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Abstract-In this paper wk have used two fuzzy clustering algorithms,
namely Fuzzy C-Means (FCM) and Gustafson Kessel Clustering
(GKC) for unsupervised change detection in multitemporal remote
sensing images. In conventional FCM & GKC no spatio-contextual
information is taken into account and thus the result is not so much
robust to noise/outliers. By incorporation of local neighborhood in-
formationthe performanceof the algorithms is enhanced. In this work
we have used two different techniques for incorporation of local infor-
mation. Change detection maps are obtained by separating the pixel-
patterns of the difference image into two groups. To show the effec-
tivenessof the proposedtechnique, experiments are conductedon three
multispectral and multitemporal remote sensing images. Results are
comparedwith those of existing Markov Random Field (MRF) & neu-
ral network based algorithms and are found to be superior. The pro-
posed technique is less time consuming and unlike MRF does not
need any a priori knowledgeof distribution of changed and unchanged
pixels (as required byMRF).
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l.INTRODUCTION

In remote sensingapplications, change detection is the process
of identifyingdifferences in the state of an object or phenom-
enon by analyzing a pair of images acquired on the same geo-
graphical area at different times. This is useful to identify veg-
etation changes [I], monitoring shiftingcultivations, studies on
land-usefland-cover dynamics [2), burned area assessment
[3], monitoring urban growth [4] etc.

Changedetection maybe done either in supervised or in un-
supervised manner [I), [3]-[II]. Relevance of unsupervised
techniques is more than supervised ones for this problem as in
most ofthe cases we do not have the ground truth information.
Wecan viewunsupervised change detection problem as a clus-
tering problem where the task is to discriminate the data into
twogroups changedand Ifflchanged.

.Corresponding author

Before performing change detection between two
multitemporal images, a certain degree of pre-processing is
needed because of co-registration error, radiometric and geo-
metric errors [8]. After pre-processing, the multitemporal im-
ages are taken as input and compared pixelby pixelto generate
another image, called the difference image (01), using different
spectral bands. Among various methods, CVA(i.e.ChangeVec-
tor Analysis) is the most popular one [8] and is used in our
study also.

Change detection can be done either using context-insensi-
tiveor context-sensitiveprocedures.Histogramthresholding [3],
[11] is of the fIrStkind. The threshold value may be selectedby
manual trial-and-error(MTET) process or by automatic tech-
niques to analyze the statistical distribution of the 01, where
spatial correlation between the neighboring pixels is not taken
into account. Most of the context-sensitivetechniques [5], [6],
[10] are based on MRF and require the selection of a proper
model forthe statisticaldistributions of changedand unchanged
classes. They can overcome the drawbacks of context-insensi-
tive approach. A few context-sensitivetechniques using neural
networks are suggested recently [8], [9), [12), [13].

In order to overcome the limitations imposed bythe needof
selecting a statistical model for changed and unchangedclass
distributions,wepropose an unsupervised, distribution freeand
context-sensitive change detection technique based on fuzzy
clustering. Our attempt here is to recover the changedand un-
changed regions of the 01 by constructing two clusters. It is
observed that patterns from these two clusters are massively
overlapped in the feature space and hence the pixels of the DI
are not separable by sharp boundaries. As fuzzy clusteringap-
proach is more appropriate and realistic to separate overlap-
ping clusters, we have chosen it to have a better judgement on
the two groups.

Now.in image clustering applications FCM or GKC should
be treated slightly differently from data clustering. The pixels
are normally highlycorrelated to their neighbors in imagespace.
This should be exploited for more efbIciency.The homogene-
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ous and inhomogeneous regions (in context with grayvalues of
pixels) in one image do not bare the same inform:ition and we
shouldbe careful to consider this constraint in imageclustering
applicationswhichis overlookedin conventionalFCM or GKC.
Tomake these processes spatiocontextuallysensitivethe degree
of homogeneityin imagespace should be taken into account by
which we can make these algorithms more suitable to process
one image. In order to incorporate the spatial information the
original objective function of FCM or GKC can be modified
[14J, [15J or the image can be reformed by some technique
[16J to influence the label of a pixel by its immediate
neighborhood.

Twodifferent criteria are suggested in our present unsuper-
vised context sensitivechange detection approach for incorpo-
ration oflocal information. In the fIrst one (Method-I, Sec. 3.1)
a re-defmitionof the objective functional of the standard fuzzy
clustering is taken into account for optimization. By averaging
the pixel gray values over the local window, the local
neighborhood information is incorporated here. In this method
the amount of local information incorporated can be control-
led explicitly.But the amount is constant for the whole image
space. This is a serious drawback of this approach and is over-
come by the second method (Method-n, Sec. 3.2).

