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Abstract

Multispectral images such as multispectral chemical images or multispectral satellite images provide detailed data with
information in both the spatial and spectral domains. Many segmentation methods for multispectral images are based on a
per-pixel classification, which uses only spectral information and ignores spatial information. A clustering algorithm based
on both spectral and spatial information would produce better results.

In this work, spatial refinement clustering (SpaRef), a new clustering algorithm for multispectral images is presented. Spatial
information is integrated with partitional and agglomeration clustering processes. The number of clusters is automatically
identified. SpaRef is compared with a set of well-known clustering methods on compact airborne spectrographic imager
(CASI) over an area in the Klompenwaard, The Netherlands. The clusters obtained show improved results. Applying SpaRef
to multispectral chemical images would be a straight-forward step.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction segmentatiof2]. In vegetation areas, the gradient may
change very slowly from one vegetation type to an-
Clustering is the organisation of a data set into ho- other. This makes it very difficult to identify a border
mogenous and/or well separated groups with respectbetween clusters, leading to clusters scattered in the
to a distance or, equivalently, a similarity measure. Its spatial domain, which makes interpretation very dif-
objective is to assign to the same cluster data that areficult. This is also true for multispectral chemical im-
more close (similar) to each other than they are in dif- ages. What is needed is a clustering method that takes
ferent cluster§l]. In multispectral satellite images, or-  both spectral and spatial information into account.
ganising the data pixels into classes, also called image Clustering methods fall into two types: parti-
segmentation, can reveal the underlying structure of tional and hierarchical approachgs]. Variants of
the images, i.e. spectrally homogeneous characteris-K-clustering, such a¥-means, ISODATA[3], and
tics. This information can be used in a number of ways, Fuzzyc-meand1], are the partitional clustering meth-
e.g. to obtain optimum information for the selection ods that are most widely used for satellite images.
of training regions for subsequent supervised land-use K-clustering is computationally attractive, which
makes it applicable for large data sets, but it is very
_— sensitive to small clusters and outliers, i.e. noise or
* Corresponding author. Tel+31-24-3653192; . . . . . .
fax: +31-24-3652653. mixed pixels (pixels containing information from
E-mail addresses: tnthanh@sci.kun.nl (T.N. Tran), two or more classeg}]. Agglomerative hierarchical
Ibuydens@sci.kun.nl (L.M.C. Buydens). clustering (AHC) works well with small data sets
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and can handle outliers very well but its computation
is very expensive and therefore it is not feasible for
a large data set. Moreover, it also has a ‘chaining’
problem for a complex data sg]. In several papers,
these clustering methods are compaj2@] but the
fundamental problems remain. In other research, ag-
glomerative hierarchical clustering is performed on a
number of homogenous classes with an assumption
of uniform neighbourhoods in the dataset in order to
avoid the limitations of agglomerative hierarchical
clustering, which is not true in general ca$ék

In this study,K-clustering and agglomerative hier-
archical clustering are analysed. Their advantages as;
well as limitations are illustrated. A new clustering al-
gorithm, spatial refinement clustering (SpaRef), is de-
signed to take advantage of the characteristics of both
clustering methods and eliminate their potential lim-
itations. SpaRef can work with a complex and large
dataset, including small objects and outliers. Briefly,
SpaRef method works as follows. First, a high num-
ber of small, homogeneous clusters are identified by
K-means. These so-called cells are clustered using
agglomerative hierarchical clustering and the optimal
number of clusters is identified based on the ratio of
the within- and between-cluster variation. Our main
contribution, the refinement process, is introduced at
the last stage. It reallocates mis-assigned points using
the information of points in the spatial domain.

First, we will discuss relevant characteristics of
K-clustering and hierarchical clustering methods in
more detail. Then, we will discuss several ways to
pick the optimal number of clusters and to validate
the results of an image segmentation. We proceed
by describing on SpaRef method in more detail, and
apply it to a real-world multispectral image.

SpaRef is compared witk-means, ISODATA and
a hierarchical clustering and shows better results.

2. Notation

We will consider an image consisting f pixels,
where each pixels is characterised Dy, variables
(reflectance values).

We will use the following notation

e K is the number of clusters akds the index of the
cluster.
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e M is the number of cells, clusters of a high homo-
geneity,M < N.

e Minsize is a minimum size of a normal cluster (so
the clusters should contain at least Minsize pixels).

e B, is number of boundary points of clustein the
spatial domain. A boundary point of clusteris
defined as the point which has at least one adjacent
point belonging to another clustdr(d # ¢).

e C; is a set of point indices that belong to clusker

1)
is the centre of théth cluster, in spectral space.

