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Wuhan 430079, P.R.China.
ABSTRACT
A clustering method based on Joint Boost for Synthesis Aperture Radar images is proposed. In this method, we follow
the steps of Joint Boost, but substitute weak learns with basic clustering algorithm. We compute the sharing features
between samples in order to reduce clustering times. The proposed clustering method, JBC constructs a new training set
by random sampling from the original dataset, then selects the best feature and the best clusters for sharing, and
calculates a distribution over the training samples using current shared feature and clusters, and finally a basic clustering
algorithm (e.g. K-mean) is applied to partition the new training set. The final clustering solution is produced by
aggregating the obtained partitions. The clustering results for SAR images show that the proposed method has a good
performance.
Keywords: clustering, Joint Boost, Synthesis Aperture Radar(SAR), k-means, multi-classifier

1. INTRODUCTION
Clustering, sometimes called unsupervised classification, is a crucial and interesting topic in data analysis, which
classifies dataset using the similarity between clusters without the knowledge of labels of samples. For image data, the
partition based clustering methods are usually used, such as k-mean and its variations. However, as dealing with noisy
images with low signal noise ratio (SNR), e.g. Synthesis Aperture Radar (SAR) images, the traditional partition based
clustering methods can not provide useful and satisfying results effectively. These may attribute to two reasons: one is
that the features involved in the clustering processing sometimes are not for noisy data and have much redundancy; the
other is that just using one clustering method is not able to give a high clustering precision.
Boosting is a fashionable approach in learning. The most important principle of boosting is combining a set of weak
classifiers to form a high-performance prediction rule. Joint Boost is a new boosting approach proposed by Torralba,
which not only gives rights to designers to add new weak classifiers endlessly until reaching a low error rate, but also
allows designers to remove the redundancy between features by sharing them.
However, unlike classification problems, there are no established methods to combine multiple clusterings. This
problem is more difficult than designing a multi-classifier method because in the clustering case there is lack of
knowledge concerning the label of the cluster to which a training point actually belongs. Frossyniotis and his
collaborators have proposed a boosting based clustering method, which substitutes weak classifiers to simple clustering
algorithms (i.e. k-means) and adds weighted clustering result to get final clusters. But it is not effective and most of time
can’t work on SAR images, since the features of noisy data are not considered validly and are redundancy.
In this paper, A Joint Boost Clustering (JBC) method is proposed for clustering noisy images with low SNR, e.g. SAR
Images. The JBC iteratively recycles the training examples providing multiple clusterings and resulting in a common
partition. At each iteration, firstly, the JBC selects the best feature and the best clusters for sharing, then calculates a
distribution over the training samples using current shared feature and clusters, and constructs a new training set by
random sampling from the original dataset, and finally a basic clustering algorithm (e.g. K-mean) is applied to partition
the new training set. The final clustering solution is produced by aggregating the obtained partitions.
The JBC method has been designed in following steps. We assume a given image X on a lattice S, a basic clustering
algorithm (weak learner) and the required number of clusters C. The maximum number of iterations T of JBC will be
considered fixed, although this parameter is meaningless considering stopping criteria. The algorithm is summarized
below. (1) Choosing samples from original dataset randomly, initialize sample weights, confirm first distribution of
samples. (2) Applying a simple clustering algorithm to calculate cluster centers, computer the distances between samples
and centers. (3)Computing error according to these distributions, and selecting the best sharing feature and according
clusters in the whole clustering space. (4) Renewing sample weights according to distributions and updating the strong
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classification. Make sure that the weights of wrong classifications are added and the weights of right classifications are
reduced. So we can pay more attention to those samples which have wrong classifications in next iteration. (5)
Resamping training set according to the new sample weights randomly and turning to the first step to iterate. Finally, the
clustering solution is produced by aggregating the obtained partitions.
The features we used here include Local Binary Pattern (LBP), Scale Invariant Feature Transform (SIFT), GLCM,
Gabor filter bank, and other image primitives. We also establish a SAR image database containing more than 1000
images for image clustering, ranging from many kinds of different scenes and objects.

