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Abstract—In the object tracking applications, previous works
show that moving objects usually exhibit some degrees of
regularity in their movement. Biologists find out that many
creatures have social behavior that is they usually form mass
organization and migrate together. In this paper, we investigate
and utilize the characteristic of the group movement of objects
to explore the group relationship in the wireless object tracking
sensor network (OTSN). In contrast to the centralized mining,
we propose a distributed mining algorithm to find a group of
moving objects with similar moving patterns. Our algorithm
consists of the local mining phase and the cluster ensembling
phase. The local mining phase adopts the VMM model together
with Probabilistic Suffix Tree (PST) to find the moving patterns,
as well as Highly Connected Component (HCS) to partition the
moving objects. The cluster ensembling phase utilizes Jaccard
Similarity Coefficient and Normalized Mutual Information to
combine and improve the local grouping results. The experiment
results show that our distributed mining algorithm achieves good
grouping quality and robustness.

I. INTRODUCTION

In the object tracking applications, previous works show
that moving objects usually exhibit some degrees of regularity
in their movements. For example, the famous annual wilde-
beest migration points out that the movement of creatures
is temporal-and-spatial correlated. Research works [1][2][3]
model the correlation as the sequential patterns in data mining,
and various algorithms have been proposed to find the frequent
moving patterns. However, previous works only find the mov-
ing patterns for each individual object. Algorithms to find the
moving patterns of a group of objects and related design issues
have not been discussed in the related works. Biologists find
out that many creatures such as animals, birds, or insects have
social behavior that is they usually form mass organization
and migrate for food, breeding, wintering, or other unknown
reasons. Our point is if we can find the group relationship
as well as the object moving patterns, we can create many
opportunities to track objects efficiently. For example, we
can utilize the group relationship in the in-network sensor
scheduling or data aggregation for tracking multiple objects
simultaneously and efficiently. Therefore, our work focuses
on grouping objects based on their movements in the OTSN.

In this paper, we propose a new algorithm to identify a
group of moving objects and find the corresponding moving
patterns. Our algorithm consists of a local Group Moving
Pattern Mining (GMPMine) algorithm to extract group re-
lationship locally and a Cluster Ensembling algorithm to
combine and improve the local grouping results. GMPMine

adopts Variable length Markov Model (VMM) for modeling
the statistics of objects’ movements and Probabilistic Suffix
Tree (PST) [4] for learning the significant moving patterns, as
well as Highly Connected Component (HCS) to partition the
moving objects. Please note that VMM and PST are widely
used in many fields such as gene clustering [5], musical
style learning [6], outlier detection [7], application behavior
modeling [8], and so on. PST is excellent in the capacity of
extracting structural information from the sequences. We adopt
PST for the resource-limited wireless sensor networks due to
its low complexity in time and space [9]. In addition, it is very
efficient in prediction and robust to outliers.

In contrast to the central mining scenario that the cluster
heads transmit all features to the sink, we only transmit the
mined out grouping results to the sink for conserving power.
In the cluster ensembling, we utilize Jaccard Similarity Coef-
ficient to measure the similarity between a pair of objects as
well as Normalized Mutual Information (NMI) to achieve the
best ensembling result. Cluster ensembling is a research topic
whose goal is seeking a combination of multiple clustering
results of the given data to achieve better clustering quality,
robustness, stability, and scalability [10][11][12]. However, the
above works focus on balanced clustering for a predefined
cluster number that differentiates their problems from ours.
Jaccard Similarity Coefficient is a statistic that is commonly
used in information retrieval for comparing the similarity be-
tween two binary vectors [13][14]. In the tracking applications,
moving objects may present in partial clusters and absent from
the others. The importance of positive and negative opinions is
asymmetric and counting the absence for both objects has no
meaningful contribution to the similarity measurement. Thus,
Jaccard is more objective and reasonable than other measures
such as Simple Matching Coefficient and Overlap coefficient.
After that, with a set of configured thresholds, we utilize
HCS to partition the objects and leverage NMI to optimize
the ensembling result. Note that NMI is an entropy-based
measure between two distributions and is broadly used in
information retrieval, e.g. natural language processing [15],
cluster ensembling [10], image registration [16], and so on.