N
anCk

1
¢=§2Ni=
is the mean centre of the entire data set, in spectral

)

l 1

space.

d
d(xi, xj) = | > xil —xj)2 = |1x; — x| €)

I=1

is the Euclidean distance of two pointg,andx;.

Wi = — Zd(xl, cx) Q)

IGCk
is within-cluster inertia of clask
Byj = d(cx, ¢j) (%)

is between-cluster inertia of clasdeandj.
2.1. K-clustering

K-means and ISODATAS8] are among the most
popular, well-known ‘hard’ partitional clustering al-
gorithms, in which each point is assigned to only one
particular clusterK-means produces a clustering by
optimising the sum-of-squares criteridh,

E= ZZdz(xi, )

K ieCy

(6)

The algorithm addresses directly the problem of
dividing a set of data into several homogeneous
groups. For a given number &f clusters, the algo-
rithm starts by choosing cluster centres (randomly
or by some heuristic proces$$]. The Euclidean
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distances between all points and the cluster centres Depending on the definition of a distance between
are calculated. Points will be assigned to the closest clusters, agglomerative hierarchical clustering are
cluster centre. Cluster centres are recalculated andvariants of single linkag§d], complete linkagg10],

the process is repeated unless a convergence criterioraverage linkage and Ward'$1] algorithms. In single

is met. A major disadvantage #f-means clustering
is that one must specify the number of clustirin
advance. Moreover, the algorithm is very sensitive to
noise, mixed pixels and outliers in the data [géf all

linkage, the distance of two clusters is the distance be-
tween two nearest points. Similarly, the distance is the
maximal distance between points in different clusters
in complete linkage, and the average distance of points

situations that occur frequently with satellite images. in average linkage clustering. The distance in Ward's
Furthermore, the algorithm easily gets stuck in a local method is defined as the squared Euclidean distance
optimum on the sum-of-square error space. For theseof the cluster mean vectors. Hence, Ward’s method

reasons, th&-means clustering results are not stable,
i.e. they heavily depend on different choices of the
initial cluster centres.

ISODATA [3] is a modification ofK-means that
starts with a high number of clusters and permits split-
ting of clusters when a cluster variance is above a

is related toK-means through the minimum-variance
criterion. In this paper, agglomerative hierarchical
clustering with Ward’s distance measure is used.

A dendrogram is produced, representing nested
clusters and the similarity levels at which clusters are
joined. The dendrogram can be cut at several levels

pre-specified threshold or merges them when distancesin order to obtain an arbitrary number of clusters. It

between clusters are small, below another threshold.
Starting with a higher number of clusters, ISODATA
is more stable, but the algorithm requires many input
parameters that can be difficult to find.

Fuzzy c-means[1], on the other hand, is a ‘soft’
partitionalK-clustering which attempts to assign each
point x; to several clusters, depending on the degree
of the fuzzy membershipyix € [0, 1], in order to
optimise the sum-of-squares criteridgy

Ef=Y " uikd*(xi, cx)

K ieCy

(6b)

The algorithm works similar t&-means. In most
cases, if one has no interest in a fuzzy membership,
then Fuzzyc-means result—the membership matrix
U—will be converted to a hard membership matrix
by thresholding the fuzzy membership value, which is
similar to a hard clustering result.

2.2. Agglomerative hierarchical clustering

Agglomerative hierarchical clustering yields a hier-
archical structure of clusters, representing how cluster
pairs are joined. In principle, the algorithm starts with
assigning each pixel to individual clusters. At each
iterative step, the proximity matrix is calculated for
all cluster pairs and the two ‘closest’ pair clusters are
merged. The process will continue until there is only
one cluster.

circumvents the problem of the pre-defined number
of K clusters inK-clustering algorithms. By starting
with assigning each pixel to individual clusters the
algorithm is not sensitive to outliefs]: outliers will

be kept in separate clusters, not influencing the other
clusters.

Overall, agglomerative hierarchical clustering con-
siders only clusters that were obtained in the previous
step. This means that once a point has been merged to
a cluster, it cannot be considered for joining another
cluster in later iterations. This rule is not optimal for
complex data sets where cluster homogeneity levels
are low or not uniforni5].

The algorithm requires calculation, storage and sort-
ing of the proximity matrix a maximum size of. If
N is large then this matrix becomes huge and some-
time it is not feasiblg5].

