhouse 8029 90.66% 93.72% 99.93% 99.79% 98.18%
Water 2697 99.89% 99.94% 98.29% 99.85% 99.07%
Vegetation 12048 93.19% 98.46% 93.84% 93.91% 98.74%

OA 82.26% 86.77% 91.09% 88.30% 96.79%
KC 0.7525 0.8133 0.8722 0.8341 0.9539
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Table VII shows that FLDNICM again produces the highest 
OA and KC values. The accuracy gains of FLDNICM over 
FCM, FCM_S1, FLICM and AMASFC are 14.53%, 10.02%, 
5.70% and 8.49%, respectively. 

D. Experiment 3: QuickBird Image of Xuzhou 

 
(a) (b) 

 
(c) (d) 

 
(e) (f) 
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Fig. 13. Dataset and classification results in Experiment 3. (a) QuickBird image 
of Xuzhou [RGB (R, G, B)]. (b) Reference image. (c)-(g) Classification maps 
produced by FCM, FCM_S1, FLICM AMASFC and FLDNICM, respectively.

In this experiment, a portion of 400×400 pixels of a 
multispectral QuickBird image is used, which was acquired in 
August 2005 (Fig. 13(a)) at a resolution of 0.61m×0.61m. The 
study area covers an urban area in Xuzhou City, China. Three 
multispectral bands (red, green, and blue) were used in this 
experiment. This region of the image was expected to contain 
five classes: road, bare soil, water, vegetation1 and vegetation2. 

The testing samples in the reference map (see Fig. 13(b)) were 
obtained combining the multispectral imagery with some 
fieldwork in September 2015. The parameters used in this 
experiment are 5c  , 1 5e    and =   for FCM_S1. 

The classification results of the five methods are shown in 
Fig. 13(c)-(g) provided by the FCM, FCM_S1, FLICM, 
AMASFC and FLDNICM algorithms which converged after 
42, 73, 50, 47 and 45 iterations, respectively. The FCM result 
contains a lot of noise in the bare soil regions that are 
misclassified as road. FCM_S1 and AMASFC have close 
performance and both show a smaller amount of noise than 
FCM. However, many bare soil pixels are misclassified as road 
(see marked areas A and B). FLICM and FLDNICM are 
superior to the other three methods. Moreover, the 
inter-comparison between FLICM and FLDNICM reveals that 
the latter is better in persevering spatial details (such as thin 
features of the vegetation 1 class in area C and D). 

Table VIII reports the quantitative results. As shown in the 
table, FCM_S1 and AMASFC have similar classification 
accuracies (the OA are all below 86%). FLDNICM produces an 
OA of 92.0%. The accuracy gains of FLDNICM over FCM, 
FCM_S1, FLICM and AMASFC are 13.21%, 8.88%, 4.50% 
and 6.35%, respectively. 

TABLE VIII 

COMPARISON OF PA, OA AND KC OF FIVE CLASSIFICATION METHODS 

(EXPERIMENT 3) 

Class 
Number of 

Testing 
samples

FCM FCM_S1 FLICM AMASFC FLDNICM

Road 3405 89.54% 89.67% 91.51% 90.81% 88.69%
Bare soil 17831 61.67% 62.63% 77.28% 69.91% 85.30%
Water 4322 94.33% 94.15% 98.24% 93.48% 98.36%
Vegetation1 8013 53.39% 81.46% 86.57% 81.77% 92.31%
Vegetation2 19288 99.78% 99.13% 94.22% 99.16% 97.22%

OA 78.79% 83.12% 87.50% 85.65% 92.00%
KC 0.7117 0.7732 0.8309 0.8053 0.8903

 

E. Experiment 4: Salinas AVIRIS Image 

In this experiment, a hyperspectral dataset was acquired by 
the AVIRIS sensor over the Salinas Valley, CA, USA [50]. The 
number of spectral bands is 204 and the used spatial size is 
245×217. The spatial resolution is 3.7-m. Eight classes were 
identified in the area: Brocoli_green_weeds_2, Fallow, 
Fallow_smooth, Fallow_rough_plow, Stubble, Celery, 
Grapes_untrained and Vinyard_untrained. The testing samples 
is available online [50]. The parameters used in the five 
algorithms are 8c  , 1 5e   and =   for FCM_S1. To 
reduce the computational complexity, the principal component 
analysis-based feature reduction was carried out, and the first 
ten components were used. 

Fig. 14(c)-(g) shows the classification results provided by 
the FCM, FCM_S1, FLICM, AMASFC and FLDNICM 
algorithms which converged after 43, 46, 62, 75 and 81 
iterations, respectively. Again, FLDNICM is visually more 
accurate than the other four methods. This can be illustrated by 
referring to marked areas A-D. As shown in Fig. 14(d), without 
considering any spatial information, a large amount of salt and 
pepper noise is present in the FCM result. Compared with FCM, 
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the local spatial constraints-based FCM methods produce more 
homogeneous and satisfactory results than FCM, In Fig. 
14(d)-(f), some image details are lost. The reason may be that 
the central pixel is heavily influenced by its neighborhood 
pixels and its own information is not sufficiently accounted for 
in FCM_S1, FLICM and AMASFC. While the FLDNICM 
method obtains more homogeneous areas and preserves more 
image details than them. This is because the FLDNICM 
provides a more accurate trade-off between the central pixel 
and its neighboring pixels. 