The rest of paper is outlined as follows. In Section 2, we
formulate our problem and present the GMPMine algorithm.
In Section 3, we describe the Cluster Ensembling algorithm.
We show our experimental results in Section 4. Finally, Section
5 concludes this paper.
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II. PROBLEM FORMULATION AND THE GMPMINE
ALGORITHM

In a hierarchical WSN, nodes are heterogeneous in energy,
computing, and storage capacity. Higher-energy node can
be used to perform high complexity computing and send
data, while low-energy node can be used to perform the
sensing and low complexity computing. A sensor equipped
with higher energy assigned as a cluster head (CH) to handle
high complexity tasks. Every sensor within a cluster has a
locally unique ID, and the CH logically represents the sensors
within the identical cluster and acts as a sensor in the view of
the upper layer. Generally, when a sensor detects an object of
interest, it informs the location data to the CH. The CH then
forwards the location data upward until the sink. In this work,
we adopt the hierarchical cluster structure of two layers, and
each cluster is a mesh network and contains 4 x 4 sensors.

A pair of object ID and the ID of the nearest sensor model
the location data of an object. We represent the sensor IDs by
an alphabet . The number of symbols of the alphabet 3 is
dependent on the cluster size. For example, if the cluster size
is 16, we use an alphabet ¥ = {a, b, ..., p} to represent the IDs
for a cluster of sensors. Therefore, the location sequence of a
moving object is represented by a sequence of symbols over
3., denoted by S = s9s1...8,_1, where s; € ¥ for 0 <4 < L.

Our distributed algorithm adaptively forms a Sensor Group
(SG) to trace a group of moving objects. The algorithm
adaptively adjusts the members of a SG in a distributed manner
as the moving objects move. The Group Data Aggregation
Range (GDAR) of a SG is the hop count between the central
sensor of the SG and the furthest sensors in the same SG, and
with which we can control the size of a SG. On detecting an
object, the sensor invokes to form a SG to collect location
data and forwards the data to the CH. The CH then extracts
the sensor ID from the location data and appends it to the
location sequence for each sensed objects. In this paper, we
set the GDAR of a SG corresponding to the specified error
bound and report the central sensor of the SG as the locations
of the captured objects. The error bound of the tolerant error
is the maximal allowed distance between the real location and
the reported one in hop count. For example, assume there are
5 objects walking a sensor cluster as shown in Fig. 1. With
GDAR= 1, s, first detects an object and invokes to form a
SG with its 1-hop neighbors. After that, s, aggregates and
reports the location data including (o1, s), (02, 5k), (03, 54),
and (o4, s¢). The CH appends s, to the location sequences of
01”04 separately. The location data collection process repeats
for a period and finally forms the location sequence data set.

o
|

Fig. 1. The example of 5 objects within a cluster.

In this paper, a set of moving objects belong to the same
group if they share similar moving patterns, and the longest
distance between an object’s location and the center of the
group is defined as the Group Dispersion Radius (GDR).
Therefore, we formulate our problems as follows. Mining the
group relationship among the objects based on their location
sequence data set and combining the ensemble of the local
grouping results to achieve better grouping quality. In the
following sections, we first describe the VMM model and then
the GMPMine algorithm.

A. VMM Prediction Model

In this paper, we leverage the spatial correlation of moving
objects that is the next location is predicted according to
preceding locations. We adopt VMM for modeling the sta-
tistics of objects’ movement as follows. This property of an
object’s movement is modeled by the conditional probability
distribution over an alphabet 3 on a given location sequence
data set. For example, if s is a location sequence over 3,
o is a symbol in X, P(c|s) is the probability that o will
come following s. While the history length is floating that
is k is unfixed, the model is a VMM. The advantage over a
fixed k-order Markov model is the ability to flexibly adaptive
to memory length for prediction. Ron et al. [4] proposed
the Probabilistic Suffix Tree (PST) that is an implementation
of VMM. PST is widely used in finding significant patterns
for gene clustering [17], musical style learning [6], outlier
detection [7], and application behavior modeling [8]. The PST
building algorithm learns from a data set and outputs a PST
representing a dictionary of significant patterns. A PST over
an alphabet Y is a non-empty tree, in which nodes vary in
degree between zero and |X|. Each edge in the tree is labeled
by a single symbol of the alphabet such that no symbol can
be represented by more than one edge branching out of any
single node. Note that each node in the tree is associated with
a significant pattern and is labeled by a string s, which is also
the sequence generated by walking up the tree from that node
to the root. The node also contains the conditional empirical
probabilities, i.e. P(ols), for every o € X.

Let X's denote the number of times that a subsequence s is
observed in the data set and N|s| denote the total number of
overlapping subsequences of length |s| within the data set. The
empirical probability P(s) of a subsequence s over the given
data set is Jff‘g - The conditional empirical probability P (ols)
of observing a symbol o right after a given subsequence s
is the number of times that o has shown up right after s,
denoted by Xso, divided by the total number of times that
s has shown up at all, followed by any symbol Xsx. That
is P(o|s) = £22. For example, given a data set {bcgkjnm,
cgkonm, cgfjknm, cgkonm} and a subsequence s = " cgk”,
the conditional empirical probability P(’0’|s) is 0.6 and the
probability P(”cgko”) is 0.0769.




