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Abstract—Fuzzy c-means(FCM) has attracted wide attentions
on picture segmentation as its fuzzy attribute matches the
histogram distribution of a picture. However, the fuzzy c-means
for the segmentation of a picture with massy noises is barely
investigated. In this paper, an improved superpixel-based fuzzy
c-means is proposed to segment a massy noise corrupted picture
into more than two classes. Firstly, bilateral ﬁltering is used to
reduce the compact of noises and makes the picture smoother.
Secondly an adaptive method is proposed to fuse the features of
the original picture with ﬁltered features. Thirdly simple linearly
iterative clustering(SLIC) is used to detect the edge of the picture
to avoid over-segmentation. Finally, the histogram-based fuzzy cmeans is used to get the segmentation result. In the experiments,
the results show the proposed method achieves a 0.004 ∼ 0.014
higher mPA and 0.004 ∼ 0.06 higher mIoU than other seven
algorithms. Besides the segmentation results also show that the
over-segmentation is reduced.
Index Terms—Fuzzy C-Means, Massy Noise, Picture Segmentation.

I. I NTRODUCTION
Picture segmentation is a preprocessing step for image
processing. It aims to partition a picture into several parts,
such as objects and background in object detection. Through
it, the next process of an image is more convenient. It’s widely
used in medical auxiliary diagnosis [1], remote sensing [2],
intelligent transportation [3] and so on.
Nowadays, deep learning is widely used to segment picture,
especially for semantic segmentation [4] and instance segmentation [5]. The recognition of object is required while
segmenting for these two segmentation. For deep learning, the
demand of data using to train the neutral net is tremendous,
the cost of collecting these data is also very large. So general
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segmentation still attract a lot of attentions.
General segmentation aims to divide a picture into several
parts according to its color, texture, intensity and so on. There
are many method based on different theories for this task such
as segmentation based on threshold value [6], region-based
image segmentation [7], edge-based image segmentation [8],
image segmentation based on graph theory [9] and so on.
More and more attentions is paid for fuzzy c-means [10]
on image segmentation, as the distribution of a picture’s
histogram meets the deﬁnition of it. Fuzzy c-means aims to
get a membership matrix where each data point is assigned
k memberships, k is the number of clusters, unlike hard
cluster method like k-means which only considers the nearest
cluster center for a data point. However picture is always corrupted by noise including gaussian noise, pepper&salt noise,
multiplicative noise and so on. To suppress the sensitivity
of FCM to noise, neighborhood information is implemented.
Such as FCM_N [11]. But the computation and storage
of the neighborhood cost much, then the simpliﬁcation of
FCM_NFCM_S1 and FCM_S2 [12] which use a ﬁltered picture that can be gotten in advance to implement neighborhood
information are proposed by Songcan et al. After that, to
deeply utilize information in the neighborhood, FLICM [13]
which considers the contextual information is proposed and
its cost on computation and storage becomes much large.
So to simplify the computation, some classic ideas in digital
signal processing or digital image processing are introduced. In
FRFCM [14] and LRFCM [15], morphological reconstruction
is used to processing the noise in advance. In FCM_SICM
[16], bilateral ﬁlter is used in advance. In LRFCM [15], tight
wavelet transform is used to extract features. In FALRCM
[17], local and region-level information is collected in advance

to overcome noise. An advance step to smooth picture, or
suppress noise, or extract feature and so on can not only get a
more accurate result, but consume less resource than making
a change in the the objective function of FCM to get the same
aims.
Superpixel algorithms group pixels into perceptually meaningful atomic regions which capture image redundancy, provide a convenient primitive from which to compute image
features, and greatly reduce the complexity of subsequent
image processing tasks [18]. Motivated by these advantages,
superpixel is used before segmenting by FCM in SFFCM [19].
Meanwhile, an adaptive neighborhood is given by superpixel
which is more reasonable than conventional grid neighborhood. Besides, with superpixel before, histogram-based FCM
[20] can be used which can reduce the computation of FCM as
FCM suffers low convergence speed [21]. So in our method,
superpixel is also used in advance before segmentation. We
compare the superpixel method in SFFCM and simple linear
iterative cluster on fused picture in third part of section two
and choose SLIC.
There are totally four steps in our method, ﬁrstly bilateral
ﬁlter is used to implement neighborhood information, then
an adaptive way is proposed to fuse the original picture and
ﬁltered picture, next SLIC superpixel method is used to presegment the picture. Finally, histogram-based FCM is used to
segment the picture. The details of the motivation regard to
our method is discussed in section three.
The rest of this paper is organized as followings: in the section
two, previous study about FCM and superpixel is given. In the
section three, our method and motivation is given. Then the
experiment result is given in section four. Finally there is a
conclusion.
II. P REVIOUS W ORK
Some previous work and motivation of our work is given
below.
A. Fuzzy C-Means
Based on fuzzy set theory [22], FCM is proposed in 1981
by Bezdek et al. Given a data matrix X = {x1 , x2 , · · · , xn }.
Unlike hard c-means(HCM), the fuzzy c-means aims to get a
membership matrix U . uik is the membership of the xi for
the k-th class. For a clustering task which has c classes. The
objective function of FCM is as follows:
JF CM =

n ∑
c
∑

s.t.