In Method-II a pre-computation is done on the DI to gener-
ate patterns before clusterings. A pattern in the feature space
represents a pixel in the image (DI) space. The pre-computa-
tion incorporates the local neighborhood information to the
pixels of the DI, thus yielding pixel-patterns. Mter generating
the patterns they are subjected to clusterings to identify their
class labels (changed or unchanged). Local information is in-
corporated here in such a waythat the amount can vary from
pixel to pixel automatically depending upon the degree of ho-
mogeneity ofits surrounding pixels (overa fIxedwindow). This
makes this method more robust in noisy environment and ex-
perimemal results show that this technique is more efftcient
than the former one.

To assess our proposed technique, experiments are carried
out on three real world data sets and compared the results with
those obtained by already published work. The proposed tech-
nique has an edge with respect to both error and time require-
ment.

2. CLUSTERING

Cluster analysis partitions a data set into a reasonable number
of disjoint groups, where each group contains similar patterns.
The partitions are such that patterns are "homogeneous" within
the clusters and "heterogeneous" between the clusters.

2.1 Hard C-Means (HCM) Clustering

One of the simplest clustering techniques is HCM clustering.
In this method, from a set of patterns, c number of patterns are
randomly chosen as initial cluster centers. In each iteration the
patterns are assigned to the cluster having the nearest center;
and the centers are updated accordingly. The centers are arith-

metic mean of the patterns assigned to a cluster at the previous

iteration. Thus, if V =[Vl' V2'it veJ, includes c number ofvec-
tors vp( vp I :5i:5 c) of cluster centers, then after the first itera-
tion Vibecomes the arithmetic mean of the patterns assigned to
the ilb cluster. This process continues until the centers become
stable (the difference of the values in two successive iterations
becomes less than e, a predefmed small positive constant) i.e.
ilo changes occur from the partitioning point of view.

The HCM algorithm basically minimizes the following ob-
jective function

c n

J(XjV) = LLII(Xk -vi)112,
i=1 k=1

(1)

where X =[Xl' X2' ..., xnJ, Le.,X includes n unlabeled objects
andxkisthe Khunlabeledobjectwith II(xk-Vi)112(Euclidean
norm) as the dissimilarity measure between xk and the P
cluster.

2.2Fuzzy Clustering

In fuzzy clustering the elements are assigned not only to one
cluster, but to all the clusters with certain degree of belonging.
This belongingness to groups is not hard/crisp, rather soft and
gradual and is represented by a numeric value between 0 to I
(called, "membership grade"). Amongst various fuzzy cluster-
ing algorithms, Fuzzy C-Means (FCM) [17J is the basic one.
As it has some limitations, several algorithms have been devel-
oped further to improve its performance [18].

2.2.1 FuZ1J'C-MeansClustering(FCM)

FCM attempts to fmd fuzzy partitioning of a given pattern-set
by minimizing the followingobjective function

c n

Jm(Xj U,V) = L Z)J.Lik)mll(Xk- vi)112
i=1 k=1

(2)

where D, the fuzzy partition matrix, is computed as
D = [J.likJE Mfen'

2::~=1 (J.Lik)mXkv. -. - "n ( )m
L...k=1 J.Lik

(3)

and the membership value of the ~ element belonging to the
P cluster, J.lik>is expressed as

J.Lik= 1

2::;=1 (~) (m~l) ,
(4)

with dik = ~ and m(> I) as a parameter, called
fuzzifier. Efficiency of FCM is highly dependent on the proper
selection of the fuzzifier.For m >> I the process is more fuzzy.
During optimization of Jm(X; U, V), followingtwo constraints
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must be satisfied, (i) L~=l J-tik= 1 and (ii) J.likE [0, 1].Note
that, HCM is a specialcase ofFCM with J.lU:=° or 1,V i and k.

Though FCM is famous for its simplicity,it tends to recover
clusters with similar sizes and circular shapes. When clusters
have non-spherical (ellipsoidal/linear varieties) shapes, FCM
fails to providegood performance.

