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Abstract

Due to the popularity of the surveillance systems, the requirement of analyzing video
streams obtained from surveillance systems becomes more and more popular. The major
purpose of this project is to develop a motion-history-information (MHI) based and motion
speed independent human behaviors identification system for fixed surveillance systems. The
major task of this project is to design the database for storing behavior features and to develop
an effective method for recognizing human behaviors without influenced by motion speed. In
the end of this project, we have completed the development of the database for storing behavior
features and a motion speed independent human behaviors identification method.

Keywords: surveillance systems, behavior identification, motion history information
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Due to the popularity of the surveillance systems, the requirement
of analyzing video streams obtained from surveillance systems
becomes more and more popular. This major purpose of this project is
to develop a motion-history-information (MHI) based and motion
speed independent human behaviors identification system for fixed
surveillance systems. The major task of this project is to design the
database for storing behavior features and to develop an effective
method for recognizing human behaviors without influenced by
motion speed. In the end of this project, we have completed the
development of the database for storing behavior features and a
motion speed independent human behaviors identification method.
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ABSTRACT
Pairwise-nearest-neighbor (PNN) is an effective method
of data clustering, which can usually generate good

clustering results, but with high computational complexity.

In this paper, a new method is presented to reduce the
computational complexity of the PNN algorithm through
dividing clusters into groups of clusters and using
projections of clusters on differential vectors of group
pairs to reject impossible groups and clusters in the
nearest neighbor finding process of a cluster.
Experimental results show that the proposed algorithm
can effectively reduce the computing time and number of
distance calculations of the PNN algorithm for data sets
from real images. It is noted that the proposed method
generates the same clustering results as those produced
using the PNN algorithm.

KEY WORDS
Pairwise-Nearest-Neighbor, Clustering, Fast algorithm,
and Projection.

1. Introduction

Data clustering is a technique to classify data points into
several clusters. To classify data points into clusters is not
an easy task and usually requires a large amount of
computations. There are many heuristic methods [1-3]
available to categorize data points into clusters. Among
these available approaches, the pairwise-nearest-neighbor
(PNN) algorithm [3] can usually generate better clustering
results [4] than other methods. For a data set of N data
points, the computational complexity of the PNN
algorithm is O(N®). It is impractical for a large data set.

To reduce the complexity of the PNN algorithm, Franti et
al. [5] presented a fast exact PNN algorithm (referred to
as FPNN). The FPNN algorithm has a computational
complexity of O(zN?), where 7 is about 5 to 12 [5] for
most cases. Comparing to the PNN method, FPNN can
effectively reduce the computational complexity of PNN
and generate the same results as those generated using
the PNN algorithm.

However, the computational complexity of FPNN is still
too high and can be further reduced. In our observation,
we found that the FPNN algorithm spends much
computing time on finding nearest neighbors for clusters.
In this paper, we will present a new method to speed up
the nearest neighbor finding process of FPNN.

This paper is organized as follows. Section Il reviews the
PNN and the FPNN algorithms. Section 111 introduces the
algorithm developed in this paper. Experimental results
are given in Section 1V and concluding remarks are
presented in Section V.

2. Background

2.1. PNN algorithm

Given a set of N data points, the pairwise nearest neighbor
(PNN) algorithm [3] is used to cluster data points into M
clusters through a series of merging processes. In the
beginning, the number of clusters is set to N and each
cluster contains only one data point. The merging process
of PNN includes two steps: finding the nearest pair of
clusters from all clusters and merging this nearest pair
into a new cluster. After a merging process, the number of
clusters will be decreased by one. The merging process is
repeated until the number of clusters is equal to M.

To find the nearest pair of clusters, the distances for all
pairs of clusters should be calculated. Let R, and R, be
two clusters, C, be the center of R,, and C,, be the center
of Ry. Let ny and n, be the numbers of data points in R,
and Ry, respectively. The distance between clusters R, and
Ry, is defined as follows.