i=1 k=1
c
∑

Euclidean distance to noise and outliers, following method is
used to measure the distance of two samples:
min{∥xi − ck ∥, ε}.

(2)

ε is the threshold value of the distance between data and
clustering center. Besides, to further control the fuzziness,
following objective functions are also proposed:
Besides, to control fuzziness more accurately, m is removed
and some other regularization are also added, such as followings objective functions:
JSF CM =

n ∑
c
∑

uik ∥xi − ck ∥2 + λu2ik ,

i=1 k=1

s.t.

c
∑

(3)

uik = 1.

k=1

JM EF CM =
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c
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uik ∥xi − ck ∥2 − λuik log{uik },

i=1 k=1

s.t.

c
∑

(4)

uik = 1.

k=1

In [23], to get a sparse membership matrix U , a small
λ is used to control the fuzziness. In [24], based on the
maximum entropy approach, −λuik log uik is used to control
the fuzziness. For all approaches to control the fuzziness right
now, the solution of the single term to control the fuzziness
is that all the value in membership matrix is the same, which
is the fuzziest solution and means that the probability of data
belonging to every class is the same.
B. FCM with neighborhood information
However one of the most important challenges need to
overcome noise can’t be processed by fuzzy c-means based
algorithms which only concern single pixel when using FCM
to segment a picture, as the picture is always be confused
by a variety of noises caused by many reason. The noise
don’t reﬂect on a single pixel but on whole picture such as
Gaussian noise, Salt&pepper noise, multiplicative noise and
so on. So the information in the neighborhood of a pixel is
implemented to overcome noise and enhance the robustness
of proposed FCM-based algorithms for image segmentation,
such as FCM_N which is proposed in [11] and has following
objective function:
JF CM _N =

c
n ∑
∑

2
um
ik ∥xi − ck ∥ +



n
c
α ∑∑ m  ∑
2
uik
∥xj − ck ∥ .
Nj i=1
i=1 k=1
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2

(1)

uik = 1.

k=1

ck is the clustering center for the k-th class. m is used
to control the fuzzy degree of the result. Except Euclidean
distance, some other measure methods are also to used to
get different function. In [23], to overcome the sensitivity of

k=1

(5)

xj ∈Ni

Ni is the neighborhood of xi , Nj is the cardinality of Nj . α
is a smoothing parameter. With information in neighborhood,
the impact of some noise can be suppressed. Besides, not only
concerning a single pixel value but pixel around it when clustering can lead a more accurate segmentation result. However
the computational cost is much larger as the neighborhood

of each pixel are different especially for large neighborhood.
In [12], Songcan Chen et al proposed FCM_S1 and FCM_S2
to overcome the drawback of FCM_N. they have following
objective function:
JF CM _S =

n ∑
c
∑

(
)
2
2
um
. (6)
ik ∥xi − ck ∥ + α∥xi − ck ∥

i=1 k=1

For FCM_S1, xi is the i-th pixel value of mean ﬁltered picture.
For FCM_S2, xi is the i-th pixel value of median ﬁltered
picture. the ﬁltering picture can be conveniently computed in
advance and the storage needed is much small than neighborhood.
From the form of FCM_S objective function, the clustering
result can be seen as the result of the fusion of ﬁltered image
and original picture. So a think of fusing original picture
and processed picture is rising, as the original picture has
more features and processed picture can be smoother and
have less noises but meanwhile less feature. In [15], original
picture is fused with morphological closing reconstruction
picture. In [17], original picture is fused with the picture which
incorporate local information and region-level information of
original picture. In [16], original picture is fused with bilateral
ﬁltered picture. In this paper, we proposed an adaptive way to
fuse original picture and ﬁltered picture.
For FCM_N and FCM_S1, only the pixel values in neighborhood are used and they are treated with same weight. But
different pixel in neighborhood is not in the same position
compared to the center pixel and their pixel value is not the
same. So they should not be treated with the same weight. In
[13], Celik proposed FLICM which is shown as followings to
explore a robuster algorithm:
JF LICM =

n ∑
c
∑

α

∑

j∈Ni ,j̸=i

m

(1 − ujk ) ∥xj − ck ∥2
.
dij + 1
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dataset (b) The superpixel result
"100007.jpg" using SLIC

of

Fig. 1. Comparison between the original picture and the picture after SLIC.