 
(a) (b) 

 
(c) (d) 

 
(e) (f) 

 

 
Legend 
 

 Brocoli_green_weeds_2 
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 Fallow_smooth  
 Fallow_rough_plow 
 Stubble 
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 Vinyard_untrained
(g)  

Fig. 14. Dataset and classification results in Experiment 4. (a) AVIRIS image 
of Salinas [RGB (70, 27, 17)]. (b) Reference image. (c)-(g) Classification maps 
produced by FCM, FCM_S1, FLICM, AMASFC and FLDNICM, respectively.

The quantitative evaluation results are list in Table IX. As 
seen from Table IX, the local spatial constraints 
based-algorithms all yield greater OA than FCM, and 

FLDNICM produces the greatest Overall Accuracy (84.46%), 
with gains of 8.37%, 5.95%, 4.43% and 4.83% over FCM, 
FCM_S1, FLICM and AMASFC, respectively. 

TABLE IX 

COMPARISON OF PA, OA AND KC OF FIVE CLASSIFICATION METHODS 

(EXPERIMENT 4) 

Class 
Number 

of Testing
samples

FCM FCM_S1 FLICM AMASFC FLDNICM

Brocoli_green_weeds_2 3563 92.17% 95.50% 96.15% 95.76% 97.76%
Fallow 1976 52.52% 55.51% 67.11% 83.42% 87.35%
Fallow_rough_plow 1394 99.58% 99.45% 98.49% 97.63% 99.86%
Fallow_smooth 2678 97.60% 95.30% 94.36% 88.84% 93.99%
Stubble 3959 98.10% 99.64% 97.75% 99.85% 97.90%
Celery 3579 99.01% 98.96% 99.02% 98.84% 98.83%
Grapes_untrained 11231 56.94% 60.78% 70.14% 60.40% 78.12%
Vinyard_untrained 7268 68.51% 72.03% 63.11% 73.07% 67.05%

OA 76.09% 78.51% 80.03% 79.63% 84.46%
KC 0.7101 0.7391 0.7562 0.7576 0.8098

 

F. Analysis of the Computational Complexity 

All the four images are used to test the computational time of 
the proposed FLDNICM technique and of other FCM-based 
algorithms. All techniques were tested on an Intel Xeon ® CPU 
X5675 at 3.06-GHz, each algorithm is run ten times on each 
test image and the average times are provided. Table X shows 
the average computational time for the five methods. As one 
can see, the FLDNICM takes the largest time for each image, as 
weightings and effects on the central pixel from its neighboring 
pixels should be calculated at each iteration. However, this 
increase of computational load results in a significant increase 
of the classification accuracy. 

TABLE X 

AVERAGE COMPUTATIONAL TIME OF FLDNICM AND OTHER FCM RELATED 

METHODS (SECONDS) 

No.
Number 

of 
class

Image 
size 

FCM FCM_S1 FLICM AMASFC FLDNICM

1 4 165×272×6 1.68 4.75 18.43 19.14 20.61
2 4 400×400×4 3.26 11.07 60.02 80.08 90.77 
3 5 512×512×3 7.01 21.86 118.75 129.34 138.37
4 8 245×217×10 2.53 9.91 57.81 81.65 90.22

V. CONCLUSION 

In this paper a FLDNICM clustering algorithm for remotely 
sensed imagery classification has been proposed. The proposed 
algorithm can overcome the drawbacks of the well-known 
FCM by incorporating local spatial and gray level information. 
The FLDNICM is effective in removing noise pixels and 
reducing the edge blurring artifacts simultaneously. This 
advantage is due to the introduced trade-off weighted fuzzy 
factor and fuzzy prior probability function, which can provide 
accurate trade-off weighted factors between the central pixel 
and its neighboring pixels. This makes FLDNICM both more 
robust to outliers and effective in preserving details in 
relatively strong noisy environment when compared to other 
FCM with spatial variants. Experiments on three different 
remotely sensed imagery datasets and a gray image with mixed 
noise are conducted to demonstrate the effectiveness of 
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FLDNICM. Compared with existing FCM, FCM_S1, FLICM, 
AMASFC and FLDNICM resulted more accurate both in visual 
and quantitative evaluation for most classes. Therefore, 
FLDNICM is an effective unsupervised classifier for remotely 
sensed imagery. 

In further studies, additional research will be conducted on 
the selection of the initial cluster centers, determining the 
cluster number and reducing the computational cost. 
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