2.2.2 Gustafson-Kessel Clustering (GKC)

Since FCM employs Euclidean norm to measure the dissimilar-
ity between patterns and cluster centers, only spherical shapes
can be recovered using FCM. Gustafson and Kessel introduced
[18] adaptive distance norm to measure the distance between
clusters using covariance matrix of the cluster centers. Using
GKC ellipsoidal shapes could be detected. Each cluster has its

own norm-inducing matrix Ai, a positive definite symmetric one,
for automatically adapting the shapes of the clusters. The fuzzy

covariance matrix Fi of the fb cluster is expressed as

Fi = L~=l (J-tik)m(Xk- Vi)(Xk- Vi)T
L~=l (J-tik)m .

The distance, DikA;is represented as

DikAi = V(Xk - Vi)T Ai(Xk - Vi),

where Ai = [pidet(Fj) 1/1/Fj-I, 11is the dimension of patterns and
Pi is a predefmed constant which controls the shape of the cor-
responding cluster restraining its size.

The membership,J.likand the objectivefunction, Jmhavesimi-
lar forms of the FCM using DikA;instead of dilc It is noticeable
that in the first step of the algorithm, though U is initialized
randomly, Pi has to be set reasonably to catch up proper shapes
of the clusters during optimization.

3. INCORPORATION OF NEIGHBORHOOD INFORMATION

Incorporation oflocal information can be done in various ways
and several methods are suggested to do so [14] - [ 16]. Most of

the works are related to image segmentation and people are
successfulto enhance the performance by applyingspatial con-
straints. Wehave adopted two of them for our purpose and it is
observed from the results that they are useful also for change
detection of remotely sensed images.

3.1 Method-l

Ahmed et al. [14] modified the conventional FCM objective
function which can be written as

c n

Jm(X; U, V) = L L(J-tik)mll(Xk- vi)112
i=l k=l

c n

+:: LL(J-tik)m L II(xr-vi)112.
R i=l k=l rENk

So, Jm(X; U,.V) is optimized here instead of Jmthat we have
defmed earlier in eqn. 2.

Eqn. 7 consists of two parts. The first part is the same as
standard FCM. The second part is for incorporating
neighborhood information. xt>xrrepresent the graynlue of JCh
pixel and neighborhood of it respectively. NR' Nt are the
cardinality and set of neighbors falling into a window around
Xc

The expressions for J.likand Vi(by solving 7) are as follows

J-tik= 1

L~ (d~k+FRl'i )
(m~l) ,

}=1 d2 + '"
]k NRl'j

(8)

where "Yi = LrENk II(xr - vi)112,denotes the summed up
deviations of the pixelsfallinginto the local window of JChpixel
from jthcluster prototype,

and
(5)

L~=l (J-tik)m(Xk + N; LrENk Xr)
Vi =

(1 ) "",n ( )m .
+ a uk=l J-tik

(9)

(6) Thus by averaging the neighborhood gray values, the local
information is incorporated in this method. a controls the ef-
fect of the neighborhood term.

This method is designated as FCM_S (FCM with spatial
constraints) in literatures [15], [16]. Wehave used FCM_S and
GKC_S (by changing the distance measure from Euclidean to
a scaled Mahalanobis one) for our problem.

The bottlenecks of the above mentioned process are that the
amount of neighborhood information taken from immediate
neighbors is constant for everypixel (because a is constant for
whole of the process) and at everyiteration we haveto compute
the corresponding term. It may not be true for an image that
the spatio-contextual relation between pixels (obviously for a
fixed window) is the same for all the portions ofthe image.So,
instinct suggests that it should be varied from zone to zone or
better if varied from pixel to pixel.

3.2 Method-II

(7)

In literature [16] ways have been suggested to overcome the
disadvantages of Method-I. Here Cai et al. [16] had applied
successfully their method for image segmentation and desig-
nated it as FGFCM (Fast Generalized FCM). They haveused
the concept of precomputing a ftltered image and to consider
only the gray levelsto be identified by FCM which is the same
as in EnFCM (Enhanced FCM, Szil6gyiet al. [19], where an
effort has been made to speed up FCM Sby clusteringthe gray
levelhistogram). They have introduced a local similaritymeas-
ure (SkI'described later) between center and surroundingpixels
over a window to replace 3H,which is varied pixel to pixelto
catch up the local statistics of imagevery well.Usingthis meas-
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ure the input image is converted to a linearly weighted sum
imageusing the followingformula.

(: - l:rENk SkrXr
~k -

l:rENk Skr
(10)

where ~k is the processed gray value incorporating the local
constraint corresponding to the input gray value of pixel xk (win-
dow center).