area can be seen as the average value of that area and the
histogram-based fuzzy c-means can be used to segment the
picture.
III. ROBUST S UPERPIXEL - BASED F UZZY C-M EANS
A. The proposed method
Our work fucuses on segment a picture which contains a
lot of noises and need to be segmented into several parts.
Previous studies have paid a lot of attention on the robustness
of FCM when using on image segmentation [13], [14], [16],
[17], [26]. The neighborhood information is fused with the
original feature in different ways to get a in these studies. In
our work to implement the information in the neighborhood,
bilateral ﬁltering is used to enhance the robustness which is
also used in [16] to overcome the impact of noises.
Denote g as the original picture, ĝ as the ﬁltering picture. The
ﬁltering kernel of xi is denoted as Ai and Aij is the weight
of xj which is in the neighborhood of xi . Aij is computed as
followings:
Aij = exp(−

2
um
ik ∥xi − ck ∥ +

i=1 k=1

(a) "100007.jpg"
BSD500

dij
∥xi − xj ∥
−
).
σd2
σr2

(8)

(7)

dij is the spatial distance between i-th pixel and j-th pixel.
The weight of neighborhood pixels decreases as the spatial
Euclidean distance increases. In [25], Yuxuan et al use spatial
Euclidean distance in similar way to give different weights to
pixels in the neighborhood.
C. Simple linear iterative cluster
Superpixel method is a preprocessing procedure of image
analysis similar to image segmentation. It can divide picture
into many areas which contain edge, color and intensity
information of a picture. Previous study has applied superpixel
method on image segmentation and get a superior performance
[19].
Simple linear iterative cluster(SLIC) [18] is one of the most
effective superpixel method. It divides a pixel into grid to
select the initial clustering center and transforms image from
RGB space into LAB space, besides the spatial is also encoded
and considered when clustering. In ﬁg: 1, the edge of the the
objects of the picture is detected and the pixel value in an

Then to fuse the original feature with the ﬁltered feature, β and
α are respectively denoted as the weight of original feature
and ﬁltered feature, and the fused picture is denoted as ġ. Then
x̂i and ẋi are respectively the value of ĝ and ġ in the same
position similar to xi for g. ẋ is computed as followings:
ẋi =

βi xi + αi x̂i
βi + αi

(9)

And motivated by the work in [16], an adaptive way is used
to determine the β and α.
αi = ∥x̂i − xi ∥,
βi =

1
.
∥x̂i − xi ∥

After that, SLIC is used to preprocessing and a pre-segmented
picture is got, some results are shown in Fig. 2.
The pixel value in an area is the average pixel value of the
segmented picture in that area. Then the histogram-based FCM
is used to get the ﬁnal segmentation result. The histogrambased FCM is ﬁrstly proposed in [20] which is called enhanced

(a) Original picture

(d) Original picture

(g) Original picture

(b) The result of SLIC (c) The pre-segmented
picture

(a) Picture corrupted by (b) Picture after bilat- (c) Picture after feature
noise
eral ﬁltering
fusing

(f) The pre-segmented
picture

(d) Picture corrupted by (e) Picture after bilat- (f) Picture after feature
noise
eral ﬁltering
fusing

(h) The result of SLIC (i) The pre-segmented
picture

(g) Picture corrupted by (h) Picture after bilat- (i) Picture after feature
noise
eral ﬁltering
fusing

(e) The result of slic

Fig. 3. Some ﬁltering results and feature fusing results. The original pictures
are randomly chosen from BSD500 dataset.

(j) Original picture

(k) The result of SLIC (l) The pre-segmented

Fig. 2. Some results of pre-segmented pictures, the original pictures are
randomly chosen from BSD500 dataset.

fuzzy c-means(enFCM). The objective function of enFCM is
as followings:
JenF CM =

q ∑
c
∑

2
γ l um
kl ∥x̄l − ck ∥ .