2.3. Number of clusters

Determining the number of clusters is a difficult
problem in all clustering algorithms. Many criteria
have been developefl2,13] often based on mea-
sures of spread within- and between-clusters. The
within-cluster inertia\V, is defined as variation of in-
dividual points to their centre and the between-cluster
inertia, B, is defined as the variation of cluster centres
around the overall mean.

W = %ZZd(x,‘, ck)

K ieCy

Q)
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B— _and(%c) 8) a cIustenng result in terms of dlsper5|0p of points
N e in the spatial domain, we introdud®,., a dispersion
. . o index for clusterc, to be the ratio of the number of
Clustering algorithms minimising the sum-of-squ-  poundary points of cluster, B, to the total number
ares criterion £q. (6) would thus minimiseVN. By  of points of clusterc, n.. A boundary point of clus-
keeping track of the within-cluster inertia (or other cri- ter ¢ is defined as a point where at least one of its

teria based on it) for a varying number of clusters, one adjacent points belongs to another clust€d # c).
can often observe a sharp increase at a certain level.

Just before this increase, the spread of the clusters isp, = —< (12)
minimal and then the optimal number of clusters can N
be found. D, the average dispersion degree over the image, is

Many criteria[12,13]in one way or another illus-  equal to the ratio of the total number of boundary
trate this situatiofd], for example, by minimum Duun  points to the total number of points of the image.
or Davies—Bouldin indice§l3,14] Duun and gener- A fuzzy image will have a higher dispersion degree
alised Duun indices are also used in some cfkéls than an image containing large continuous areas with
but they are very computation-expensive and not suit- sharp straight edges.
able for a dataset with large number of poifiS]. The

— K
Davies—Bouldin index is a functioR of within-cluster D= EZB‘ (13)
scatter and between-cluster separation N ot ‘
Wi+ W;
Ry = max] <% (9)
—~ By —
j#k 3. Description of SpaRef

R—iiR (10) SpaRef is designed to use a combination of
K k K-clustering and agglomerative hierarchical cluster-

k=1 ing to take advantage of the characteristics of both
Here, we simply use the ratio of within-cluster to clustering methods and eliminate their potential lim-
between-cluster inertid, to determine the optimal itations by introducing a refinement process using
number of clusters where there is a sharp change at aspatial information.

certain level In order to prevent the (expensive) application of
1% AHC to a large data set, SpaRef is first pre-processed
I=— (11) by K-means with a high number of classé, When

) ) ) ] M is high enough, clusters can be considered as
Using this ratio allows us to see the change in ho- highly homogenous classes. These form the input to
mogeneity more clearly and it is not dependent on a the agglomerative hierarchical process. The number

particular clustering algorithm. of classedVl is much smaller than the total number of
pointsN, typically in the order of 100.
2.4. Cluster validity Determining the number of clusters in a data set

by using the index function IEg. (11) is very time
It is notoriously difficult to assess the results of consuming wittK-clustering, where the algorithm has

clustering algorithms in remote sensing. Usually to be run for each number of clustdfs On the other
qualitative, subjective criteria are applied, such as the hand, it is much easier for agglomerative hierarchical
homogeneity in the spectral domain (compactness) clustering, where we can calculate the index function
of the segments, and the degree of fragmentation at each merge level, which is used in SpaRef. For
(dispersion) of the segments in spatial domain. The each level in the dendrogram, the clustering index |
index function | and Davies—Bouldin index can also is calculated and the ‘best’ choice & number of
be used for cluster validation. Small values of these clusters thus is identified where there is a sharp change
indices correspond with better results. For validating at the levelK.
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In a data set containing also noise, mixed pixels or
outliers, we often find a number of very small clus-
ters with abnormal cluster sizes, the Setvhich are
well separated from normal clusters by the thresh-
old, Minsize. They are ‘stable’, isolated and highly
homogenoud16]. They may contain noise, mixed
pixels, outliers and very small objects. Noise pixels

must be rejected, mixed pixels have to be considered

to merge to the spatially ‘closest’ neighbour cluster
and small objects may be identified using a priori in-
formation. How to discriminate between the different
types of small classes is the subject of further study.

Here, we will remove these classes from the data set

and concentrate on the larger clusters.
Let O to be the set of other cluster&\S. These

clusters are large, probably less well separated and

quite disperse. Agglomerative hierarchical clustering

may have problems separating these clusters, because

of the lack of flexibility imposed by the hierarchical
structure. To deal with this problem, we introduce a
refinement process to all boundary points of the clus-
ters in spatial domain. We assume that if there are
mis-assigned points in clusters, they would first ap-
pear in the boundaries of clusters. Therefore, bound-
ary points will be re-assigned to the ‘closest’ adjacent
clusters, and cluster boundaries will be redrawn. The
refinement process iterates until there is no more
change in border point classification. This leads to a
smoothing on the spatial domain, while still keeping
in mind the information from the spectral domain.