Taiwan-Japan Joint Conference on Communications Technology 2007

Xcghk=3N3;=(7T-2)+(6-2)+(7T-2)+(6-2) =18
P(cgk) = 3/18 = 0.16

Xcgko =2

Xs *= 3

P(olcgk) = 2/3 = 0.6

P(cg4k0) =p(c) x 127(g|c) x p(klcg) x p(olcgk)

XYXIX?

26

= 0.0769

One advantage of PST is the low complexity, i.e. O(n),

in both time and space, where n is the sequence length. The

compact tree and its low computing complexity make PST

suitable to the resource-constrained environment. The details

of the PST building algorithm and other related discussions
can be referred to [4][5][18].

B. The Group Moving Pattern Mining (GMPMine) Algorithm

For mining the group relationship, we propose the
GMPMine algorithm shown in Fig. 2 to group objects based
on the similarity of their moving patterns. Our algorithm first
builds a PST for each object and then leverages the PSTs in
grouping objects. We define the similarity score sim,, of two
objects as follows,

ZN: J Zo‘ez (P ()P (ols)-P, (5)xP,(ols))?

seS

sim, = —log Y
, where S denotes the union of significant patterns on two
tree, and L,,,q; is the maximal memory length of PST. sim,,
is the combination of condition probability and Euclidean
distance of each significant pattern s € S. With the definition
of sim,, we compute the similarity score for each pair of
objects and construct an unweighted undirected similarity
graph G. A node in G corresponds to an object. An edge
between two objects represents that sim,, of the two objects
is higher than the threshold sim,,;,. In addition, we leverage
the time-overlapping pruning technique and the noise pruning
technique to assist in evaluating the group relationship. The
lower time-overlapping ratio between two objects implies the
lower probability that the two objects belong to a group. The
noise pruning technique utilizes the similarity score between
a PST and the PST of certain patterns such as random walk to
filter objects. Then we leverages the HCS algorithm together
with a min-cut algorithm to partition the similarity graph into
highly connected subgraphs, each of which is corresponding
to a group. We thereby extract the group relationship among
objects. For the details of the algorithm, interested readers can
refer to [19].

III. THE CLUSTER ENSEMBLING ALGORITHM

In this section, we propose the Cluster Ensembling algo-
rithm to combine multiple local grouping results from the
CHs to improve the grouping quality. Our algorithm considers
the case that the trajectories of moving objects span multiple
sensor clusters and utilizes the Jaccard similarity coefficient to
take only relative CHs’ opinions in measuring the similarity
between pairs of objects. Jaccard Similarity Coefficient is
a statistic that is commonly used in information retrieval

Algorithm: GMPMine
Input: § =( S|0<i<N}, SiMmin, Tiarget, SiMnoise, tOmin
Output: G, m
G=0
m=0
/*building a PST for each object and pruning noise*/
foreach S in §

7; = PST_Build(S)

if Simp( 7;, Ttarged)>SiMnoise then

delete 7;

[*constructing a similarity graph on PSTs*/
for 0<i< M1

fori+1<j<N

if simp( 7;, 7)) >simmi» and overlap_time(i)) > tom» then
add_edge(i,j) to Graph(V, E )

. [*extracting highly connected subgraph*/
(G,m)=HCS(Graph(V, E )) /I G={gi|0<i<m}
/* selecting a group PST G7; for each group g; */
for 0<i<m

§={5| 0 €g.0<j<N}

7={Tj|l g € g.0Z|<N}

GT, = arg max P,(S,) whereT, eT'

I 5,e8"
return G = {g/|0<i<m}, GT={GT|0<i<m}

CONOPNOP,WN=O

TN
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[

Fig. 2. The GMPMine Algorithm.

for comparing the similarity between two binary vectors
[20][13][14]. Jaccard is especially suitable for the applications
in which the importance of negative and possible values of a
feature is asymmetric, and considering the negative value in
both objects has no meaningful contribution to the similarity
measurement. After computing the similarity between each
pair of objects, we partition the objects and leverage Normal
Mutual Information (NMI) to optimize the ensembling result.
Note that NMI is an entropy-based measurement criterion
between two distributions and is broadly used in the field of
information theory. A low NMI value indicates two distribu-
tions have only a random association, whereas a higher value
indicates they are mutually informative.