Cai et al. have defmed Sir in such a way that it can adopt the
variation in shape of window. For square window (offtxed size
for all the pixels) we can ignore this constraint and can con-
sider only what they have called as gray level relationship (i.e.
the spatio-contextual relation) which takes care of compensa-
tion of intensity inhomogeneity within the local window.

Sir can be expressed as

[

-IIXk - xrll2

]Skr = exp >"9x a~_k (11)

where O'g_kis as

a 9_k = (12)
l:rENk IIxr - xkll2

NR

Aydenotes the global scale factor of the spread of Skj Param-
eter 0'8 k is a function of the local density surrounding the cen-
tral pixel and its value reflects gray value homogeneity of the
local window [16].

After generating patterns using eqn. 10 (instead of using gray
levels) we have clustered them taking c=2 by HCM, FCM, &
GKC and named the processes as RHCM, RFCM & RGKC
respectively, where 'R' denotes "Robust".

4. EXPERIMENTAL REsULTS

To assess the effectiveness of the proposed approach, we con-
sidered three multitemporal remote sensing data sets correspond-
ing to geographical areas of Mexico, Sardinia island, Italy and
Peloponnesian Peninsula, Greece [8]. Similar fmdings were
obtained for all these data sets. Considering the space limita-
tions, here we have presented results for only Sardinia data set.

We have presented comparative analysis of the performances
of our proposed algorithms with those of one context-insensi-
tive technique (namely MTET) and two context-sensitive tech-
niques. MTET produces a minimum error change detection map
by fmding an optimal decision threshold for DI assuming pixels
are independent in spatial domain. The change detection tech-
nique presented in [3], where EM is combined with MRF (in
this article it will be referred as EM+MRF) and a technique
based on 'Hopfield-Type Neural Networks' [8] (HTNN) are
considered as context-sensitive techniques for comparison.

The data set used is composed of two multispectral images
acqui:"edby the Landsat Thematic Mapper (TM) sensor of the
Landsat-5 satellite in September 1995 and July 1996.The test
site is a section of 412Q300 pixels of a scene including lake
Mulargia on the Island of Sardinia (Italy) (Fig. 1). The corre-
spondingdifferenceimageand the referencemap are alsoshown
in Fig. 1.The change detection maps obtained by the HCM,
FCM and GKC are shown in Figs. 2 (a), 2 (b), 2 (c) respec~
tively.The same ,obtained by FCM_S & GKC_S are shown in
Figs. 3 (a) & 3 (b) and by RHCM, RFCM & RGKC are shown
in Figs. 4 (a), 4 (b) & 4 (c) respectively.

DD
~

(d)

Fig. 1. Image of Sardinia island, Italy. (a) Band 4 of the Landsat TM image

acquired in September 1995, (b) band 4 of the Landsat TM image acquired

in July 1996, (c) difference image generated by CVA technique using bands

1,2,4, & 5; and (d) reference map of the changed area.
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Fig. 2. Change detection maps obtained by (a) HCM, (b) FCM, and (c)
GKC.
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Fig. 3. Change detection maps obtained by (a) FCM_S, (b) GKC_S,
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Fig. 4. Change detection maps obtained by (a) RHCM, (b) RFCM, and
(c) RGKC.

TABLE 1

MISSED ALARMS, FALSE ALARMS AND OVERALL ERROR FOR SARDINIA DATA SET

Quantitative analysis is carried out in terms of overallerror
(OE), number offalse alarms (Le., unchanged pixels identified
as changed ones -FA) and missed alarms (Le., changed pixels
categorized as unchanged ones -MA). It is better to have less
missed alarms because it denotes the actual changes that the
algorithm failed to detect. Also overall error should be mini-
mum.

We have compared the change detection map created by
HCM, FCM & GKC, Method-I (FCM_S & GKC_S) and
Method-II (RHCM, RFCM & RGKC) with the ground truth
image (used as reference map) and put the results in Table I.
For fuzzytechniques, the value of m affectsthe results. Here we
have presented the best results, obtained byvaryingm. For GK
type algorithms (GKC, GKC_S, RGKC) Pl' affect the results
and we set them accordingly.Regarding the local-information
sensitiveprocesses we have set the other parameters also show-
ing best results (e.g. for FCM_S & GKC_S, a and for the "Ro-

bust" versions,Ag).For all the experiments,eis set to 0.0000001.
From the table it is seen that when clusterings are applied

on the pixel (gray) values ofDI (i.e.without local information)
fuzzy clusterings (FCM or GKC) are better than the crisp one
(HCM). FCM and FCM_S (this shows the same performance
as FCM) did not do better than the pre-proposed methods
(EM+MRF and HTNN). To have better efficiency than those
obtained by the techniques proposed earlier, either we have to
adopt GKCfGKC_S or the "Robust" versions of the standard
clusterings (RHCM, RFCM, RGKC).