The flowchart of SpaRef is given irig. 1

SpaRef alleviates the inflexibility of agglomerative
hierarchical clustering. By limiting the refinement
only to boundary points, the clustering is expected
to have a high continuity. At any iteration, |gt be
point in clusterS. but not a border point. Even if
there exists a clustat such thatd(x;, c¢y) < d(x;, c.)
thenx; is not considered to be re-assigned to cluster
d. It will only be joined to clusted when it is at the
boundary of clustec. Therefore, SpaRef is fast, since
only a limited number of reallocations have to be
considered.

SpaRef depends on two main input parametsts,
and Minsize.M, the number of cells, is dependent
on the image type. Images with a higher degree of
complexity would require a higher setting fit. The
main purposes of defining the number of cédsare

to separate noise, mixed pixel class and small objects,
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Input: Image
N points

M homogenous
classes by
K-means

A 4

AHC to M clusters
& Calculate | index

Identify K=0 O S
clusters

A 4

Identify
outliers, mixed, real
objecton S

Spatial refinement
on O

Output: F clusters

Fig. 1. Flow chart of SpaRef method.

and stabilise clustering result. Therefore, with a ‘high
enough’ setting oM, the clustering method will not
be significantly affected by the exact setting. In most
cases, after the AHC merging stage, very small clus-
ters will be well separated from normal and large clus-
ters. The setting for Minsize is thus easily defined, in
practice.

The total complexity of SpaRef is equal to
O(M log M) + O(M?). For a large dataset, when the
number of pointsN is big, the complexity of SpaRef
is much less than ®@) as with AHC.

4. Software

Software has been developed using C (GCC) in
SunOS operating system. Pre- and post-processing
of the image is done in Matlab. MultiSpec (©Purdue
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Research Foundation), a multispectral image data 5.2. Application of SpaRef

analysis systerfil7], and ERDAS IMAGINE product

[18] are used for image manipulation and clustering M is set to 300. Th&-means clustering was first

comparison. applied to the images to obtain 300 classes (cells). The

agglomerative hierarchical clustering of 300 classes

was then continued and the index function was cal-

culated. We present ifrig. 3 the plot of the index

5.1 Data function over the number of classes. The figure shows

the location of the ‘best’ choice of number of clus-

As an example, we will use a multispectral satellite t€rs to be 39, where there is a sharp change.This data

image recorded by a compact airborne spectrographicSet iS expected to contain also noises, mixed pixels,
imager (CASI) scanner from the Natural Environment @nd hence, Minsize is set to 100. Otherwise, Min-
Research Council (NERC) that was taken at 1536 m Size is zero. Fourteen clusters with sizes smaller than
over an area in the Klompenwaard, The Netherlands 100 Pixels, containing in total 765 points (1%), have
during August 2001. The CASI has provided 10 bands Peen rejectedHig. 4). Indeed, by comparison with
for this study from 437 to 890 nm, with bandwidths of ground-truth !nformat|_0n, those points are shadow ar-
10 nm, except for band 9 with 8 nm. The area has size €8S smaII_ o_bjects (buildings, structur_es of a boat, gtc.).
of 211 x 301 pixels leading to 63511 pixels with 3m The remaining 25 normal classes with 62,746 points,
resolution covering 638903 n? (Fig. 2. The original 99% of points are subjected to the refinement process
multispectral data were mean centred and compressed®S described earlier.

via a principal components analysis in order to re- o

duce computation time. The clustering methods were 5-3. Application of K-means

all performed on the first four principal components, ) - ] o

which account for more than 99.8% of the spectral K-means is sensitive the choice of initial centre
variance. Next, the application of four clustering meth- POINts, so that we performetmeans 100 times with
ods to these data will be described. The methods arefandom initialisation. The non-compactness |, dis-

SpaRefK-means, ISODATA and Ward’s clustering. persion and Davies—Bouldin indices are illustrated in
Fig. 5. Clearly, for the 100 runs, the variability in all

three indices is quite large.