D

a,

n,n,
-1 d(C.,C @
b na+nb ( a b)

where d(C,,Cy) is the squared Euclidean distance between

C. and Cy. Let X=[Xq, Xa, ..., XgJ' and Y=[y1, Va, ..., sl The
squared Euclidean distance d(X, Y) is defined as



d(X’Y):KZ;‘XK_yk‘Z (2)

Let Ry be the new cluster obtained through merging
clusters R, and R,. The cluster center Cg, of Ry, and the
number of data points in Ry, are evaluated as follows.

Cab _ naCa + anb (3)
n, +n,
Nap = N, + Ny, 4)

After a merging process, cluster R, is replaced by Ry, and
cluster R, should be deleted.

2.2. FPNN algorithm

To reduce the computational complexity of the PNN
algorithm, Frénti et al. used a nearest neighbor table NN
and a nearest distance table ND, which respectively,
records the nearest neighbor and the distance to the
nearest neighbor for every cluster. It is noted that NN[s]
and ND[s] denote the nearest neighbor and the distance to
the nearest neighbor of cluster R, respectively. If two
clusters R, and R, are merged, then tables NN and ND
must be updated. Since the distance to the nearest
neighbor of a cluster increases monotonically as the
merging process proceeds [5], only items of tables
corresponding to clusters with either cluster R, or cluster
Ry as their nearest neighbor should be updated. That is,
S={Rs: NNJ[s]=R, or NN[s]=R, }{Ra Ry} is the set of
clusters whose items in tables NN and ND should be
updated.

3. Proposed Algorithm

In the proposed method, clusters are first divided into
several groups of clusters using a fast cluster separation
algorithm. Then, the rejection criteria and projections of
clusters on differential vectors of group pairs are used to
speed up the nearest neighbor searching process of a
cluster. The cluster separation algorithm and fast nearest
neighbor searching process are introduced in the
following subsections.

3.1. Cluster Separation Algorithm

There are many methods [1-3, 6-7] could be used to
categorize clusters into groups of clusters. Our objective
here is to roughly and quickly divide clusters into several
groups of clusters. To meet this requirement, a simple
method for building a Kd-tree proposed by Kanungo et al.
[6] is modified to generate the initial set of groups of
clusters. Then, the General Lloyd Algorithm [1] is
executed several times to refine these groups. The detail
of the cluster separation algorithm is stated below.

Given a set of N clusters of dimension d, our problem is
to divide N clusters into P groups of clusters. In this paper,
we set P=4/N . Let C4=[Cq1, Cq2, -, Cqalt be the centroid
of a cluster Ry (=1, 2, ..., N), Sg be the set of groups of
clusters, and ng be the number of groups. In the beginning,
we set ng = 1 and Sg={G,}, where G;={R,: 0=1, 2, ..., N}.
Let span; be the span of kth axis of group G;. The value
of span; is defined as follows.

span;, = max{Cqy: Ree G} — min{c,: RyeGi} 5)

Then, the longest axis la; of group G; could be determined
by

la, =arg mkalx{spa”i,k}. (6)

Let med; be the median value of the longest axis la; of

group G;. That is,
med; = median{cq,lal 'R, €6, } )

The group G; can be divided into two groups G; and Gpg.;

using med;. Intially, group Gg.1 is empty. For a cluster R,
e G, if Cata is greater than med;, R, is moved from group

Gi to group Gyg+1. Otherwise, Ry stays in group G;. Once
the separation process of group G; is completed, add
group Gpg+1 10 Sg and increase the value of ng by one. If
(ng < P), find a group with the largest span on its longest
axis from Sg and repeat the above cluster separation
process until ng = P. The clustering result could be further
refined by executing the General Lloyd Algorithm (GLA)
[1] several times. In this paper, the GLA is executed 3
times in consideration of the execution speed and the
resulting quality.

3.2. Fast Nearest Neighbor Search Using Groups and
Clusters Rejection Criteria

Given a set of groups of clusters Sg = {G;: i=1, 2, ..., P}
and a query cluster Ry € Gy, our task is to find the nearest
cluster of Ry from groups of clusters in Sg. The nearest
neighbor searching process for a cluster here is divided
into two phases: the local nearest neighbor finding phase
and the global nearest neighbor finding phase.