Basically we have two issues in this work: the fuzzy clusterings
and contextual information. It is evident from the results that

incorporation of local spatio-contextual information may be so
applicable for change detection purpose that just by using sim-
ple hard clustering (RHCM) we can achieve more efficiency
than pre-suggested methods HTNN, which is not so easy to
make out and EM +MRF, having high computational burden.

Now if we compare our proposed fuzzy techniques for change
detection we can see that for Method-I though FCM_S is infe-
rior, GKC_S is powerful to handle the situation. Results from
Method-II i.e. the robust version of the standard clusterings are
also well enough. The consistency is maintained here; RHCM,
RFCM and RGKC are showing better performances respectively
as in without incorporating the local information. Overall error
incurred by RFCM is less than that obtained by RHCM; and
RGKCincurredthe leasterror. .

Now it is worth noting that though FCM Sis not efficient to
capture the distributions for the two classes (changed and un-
changed), RFCM shows significant efficiency. In FCM S the
amount of information taken from the neighborhood is con-
stant for the whole image space, which is varied from pixel to
pixel in Method-II. Then what may be the cause, in Method-I
GKC S is better than the other (FCM S)! It is seen that the
performance of GKC is also not so bad (comparable with
RFCM) and among all the techniques RGKC is the best. This
suggests that the two classes in this application are not point
like structures rather are ellipsoidal. As GK type clusterings
(GKC, GKC_S and RGKC) can handle non-spherical clusters
also by employing Mahalanobis distance they produced better
results.

From the abovediscussionwe can suggestthat to solvechange
detection problem if we combine the knowledge from immedi-
ate neighborhood of the pixelswith fuzzy clustering the output
can improve. It is much better if the context-sensitivefuzzy al-
gorithms consider the local homogeneity around each pixel,
because the robust techniques are more efficient to detect
changes. The overall error by the RGKC is less than fifty per-
cent than that incurred by the existing techniques. Moreover
the existing algorithms require either the assumption of distri-
butions of classes and is very time consuming (in EM+MRF
and HTNN) or needs much more effort to implement (in
HTNN). On the other hand, the proposed technique does not
require any a priori knowledge of the data distributions and is
very fast.

5. DISCUSSION AND CONCLUSION

Unsupervised context-sensitive techniques using fuzzy cluster-
ing algorithms for detecting changes in multitemporal,
multispectral remote sensing images have been proposed. In-
corporation oflocal information further enhances the algorithms
and makes the algorithms robust. The proposed fuzzy cluster-
ing techniques have advantages over context-sensitive process
presented in [3J (EM+MRF) as they are distribution free (need

-... . -

Techniques used MA FA DE
MTET 2404 2187 4591
HCM 304 3877 4181

FCM (m - 1.1) 382 3143 3525
FCM S (m - 1.1,a - 0.1) 382 3143 3525

HTNN 558 2707 3265
EM+MRF (f3 - 1.5) 946 2257 3203

RHCM (A9 - 1) 535 2477 3012
GKC (m - 2, PI - 3.5, P2 - 1) 1015 874 1889

RFCM (m - 1.1, Ao - 1) 1007 834 1841
GKC S (m - 2, PI - 3.5, P2 - 1, a - 0.5) 1127 635 1762
RGKC (m - 2, PI - 3.5,P2 - 1, A9- 0.5) 1160 404 1564
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not require any explicit assumption about the underlying two
classes, changed and unchanged) as well as they are less compu-
tation intensive. Compared to another context-sensitive tech-
nique proposed in [8] (HTNN), the fuzzy techniques proposed
here are very simple, easy to implement and have improved per-
formance. Since the changed and unchanged classes normally
have overlap between them, fuzzy clusterings have been found
to be very useful.

Although fuzzy clustering techniques are well suited for
change detection of remotely sensed data, there are some una-
voidable problems also, like proper selection of the values of m

and PI>.Domain knowledge may be useful in fIxing up their
values. For GKC, constant values of PI>suggest constant vol-
umes of clusters though the shapes of the clusters vary through-
out the process. Now, if the volumes can be varied adaptively by
some algorithm then we may get better results. In future we
hope to explore it.
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