(10)

l=1 k=1

q is the area number of pre-segmented picture. x̄l is the
average pixel value of that area. γl is the pixel number of
the l-th area.
q
∑
γl = n
l=1

holds. It does a segmentation on pixel level and avoid mass
repeated computation for the same pixels. These characteristics
make enFCM just suitable for pre-segmented images and
enFCM is proposed to overcome the low speed of FCM which
is caused by that the clustering center of FCM is dragged by
every data point other than a deﬁned number of data points
like k-means [21]. So our method is also faster than FCM not
based on histogram.
In all, ﬁrstly bilateral ﬁltering is used to implement information in the neighborhood. Then fuse the original feature
with the ﬁltered picture by (9) to ensure the feature in the
original picture isn’t lost. Next the SLIC is used to do a presegmentation which is shown in Fig. 2. Finally the enFCM is
used to segment on the pre-segmented picture.

B. The motivation of using bilateral ﬁltering and the proposed
adaptive way to fuse features
1) The motivation of using bilateral ﬁltering: Bilateral
ﬁltering is proposed by Tomasi et al [27]. Compared to
some conventional ﬁltering method such as average ﬁltering,
median ﬁltering and Gaussian ﬁltering, it can preserve strong
edge while smoothing the picture. Some conventional ﬁltering
methods are realized by taking the relationship of the spatial
coordinate between pixels in the center pixel’s neighborhood
into account. And some phantom colors along edges is generated which affects subsequent processing procedures. Bilateral
considers the intensity relationship between pixels, the weight
in the ﬁlter deceases both the spatial distance and intensity
difference.
In our method, superpixel is used to pre-segment the picture,
so the edge needs to be preserve for more accurate result
of superpixel. Bilateral ﬁltering exactly ﬁts the requirement.
And previous study also show the strong capacity of bilateral
ﬁltering when processing noise and then segmenting a picture
[16]. But the time complexity of bilateral ﬁltering is O(n4 ).
To accelerate our method, the a fast approximation which is
proposed by Sylvain Paris et al [28] is used. It adds a intensity
dimension in the original signal, bandwidth and sampling is
used, and bilateral is expressed as linear convolution followed
by two nonlinearities. The results of bilateral ﬁltering in Fig.
3.
2) The motivation for proposing the adaptive way using to
fusing feature: For FCM with neighborhood information, the
information in the neighborhood is fused with original center
pixel in many different way. For FCM_N, FCM_S1, FCM_S2,
FLICM, the fusion of neighborhood information and original
center information is reﬂected in the objective function. By

minimizing the term implementing the neighborhood pixel
together with the term with term relating to original center
pixel, the fusion of original information and neighborhood
information is guaranteed. However, this way can bring much
consumption of computing resource especially for large neighborhood. So a pre-process for a picture before segmentation
is encouraged.
Many ways to preprocessing a picture before segmentation
are used, Such as FRFCM [14], LRFCM [15] and so on.
For FRFCM, morphological reconstruction is used to suppress
noises. For LRFCM, morphological reconstruction is used and
wavelet transform [29] is used to extract features, besides
to fuse the original picture and picture after morphological
reconstruction, following equation is proposed to get a prefusing result:
g + αĝ
.
ġ =
(11)
1+α
In FCM_SCIM, an adaptive weight strategy is proposed which
the weight is determined according to the ﬁltered pixel value
and original pixel value. Our method uses the strategy in [16]
and the way to fuse is (9).

(a) Result of MMGR-WT

(b) Result of SLIC

(c) Result of MMGR-WT

(d) Result of SLIC

(e) Result of MMGR-WT

(f) Result of SLIC

C. The motivation of using SLIC
Superpixel can detect the edge of an object in the picture, it
divides picture into many parts and reﬂects the picture’s some
deep feature like intensity texture and so on. Using superpixel
before FCM can be seen as assigning each pixel to an adaptive
neighborhood area, so the robustness of the whole algorithm
is improved.
However, the time consumption of superpixel is high. To
accelerate our method, we use simple linear iterative clustering
(SLIC) [18] whose complexity is increased along the scale of
problem linearly. Besides, SLIC’s performance is also better
than other superpixel method such as MMGR-WT which is
used in SFFCM [19]. The results of MMGR-WT and SLIC
are compared in Fig. 4.
In [19], it’s shown that MMGR-WT is faster than SLIC. But
it’s shown the MMGR-WT’ performance is much worse when
using it on the noise corrupted picture. So SLIC is used. In
all, SlIC is used both as its speed and its performance on the
noise corrupted picture.

Fig. 4. Comparison between SLIC and MMGR-WT, the results are from the
fusion results in Fig. 3.

parameter in these github repositories. The dateset used in the
experiment is BSD500 [30]. As our work fucuses on noise
corrupted picture, so 10% gaussian noise, 10% pepper&salt
noise and 10% speckle noise are added. The ground truth of
each picture is not exclusive. An noise corrupted pictures and
its ground truth are shown in Fig. 5.