5. Segmentation experiments

5.4. Application of ISODATA

The data set has been also clustered by ISODATA
algorithm [Fig. 64 which is implemented in Multi-
Spec software, a multispectral image data analysis
system for interactively analysing Earth observational
multispectral imagg17]. With the prior information
about the number of clusters and maximum cluster
size, in order to find settings leading to 25 clusters,
a trial-and-error strategy has been applied. A ‘good’
setting of convergence, a stop-criterion, is 99%. The
algorithm is more accurate but takes more computa-
Fig. 2. Gray-scale image of the first principal component (PC1) tion time if the stop-criterion is high. The minimum
of the Klompenwaard image, obtained with CASI scanner on clyster size is 10, the distance threshold used in de-
15 August 2001. The white areas are corresponding to parts of ¢iging whether two clusters should be merged is 990,
the Klompenwaard river and small lake containing water. Dike . .
and road can be identified as the less gray region along the anc_j t_he threshold determining if a cluster should be
Klompenwaard river. Vegetation and forest areas can be seen SPlit is 2000. The number of clusters would not be
elsewhere as lower dark and higher dark areas, respectively. 25 otherwise. Lower split-threshold or lower distance

w ge9

903 m
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Fig. 4. Unclassified points in 14 very small classes (765 points,

threshold leads to more clusters. It is very difficult to
find good settings for ISODATA algorithm without
prior information about the data set. This is also the
main limitation of ISODATA.

5.5. Application of Ward's clustering

For convenience, the process of agglomerative
merging of 300 cells instead of individual pix-
els is considering as the modification of Ward's
method M-Ward). This is actually our method with-
out the refinement process. The modification of
Ward’'s method is expected to have slightly lower
values of non-compactness | and Davies—Bouldin
indices and a slightly higher value of the dispersion
D index, compared to the original Ward method.

1% of total points). Those points are shadow areas, small objects 1hiS difference is not significant wheh is high

(buildings, structures of a boat, etc.).

enough.

is identified to be 39 where
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Fig. 6. Four clusters of clustering results: (a) by ISODATA; (b)Kyneans; (c) by Ward; and (d) by SpaRef. The colour ‘white’ in (A-D)
signifies ‘others clusters’; there are only four shades of gray in (A).

5.6. Results

Four clusters for ISODATA, the first of 100 runs of
K-means and SpaRef, and three clustersMeWward
method, in total covering roughly the same area, are Table 1 _
chosen from the clustering results in order to present Validity indices for each clustering methods-(neans, ISODATA,
the results in gray-scale image. These clusters areWard and SpaRef)

shown inFig. 6(a—d)for ISODATA, the first run of Methods | index Davies—Bouldin Dispersion index

K-means,M-Ward and SpaRef, respectively. In all k.means (100 runs)

cases, small clusters are excluded. By this setup, ISO-Minimum  0.1268 16.3289 0.4910

DATA and K-means have inherited the advantage of Average 0.1317 83.4246 0.5095

not considering small classes and noise, which would M&ximum  0.1375  636.4714 05292
therwise dearade performance ISODATA  0.1318 46.3295 0.4750

0 9 peric : Ward 0.1606 48.6012 0.3811
We compare clustering results of SpaRef Ke SpaRef 0.1295 27.8711 0.4595

means, ISODATA andV-Ward clustering using |, — ,
. . . . - All indices would be as low as possible. SpaRef shows a very good
Davies-Bouldin and dispersion indices. performance on all three criteria simultaneously. Note that the
Table 1 shows non-compactness |, dispersibn minimal values fork-means in the different columns are caused
and Davies—Bouldin indices of different methods. In by different clusterings.
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non-compactness | index, ISODATA leads to compa- results on Klompenwaard CASI image where it has
rable values with the average value obtained from 100 been compared witK-means, ISODATA and Ward’s
runs K-means.M-Ward clustering, with the highest method. It would be a straight-forward step to success-
| degree, is worse than any clustering obtained with fully apply the algorithm to multispectral chemical
K-meand19]. The response from SpaRef is compara- images.

ble to the best case obtained fré¢rmeans. The table The noise, mixed pixel and very small objects are
also shows that Davies—Bouldin index gives the same not taken into account by SpaRef. Future work on
scenario as the | index. categorisation of very small classes is necessary in

In the dispersion indexD, K-Ward method gives  order to cluster a complete image.
the lowest value (the highest continuity degree). It is
because of the ‘nearest neighbourhood rule’ affected
on the spatial domain and it may thus be lower than Acknowledgements
the expected value of a ‘true’ response of Ehendex.
K-means obtains bad responses in all cases. ISODATA  We thank Gertjan Geerling for sharing the data and
gives better result thak-means. Lastly, SpaRef ob- stimulating discussions.
tains a lowerD index than ISODATA and-means.
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