Let C' denote the ensemble of the local grouping results,
represented as C = {G1, Ga, ..., Gk}, where K denotes
the ensemble size, i.e. the total number of CHs. The grouping
result G; obtained from CH; is a partition of O into m; disjoint
groups, represented as G; = {gt, g5, ..., g}n} As Strehl et al.
[10] and Fred et al.[21], the NMI of G; and G, denoted by
NMI(G;,G), is the measurement the amount of information
shared between G; and G as follows,

me ij 5 P(a.b)
P ,1’) log—="—
a=1 b=1 (a.b)log Pla)xP(a)

JH(G)<H(G)

, where ﬁ(a,b) = |g%8|gi|, and H(G;) is the entropy of Gi;.
Note that H(G;) is the measure of the amount of information
of G; and defined by H(G;) =Y.', —P(a)logP(a), where

ﬁ(a) = |‘goa‘ . To combine the local grouping results C, the
objective function of our ensembling algorithm is to find the
ensembling result G’ that keeps most information of C' as
follows,

NMI(G:,G)) =

K
G = argmax Zl.:l NMI(G;,G).

However, enumerating all possible GG to find the ensembling
result G’ is impractical. Therefore, we propose the Cluster
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Ensembling algorithm as shown in Fig. 3 to leverage C' in
partitioning O and generate the ensembling result G5 = {g;,
25 e gmd_,}. In the algorithm, we trades off the grouping
quality and the computing cost by the configuration of D,
where D is a set of thresholds with value€ [0,1] and fine-
grained configuration of D achieves better grouping quality
and induces more computing cost. The Cluster Ensembling
algorithm includes three steps. First, we utilize Jaccard Sim-
ilarity Coefficient to measure the similarity for each pair of
objects as well as construct a similarity matrix according to
the local grouping results. Our algorithm then generates the
HCS partitioning results based on the similarity matrix for all
0 € D. Afterward, we select the ensembling result based on
NMI. Next, we describe the three steps in detail.

Algorithm: Cluster Ensembling
Input: O = {04,01,...0n},C = {G; |0<i<k}, D ={5;|0<i<d}

Output : G,

0. init sum[]

1. init SM[][]

2. idx=0

3. max=0

4. /*building similarity matrix by Jaccard*/

5. for0<i<N-1

6. fori+1 <j<N

7. SMIi,j] = getS;(C)

8.  /*select the partition with max 2 NMI(Gs, Gi)*/
9. for0<i<d

10. Graph(V, E) = Convert2Graph(SM,;)
11. G5’ =HCS(Graph(V, E))

12, sumlil=) NMI(G,.G;)

0< j<k
13. if sumli] >max then
14. max = sumli]
15. idx =i
16. Gy = G(,m

17. return G

Fig. 3. The Cluster Ensembling Algorithm.

In the first step, we measure the similarity for each pair of
objects to construct a similarity matrix according to the local
grouping results (Lines 5-7). In our application, trajectories
of moving objects span several clusters such that we take the
relative CHs’ opinions in considering the group relationship.
We thereby utilize the Jaccard similarity coefficient [20] to
measure the similarity between two objects. Let 7, (0;) denote
the mapping of the local group ID and o; obtained from CHy,,
and I;(0;) = 1 indicate 7 (0;) # —1. The group relationship
of 0; and o; in G, denoted by ¢ (05, 0;), represents if objects
o0; and o; belong to the same group in G, as follows,

1
ci(0i,0)) = { 0

We define the Jaccard similarity coefficient of o; and o; to
be the proportion of local grouping results with o; and o,
belonging to the same group, denoted by S;;, as follows,

Z/[::l ck(()l-,oj)
K K K .
Zk:l Ik(()l-)+2k:l Ik(of)_Zkzl Ck(”iv”j) (1)

if mi(0) = mi(op) + —1;

else.

Si =

Note that the denominator is the number of local grouping
results in which o; or o; belongs to some group. According to
Eqn. (1), we compute S;; for each pair of objects and construct
the similarity matrix, denoted by SM, where SM[i, j] = S;;
and Sz'j S [0, 1]

In the second step, we generate a partitioning result G
based on SM for each 6 € D. First, we generate an
unweighted undirected graph for each ¢ according to SM by
the Convert2Graph() function as follows. For each S;; in SM,
if S;; > ¢, we add an edge between o; and o, to the similarity
graph G(V, E) as Line 10. After that, we partition the graph
by HCS to generate G5 (Line 11).

In the last step, we select the ensembling result G5 by
exploiting NMI. Given a set of thresholds D, we formulate
the ensembling result G/ for C' as follows,

Gy = argmax leil NMI(G;,Gs).