(a) Picture corrupted by
noises

(b) Ground truth 1

(c) Ground truth 2

(d) Ground truth 3

(e) Ground truth 4

(f) Ground truth 5

IV. E XPERIMENT R ESULT
A. Comparison algorithms and dataset
Eight algorithms are used to compare with the proposed
method(RSFCM), they are FCM, DSFCM_N1 [25], FRFCM2
[14], SFFCM3 [19], RSSFCM4 [26], FCM_SICM5 [16] and
FALRCM6 [17]. The parameter of these algorithm is the
1
2
3
4
5
6

https://github.com/zhangyuxuan1996/DSFCM_N
https://github.com/jiaxhsust/Signiﬁcantly-Fast-and-Robust-FCM-Based-onMorphological-Reconstruction-and-Membership-Filtering
https://github.com/jiaxhsust/Superpixel-based-Fast-Fuzzy-C-MeansClustering-for-Color-Image-Segmentation
https://github.com/jiaxhsust/Robust-Self-Sparse-Fuzzy-Clustering-for-ImageSegmentation
https://github.com/wqshmzh/FCM_SICM-Algorithm
https://github.com/wqshmzh/FALRCM-Algorithm

Fig. 5. "118035.jpg" and its ground truth in BSD500.

B. Index
Pixel Accuracy(PA), Mean Pixel Accuracy(mPA) and mean
Intersection over Union(mIoU) are used to measure the performance of our method and they can be gotten by following
equation:
TP + TN
.
(12)
PA =
all

Denote pkκ as the quantity that belongs to the k-th category
but is predicted to be in κ-th category.
1 ∑ pkk
∑c
c
κ pkκ
c

mP A =

(13)

k=1

mIoU =

1
c

c
∑
k=1

∑c
κ

pkκ +

pkk
∑c
κ

(14)

pκk − pkk

C. Results
TABLE I
T HE PA ON THE DATASET BSD500.
N
FCM
FALRCM
FRFCM
FCM_SCIM
SFFCM
RSSFCM
DSFCM_N
RSFCM

100
0.1896
0.1782
0.1963
0.1812
0.1971
0.1087
0.2067
0.2114

200
0.1707
0.1642
0.1777
0.1708
0.1795
0.1202
0.1909
0.1856

300
0.1583
0.1669
0.1740
0.1565
0.1638
0.1206
0.1808
0.1681

400
0.1556
0.1614
0.1652
0.1528
0.1575
0.1296
0.1749
0.1643

500
0.1593
0.1634
0.1654
0.1591
0.1594
0.1271
0.1760
0.1650

TABLE II
T HE M PA ON THE DATESET BSD500.
N
FCM
FRFCM
FCM_SCIM
FALRCM
SFFCM
RSSFCM
DSFCM_N
RSFCM

100
0.1882
0.1948
0.1811
0.1772
0.1874
0.0796
0.1923
0.2175

200
0.1680
0.1710
0.1722
0.1670
0.1693
0.0761
0.1749
0.1879

300
0.1572
0.1619
0.1581
0.1634
0.1569
0.0752
0.1653
0.1700

400
0.1549
0.1520
0.1562
0.1540
0.1512
0.0793
0.1588
0.1657

500
0.1593
0.1525
0.1635
0.1571
0.1552
0.0788
0.1610
0.1656

TABLE III
T HE M I O U ON THE DATESET BSD500.
N
FCM
FRFCM
FCM_SCIM
FALRCM
SFFCM
RSSFCM
DSFCM_N
RSFCM

100
0.0783
0.0830
0.0793
0.0779
0.0831
0.0329
0.0828
0.1010

200
0.0689
0.0726
0.0751
0.0743
0.0746
0.0346
0.0750
0.0858

300
0.0625
0.0682
0.0677
0.0745
0.0683
0.0346
0.0699
0.0766

400
0.0610
0.0643
0.0663
0.0713
0.0654
0.03662
0.0672
0.0755

500
0.0631
0.0651
0.0692
0.0719
0.0668
0.0363
0.0683
0.0754

In the TABLE I II III, It’s shown that the proposed method
has a better performance on mPA and mIoU and for PA, the
proposed method ranks ﬁrst or second. And some segmentation results are shown in Fig. 6. The over-segmentation is
reduced as it can be seen.
V. C ONCLUSION
In this paper, we develop an improved superpixel-based
fuzzy c-means(RSFCM) to segment a color picture which
contains mass noises. And adaptive way to fuse processed
picture and original picture is proposed and SLIC is combined

with histogram-based fuzzy c-means to get a reasonable segmentation results. Finally the experiment results show that the
proposed method does have a better performance than other
seven algorithms on PA, mPA, mIoU.
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