In the local nearest neighbor finding phase, a cluster R,
belongs to the group G, and is nearest to the cluster Ry is
determined using the following equation.

| =arg min{Dqu ‘R,eG and R, # Rq}, 8

Since R, and R belongs to the same group, the distance
between R, and R, is expected to be small and is a good
start to find the global nearest neighbor for cluster Ry. In
our observation, the local nearest neighbor of a cluster has
a large probability to be the global nearest neighbor of the



cluster. From the observation on 32 real images, the
average probability for the local nearest neighbor of a
cluster is also the global nearest neighbor of the cluster is
about 68%. Once the local nearest neighbor R, of cluster
R, is found, the distance between clusters Ry and Ry is
used in the successive global nearest neighbor finding
phase to reject impossible groups and clusters.

In the global nearest neighbor finding phase, each cluster
in groups other than the group contains the query cluster
Ry should be checked to see if it is the nearest neighbor of
cluster Ry. The global nearest neighbor Ry of cluster Ry is
determined by

g =arg msin{Dqu ‘R, e(G,UR),G eSs,andi=L} (9)

The global nearest neighbor finding phase is very time
consuming. To speed up this phase, differential vectors
between group pairs and projections of every cluster on
differential vectors of group pairs are pre-calculated and
stored. Let v;; be the differential vector between groups G;
and G;. The differential vector v;; is defined as follows.

Ca -Ce)

J

i~ ‘Cei _Cej‘ (20)

where Ce and C. are the centroids of groups G; and G;,

respectively. The projection of a cluster Rs on vector v
can be calculated using the following equation.

P =Civi;. (11)

Let dmin be the distance between the query cluster Ry and
its candidate nearest neighbor. In the beginning of the
global nearest neighbor finding phase, dmi, is set to the
distance between cluster Ry and its local nearest neighbor
R;. Once dmi, is given, every group G; €Sg other than
group G could be checked using the following inequality.

(pﬁ,i + pil,iLL )z X nnq > din (12)

q
I, =arg msin{pr ‘R, € Gi} (13)

Where [;; is the index of the cluster with minimum
projection on vector v;; in group G; and pi'iLL is the

minimum projection of clusters in group G; on vector v; .
Let P; = pillLL for a group G; €Sg and G; = G.. Where P;

and I;_ should also be pre-calculated and stored.

In the case that inequality (12) is satisfied, we know that
every cluster in group G; is impossible to be the nearest
neighbor of cluster Ry and group G; can be rejected. That
is the distance calculations between cluster Ry and clusters
in group G; can be saved. If a group G; cannot be rejected

by inequality (12), clusters in group G; can be further
rejected using inequality (14).

n,xn
44+ p’ 0”5 o d .
(pL,l pl,L) nq + ns min (14)

where p? is the projection of a cluster R;eG; on vector

ViL.

Once a cluster Ry cannot be rejected through using
inequalities (12) and (14), the distance between cluster R
and cluster Rq must be computed using equation (1) and
dmin should be updated using the distance between cluster
Ry and its updated nearest neighbor.

During the finding process of nearest neighbors for all
clusters, the nearest pair of clusters R, and Ry, can also be
determined. In the merging process, clusters R, and Ry, are
merged into cluster Ry, and the cluster R, should be
deleted.

The merging process may cause that the nearest group of
cluster Ry, differs from that of cluster R,. Therefore, after
a merging process of the nearest pair of clusters, cluster
R., must be relocated. That is, we must find a nearest
group for cluster Ry, and then move cluster Ry, to its
nearest group. Moreover, the deletion of cluster R, and
the migration of cluster Ry, may induce the change of
group centroids. To avoid relocating all clusters into
groups, we do not update the centroids of groups after a
merging process. However, after a merging process, the
projections of cluster Ry, on differential vectors between
the group containing the cluster R,, and other groups must
be calculated and the minimum projections for the groups
of cluster R, R, and Ry, should also be updated. To speed
up the updating process of the minimum projections, in
the case of I, ; is not equal to the index of R, or R, and
cluster Ry, still stay in group G, the updating process of
the minimum projection for clusters in group G, on vector
v, ; for each group GjeSs and Gi=G, could be simplified
by computing only the projection of cluster R,, on vector
v ;. If the projection of cluster Ry, on vector v ; is less
than the value of P.;, set P.; equal to the projection of
cluster Ry, on v j and set |, ; equal to the index of cluster
Rap-