As Lines 13-15, we therefore calculate the NMI sum for
each Gs, i.e. Zfil NMI(G;,Gs) and choose the G5 with
maximal NMI sum as G . Hereafter, we can leverage G/ in
the tracking phase to achieve energy efficiency.

IV. EXPERIMENTS

We implemented an event driven simulator in C++ with SIM
[22] to evaluate our design. In this simulation, we used the
Location-Dependent Parameterization of a Random Direction
Mobility Model [23] to simulate the roaming behavior of a
group leader and utilized the distance (d) to control the moving
range that is the linear distance between the starting point and
the end point for the leader. The other members are followers
that are uniformly distributed within a specified GDR of the
leader. Besides, we inputted objects of random walk in the
experiments for making our simulation near to the practical
scenarios. In the following experiments, there are 5 groups,
each of which contains 5 objects as the grouped, patterned
objects and 25 random-walk objects walking in the OTSN. The
NMI between the ensembling result and the preknown group
relationship of the input workload is used as the evaluation
metric. We made the experiments involving the effectiveness
of our algorithm and the impacts of PST parameter L, gy,
moving distance (d), and GDAR on the grouping quality to
test our approach.

In the first experiment, we studied the effectiveness of our
approach with and without the pruning techniques. Fig. 4 (a)
shows that the NMI decreases inversely with GDR, where
SIMp with "-n"/"-t" denotes the mining algorithm without the
noise pruning/the time-overlapping pruning. The NMI of SIMp
is similar to that of SIMp-t as GDR is smaller than 0.7 and
outperforms the others for GDR= 071. With analyzing the
experiment result, we found that the time-overlapping pruning
can help in partitioning objects with similar moving patterns
but not closely located, and the noise pruning can filter the
objects with certain pattern such as random walk to improve
the grouping quality.



Taiwan-Japan Joint Conference on Communications Technology 2007

| 1
X=X~ Mg=y gy
X K x X\§¢“
08 Ny Koo 08 S
X0, 3 Xx —O— s e g |[ O Lmexto
~ A Lmax=
_os X« Xy || —O—siMpn | _0¢ K¢ Lmax=8
= X S X KX || —X —Lmax=s
ZM X‘X—x —X— SIMvp-t Zoa X =X — Lmax=4
—X — SIMp-nt —e— Lmax=2
02 02
0 0
0 0102 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09 1
GDR GDR

(a) Grouping Effectiveness (L nax=6, d=12). (b) Impact of PST Maximal Memory Length (L ax).

X
—X — GDAR=1 WQ'EQ«X‘D ——d=12
—{+—GDAR=0| 06 A\Kxé —O—d=8
= =
= —X—d=4
o —A—d=2

0 0102 03 04 0506 07 08 09 1
GDR

(c) Impact of GDAR. (d) Impact of Moving Distance (d).

Fig. 4. The simulation results.

In the second experiment, we studied the impact of the
PST parameter L,,,,. Note that a PST with larger L.,
can contain more moving patterns. Fig. 4 (b) shows that
larger L., results in better grouping quality. Therefore, the
similarity score sim, is useful in identifying a group of
moving objects. GDAR controls the range in which objects are
captured and location data are aggregated. Fig. 4 (c) shows that
adaptively selecting a GDAR can keep good grouping quality
while objects are more widely distributed.

While the moving distance is larger, objects can move across
more sensor clusters, i.e. more CHs report their grouping re-
sults to the sink for further ensembling. In the last experiment,
we investigated the influence of the object moving range (d)
on the grouping quality. Fig. 4 (d) shows that the NMI of the
ensembling result is improved as d increases. With analyzing
the experiment result, we also found the variance of the NMI
decreases inversely with d. Therefore, the ensembling can
improve grouping quality and robustness.

V. CONCLUSION

In this paper, we investigated and utilized the characteristic
of the group movement of objects to explore the group
relationship in the OTSN. In contrast to the centralized mining,
we proposed a novel distributed mining algorithm that con-
sists of the GMPMine algorithm and the Cluster Ensembling
algorithm to leverage the object moving patterns in grouping
objects. We used the VMM model together with Probabilistic
Suffix Tree (PST) in learning the moving patterns, as well
as Highly Connected Component (HCS) for partitioning the
objects in the GMPMine algorithm. In the Cluster Ensembling
algorithm, we utilized Jaccard as the similarity measurement
and NMI to evaluate the partition result in order to achieve
better grouping quality. Our experiment results showed that
our algorithm can effectively distinguish groups of objects and
achieve good grouping quality and robustness.
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