2. BOOSTING, CLUSTERING ON BOOSTING AND JOINT BOOST
A new multiple clustering method is proposed, which we will call Joint Boost-clustering. At each iteration of JBC
algorithm, a distribution over the training samples is computed and a new training set is sampled randomly from the
original dataset. We compute and select the best features and the best clusters for sharing. Then a basic clustering
algorithm is applied to partition the new training set. The final clustering solution is produced by aggregating the
obtained partitions.
Firstly, we introduce a clustering method based on boosting. (D.Frossyniotis,2004)
2.1 A clustering method based on boosting
Boosting is a general method for improving the accuracy of any given learning algorithm1. Boosting finds many rough
rules of thumb. It can be a lot easier than finding a single, highly accurate prediction rule. Boosting algorithm calls these
rough rules “weak learners”. The final classification result is given by combining these weak rules into a single
classification rule which will be more precise than any one of the “weak learners”.
A clustering method based on boosting, which was called boost-clustering2. At each iteration of this algorithm, a
distribution over the training samples is calculated and a new training set is set up using random sampling from the
original dataset. Then a basic clustering algorithm is called to classify the new training set. The final clustering solution
is obtained by aggregating the clustering results using weighted voting, where the weight of each classification is a
measurement of its quality.
According to the idea of boost-clustering, we introduce a new clustering method similar with boost-clustering, but
Joint boost-clustering follows the steps of the Joint boost algorithm for classification. JBC selects features for sharing to
reduce the total number of clustering.
2.2 The Joint Boost algorithm
Joint Boost was proposed to share weak-learners across classes. For instance, if we have 3 classes, we might define the
following classifiers:
H (v,1) = D1,2,3 (v) + D1,2 (v) + D1,3 (v) + D1 (v)
H (v, 2) = D1,2,3 (v) + D1,2 (v) + D 2,3 (v) + D 2 (v)
H (v,3) = D1,2,3 (v) + D1,3 (v) + D 2,3 (v) + D 3 (v)
(1)

where each D S ( n ) (v) is itself an additive model of the form D S ( n ) (v) = ∑ m =1 hmn (v) .The n refers to a node in the “sharing
Mn

graph” (see Figure 1), which specifies which functions can be shared between classifiers.
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Fig.1. All possible ways to share features amongst 3 classifiers.
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The idea of Joint Boost algorithm is that at each boosting round, we examine various subsets of classes, and
considering fitting a weak classifier to distinguish that subset from the background. We pick sharing features between
samples can help to reduce the number of weak learners. Joint Boost chooses sharing features by computing an error:
C

N

J wse (n) = ∑∑ ωic ( zic − hm (vi , c )) 2

(2)

c =1 i =1

We choose the first class which has the least error. Then we select the second class which has the least error jointly
with the first class. We repeat until adding all the classes, then pick the sharing that has the largest error reduction.
The flow cart of Joint Boost algorithm is summarized below.
Begin

ωic = 1 H (v, c) = 0, i = 1...N , c = 1...C

Initialize

m=1
n=1

⎧aδ (vif > θ ) + b if c ∈ S(n)
hm (v, c) = ⎨
if c ∉ S(n)
kc
⎩

Fit shared stump

C

Evaluate error

N

J wse (n) = ∑∑ ωic ( zic − hm (vi , c))2
c =1 i =1

n = n +1
N

n = 2C − 1
Y

n = arg min n J wse (n)
, and pick the corresponding shared feature hm (v,. c)
Find best sharing by selecting

H (vi , c) := H (vi , c) + hm (vi , c)

Update

c
i m ( vi , c )

ωic := ωic e− z h
m = m +1

m=M

N

Y
Stop

Fig.2. The flow cart of Joint Boost with regression stumps. vif is the f’th feature of the i’th training example, zic ∈ {−1, +1} are the
c
labels for class c, and ωi are example weights. N is the number of training examples, and M is the number of rounds of Joint Boost.
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3. THE JOINT BOOST-CLUSTERING ALGORITHM
3.1 Joint Boost-clustering Algorithm.
A new multiple clustering method is proposed, which we will call Joint Boost-clustering. At each iteration of JBC
algorithm, a distribution over the training samples is computed and a new training set is sampled randomly from the
original dataset. We compute and select the best features and the best clusters for sharing. Then a basic clustering
algorithm is applied to partition the new training set. The final clustering solution is produced by aggregating the
obtained partitions. The Joint Boost-clustering Algorithm is summarized below.
Given: Input sequence of N instances ( x1 ,..., xN ) , xi ∈ R d , i = 1,..., N ,a basic clustering algorithm, the number C of
clusters to partition the data set and the maximum number of iterations T.
1). Initialize wic = 1 for i = 1,..., N .Set H (vi , c) = 0, i = 1,..., N , c = 1,..., C .
2). Repeat while t ≤ T
C
a) Repeat while n ≤ 2 − 1
ⅰ)Call the basic clustering algorithm, to get the clustering centers.
ⅱ)Get the sharing stump
ht (v, c) =

∑

1
d ( xi , µ j )

C

d ( xi , µ k ) ,
where µ j ∈ R corresponds to a cluster center.
k =1

(3)

d

ⅲ)Calculate the error:

J wse (n) = ∑ c =1 ∑ i =1 ωic ( zic − ht (vi , c)) 2
C

N

(4)

b) pick the best sharing by selecting n = arg min n J wse (n) ,choose the corresponding shared feature ht (v, c)
c) Update distribution W :
c
i t

ωic = ωic e − z h ( v ,c )
d) Update strong classification: H (vi , c) := H (vi , c) + ht (vi , c )
3). Output: the final clustering hypothesis H .
i

(5)
(6)

3.2 The details of JointBoost clustering algorithm

It is clearly that the method has been developed following the steps of the JointBoost algorithm for classification. We
assume a given set X of N dimensional instances xi , a basic clustering algorithm(weak learner) and the required number
of cluster C. The maximum number of iterations T of JointBoost-clustering will be considered fixed, although this
parameter is meaningless considering the stopping criteria. Choosing sharing features can reduce the total number of
weak learners and meanwhile speed up computational rate.
At each iteration t = 1,..., T , first a dataset X t is sampled from X using weight distribution W t = {ωit } , then we have to
decide which classes are going to share a feature. We begin with computing all the features for the leaves (single
samples). We select first the class that has the best reduction of the error. Then we select the second class that has the
best error reduction jointly with the previously selected class. We repeat until we have added all the classes. We select
the sharing that has the largest error reduction. Then a basic clustering algorithm is called to get clustering centers for all
sample xi , i = 1,..., N . Following the steps, we continue to compute ht (v, c) which denote the membership between
samples and centers. Then calculate the error and choose the shared feature. Stopping at this step, we successfully obtain
the sharing feature. Update the weight for next round and renew the strong classification. The final hypothesis is get by
adding all the sharing feature ht (v, c ) which have the largest error reduction.
Using this method, we reduce the weight of a well-clustered data point and put more attention on badly clustered data
points. Another advantage of JBC is the reduction of the clustering times so that we can have a more rapid clustering
program and a comparative clustering result.

Proc. of SPIE Vol.
1126788 678814-4
Downloaded from SPIE Digital Library on 07 Nov 2011 to 202.114.118.40. Terms of Use: http://spiedl.org/terms

4.

EXPERIMENTAL RESULTS

In studying the JBC method, we considered k-means clustering algorithm. In our implementation, the membership
degree hi , j for every sample xi to cluster j is produced based on Euclidean distance d
ht (v, c) =

∑

C

1
，where µ j ∈ R d corresponds to a cluster center.
d ( xi , µ j )

(7)

d ( xi , µ k )
In order to demonstrate the performance of the JBC algorithm, the features we used here include Local Binary Pattern
(LBP), Scale Invariant Feature Transform (SIFT), GLCM, Gabor filter bank, and other image primitives. We also
establish a SAR image database containing more than 1000 images for image clustering, ranging from many kinds of
different scenes and objects.
Because of the length of article, we only show some results of clustering for two SAR images. Clustering results using
k-means method are also displayed to be compared. The first SAR image used here has 300*350 pixels. We want to
classify it into 3 classifications without any label information. The second SAR image used here has 1000*350 pixels.
We want to classify it into 5 classifications. Each sample has 143 features including LBP, SIFT, GLCM and Gabor filter
bank. The sample set is a X*143 matrix. The clustering results of JBC method and k-means method are showing below.
k =1

(a)

ref (b)
(c)
Fig3. The clutering results comparion between JBC and K-means.
(a) original figure
(b) k-means used on LBP, SIFT, GLCM and Gabor filter bank with 3 class
(c) JBC used on LBP, SIFT, GLCM and Gabor filter bank with 3 class
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Fig4. Another clutering results comparion between JBC and K-means.
(a) original figure
(b) k-means used on LBP, SIFT, GLCM and Gabor filter bank with 5 classes
(c) JBC used on LBP, SIFT, GLCM and Gabor filter bank with 5 classes

From the above results of JBC and K-means methods which are used on same features (see Fig3 and Fig4), we can see
JBC method performances well than k-means on same features of the same scene. Also, It demonstrates that JBC method
can deal with SAR images which have low SNR. But the result of JBC method is not precise enough, further study of
improving the JBC algorithm is still needed in the future.
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5.

CONCLUSIONS

In this work a new clustering methodology has been introduced based on the principle of JointBoost. The proposed
methodology is a multiple clustering method based on the iterative application of a basic clustering algorithm. At each
iteration, firstly, the JBC t selects the best feature and the best clusters for sharing, then calculates a distribution over the
training samples using current shared feature and clusters, and constructs a new training set by random sampling from
the original dataset, and finally a basic clustering algorithm (e.g. K-mean) is applied to partition the new training set. The
final clustering solution is produced by aggregating the obtained partitions with sharing features.
Considering the iterative number T is meaningless, further study of effective stop criterions is needed in the future.
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