The above proposed algorithm is applied on FPNN
algorithm [5] to speed up the nearest neighbor finding
process for a cluster whose items in tables NN and ND are
going to be updated. Beside the above inequalities, one
additional inequality can also be used to help eliminate
impossible clusters in the updating process of NN and ND.
Since NDJs] is the nearest distance between cluster R, to
its nearest neighbor, if ND[S] > dmin, cluster Ry is
impossible to be the nearest neighbor of cluster Ry and the
cluster R can be rejected. This inequality comes from that
the distance between a cluster and its nearest neighbor



will be monotonically increasing [5] as the cluster
merging process proceeds.

4. Experimental Results

To evaluate the performance of the proposed algorithm,
seven gray images (“Lena,” “Peppers,” “Baboon,”
“Lake,” “Tiffany,” “F16,” and “Parrot”) with image size
of 512x512 are used as data sets. Each data set consists of
16384 non-overlapping image blocks of size 4x4 pixels
extracted from an individual image. Each 4x4 image
block is a data point of dimension 16. Our task is to
classify data points of each data set into 256 clusters using
the PNN, FPNN and our proposed algorithms. These
algorithms are compared in terms of the number of
distance calculations and the computing time. All
programs were implemented as console applications of
Microsoft Visual C++ 2008 and were executed on an Intel
Pentium Dual-Core 2.5GHz PC with memory of 2 GB
under Windows XP Professional SP3.

Tables | and 11, respectively, list the computing time and
the number of distance calculations for PNN, FPNN and
the proposed algorithm to generate 256 clusters using data
sets from real images. All these methods generate the
same results.

Table I. The computing time (seconds) for three
algorithms to generate 256 clusters using data sets from

real images.

Images PNN FPNN | Proposed
Lena 23218.6 34.2 4.7
Peppers 23418.8 355 5.2
Baboon 23173.9 34.4 10.8
Lake 22853.4 32.1 6.0
Tiffany 23331.2 36.2 6.9
F16 22932.9 30.4 5.4
Parrot 23088.8 33.3 4.4
Average 23145.2 33.7 6.2

Table Il. The number of distance calculations per data
point for three algorithms to generate 256 clusters using
data sets from real images.

Images PNN FPNN | Proposed
Lena 44739072 | 46233 1335
Peppers | 44739072 | 47412 1595
Baboon 44739072 | 49654 2501

Lake 44739072 | 46474 1902
Tiffany 44739072 | 49220 2245
F16 44739072 | 45499 2131

Parrot 44739072 | 46661 1297
Average | 44739072 | 47307 1858

From table | and table Il, we can see that our proposed
algorithm has the better performance than PNN and
FPNN both in terms of the computing time and number of
distance calculations. Compared with the PNN algorithm,
FPNN can reduce the average computing time and

number of distance calculations significantly. While
comparing to the FPNN algorithm, our method can
further reduce the average computing time and number of
distance calculations of FPNN by 81.6% and 96.1%,
respectively.

5. Conclusions

In this paper, we presented a new method to reduce the
computing time of Pairwise-Nearest-Neighbor (PNN)
algorithm using groups and clusters rejection criteria.
Through dividing clusters into groups and exploiting the
projections of clusters on differential vectors of group
pairs to reject impossible groups and clusters in the
nearest neighbor finding process of a cluster, the
computing time of PNN is reduced significantly.
Experimental results show that the proposed algorithm
can effectively reduce the computing time and number of
distance calculations of PNN algorithm. Compared with
FPNN, which is an effective fast exact PNN algorithm,
our method can reduce the computing time and number of
distance calculations of FPNN in average by 81.6% and
96.1%, respectively, for data sets from real images.
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