Exploring Group Moving Pattern for an
Energy-Constrained Object Tracking Sensor
Network

Hsiao-Ping Tsai, De-Nian Yang!, Wen-Chih Peng?, and Ming-Syan Chert

! National Taiwan University
{hptsai@arbor, tony@kiki, mschen@cc}.ee.ntu.edu.tw
2 National Chiao Tung University
wcpeng@cs.nctu.edu.tw

Abstract. In this paper, we investigate and utilize the characteristi ¢
of the group movement of objects to achieve energy conservaton in the
inherently resource-constrained wireless object tracking sensor network
(OTSN). We propose a novel mining algorithm that consists of a global
mining and a local mining to leverage the group moving patter n. We
use the VMM model together with Probabilistic Sux Tree (PST ) in
learning the moving patterns, as well as Highly Connected Component
(HCS) that is a clustering algorithm based on graph connecti vity for

moving pattern clustering in our mining algorithm. Based on the mined
out group relationship and the group moving patterns, a hier archically
prediction-based query algorithm and a group data aggregation algo-
rithm are proposed. Our experiment results show that the energy con-
sumption in terms of the communication cost for our system is better
than that of the conventional query/update based OTSN, espe cially in

the case that on-tracking objects have the group moving characteristics.
Key Words: OTSN, Grouping, Data Aggregation, Prediction.

1 Introduction

Energy conservation is paramount among all design issues ithe inherently
resource-constrained Object Tracking Sensor Network (OT8I). However, the
current energy conservation mechanisms and algorithms mayot be properly
suitable for WSN because WSN diers from other network in mary aspects
[1][2][3]- Energy conservation in OTSN is even a harder a ai because the target
objects are moving. Many researches aim for designing an ergy e cient OTSN.
In [4][5], a cluster-based or tree-based local network ca@borates multiple nearby
sensors to handle the tracking task. By utilizing the local retwork, data aggrega-
tion and on-o scheduling are applied for reducing communi@tion cost, saving
energy, or prolonging the lifetime of the e cient route to th e sink. However,
while the object moving speed is relatively high, the frequacy in rebuilding an
energy e cient route and the complexity in maintaining a loc al network make
the route and network structure no longer e cient. Predicti on-based schemes



predict the future movement of the on-tracking objects accading to their lat-
est detected or average velocity to allow an energy e cient wvake-up mechanism
[6][7]. Probability-based prediction approaches take adantage of object moving
patterns for future location prediction [8][9][10][11]. While investigating the fac-
tors that dominate energy cost of OTSN, we observe that many ceatures such as
animals, birds, or insects have social behavior that is theyusually form mass or-
ganization and migrate together for food, breeding, winteing or other unknown
reasons. The famous annual wildebeest migration is an exang Many water
birds such as Black-faced Spoonbill have patterned ight-math. Ultradian rhyth-
mus phenomenon can be found in insect world. Each year, mihns of monarch
butter ies travel from Canada to Mexico and back again. These examples points
out that the movement of creatures is correlated in space andlependent in time.
Our point is that if the group relationship can be explored and the next location
of a group of objects can be predicted together, the long disince network tra ¢
for query can be reduced and the update data can be aggregatedhat's the
main idea of the paper and to our best knowledge, this is the st study that
considers group relationship and object movement simultaeously in OTSN.

In this paper, we propose a group moving pattern mining algoithm, a hier-
archically prediction-based query algorithm, and a group cata aggregation algo-
rithm. Our contribution has two folds: rst, exploring grou p relationship among
object moving patterns. Second, based on the group moving figern, an e cient
energy-constrained OTSN is designed. In our algorithm, a gsup probabilistic
su x tree (GPST) is used to predict objects' next locations i n hierarchically
prediction-based query algorithm. The group data aggregabn algorithm uti-
lizes group information in local and small scale data aggregtion. The rest of
the paper is organized as follows. Preliminaries, de nitims and problem formu-
lation are presented in Section 2. Algorithms for mining graip moving patterns,
a hierarchically prediction-based query algorithm, and ane cient group data
aggregation algorithm are proposed in Section 3. Experimes are presented in
Section 4. This paper concludes with Section 5.

2 Preliminaries, De nitions, and Problem Formulation

2.1 Preliminaries

Hierarchical Sensor Network In a hierarchical WSN, nodes are heteroge-
neous in energy, computing and storage capacity. Higher-argy node can be
used to perform high complexity computing and send data whié low-energy
node can be used to perform the sensing and low complexity cqmting. A sen-
sor equipped with higher energy acts as a cluster head (CH) onvhich high
complexity task are assigned. In this paper, we adopt the hiearchical cluster
structure. Sensors within a cluster have a locally unique id and CH logical rep-
resents sensors within the cluster and acts as a sensor in wiefrom upper layer.
When a sensor detects an on-tracking object, it informs the dcation information
to the CH. The CH aggregates location information then forwads to CH of up-
per layer. The process repeats until sink receives the locatn information. Here,



location information of an object is the corresponding sensr id. The movement
of an object is represented by a sequence of sensor id visitéy the object.

Location Modeling ~ The movement dependency is that the next location in
a moving sequence can be predicted from the sequence of prduogy locations.
We use Variable Markov Model (VMM) for learning statistic of object moving
sequences and also a data structure called Probabilistic SuTree (PST) is used
together for mining signi cant moving patterns [12]. PST building algorithm
is an e cient lossy compression scheme that converts a largedata set into a
variable length tree. The tree represents a dictionary of gjni cant sequences
that are meaningful for predicting next location.

2.2 De nitions and Problem Formulation

De nition 1.  Group Data Aggregation Radius (GDAR) is the number of hop
counts between a sensor and its furthest neighbor in the pactpation of the group
data aggregation.

De nition 2.  Moving Sequence is a sequence of sensor id visited by one or a
group of objects. Moving Speed is the humber of sensor that abject crosses in
a time unit.

Given a moving sequence data set, our problem is to nd the grap relation-
ship and the group moving pattern and obtain an energy e cient hierarchical
OTSN.

3 Designs and Algorithms for OTSN

While a sensor detects an object, it invokes a group data agggation and then
informs a list of detected objects and a sensor id to the CH. CH therefore collect
objects' moving sequences within its cluster. In this sectin, we rst present the
group moving pattern mining algorithm and then propose an e cient object
tracking sensor network.

3.1 Group Moving Pattern Mining Algorithm

The group moving pattern mining algorithm has four steps: bulding PST for
each object, constructing a similarity graph on PSTs, extracting highly-connected
components, and selecting Group Probability Sux Tree (GPST). After the

mining is performed, CH sends the group information to upperlayer and gets a
group id in return. The group information, group id and GPST are used in the
hierarchically prediction-based query and group data aggegation.

Building PSTs for All Objects The movement data set in the CH is a set
of moving sequences collected within this cluster. In the sp, the CH builds a
PST for each object. The Build-PST algorithm is shown in Figure 1.



Build - PST(P min, , min T L)
1.Initialization :

LetT consistof asinglerootnode(with anemptylabel)andlet S - { | T and F( )3 Pmm}
2.Building thePSTskeleton

WhileS? 7 ,pickanysl  anddo:

(a) RemovesfromS.

(b) If thereexistsasymbols suchthatP( s)3 (1+ )"

P( |S) 3ror P( |s) £1 , thenaddtoT thenodefor sandall thenodesonthe
P( |suf(s)) P( |suf(s)) r

pathtosfrom thedeepeshodein T that isasuffix of s.

(c) If |s|< Lthenaddthestrings{ ¢s| @ and F( ¢s) 3 Pmm} toS if any.
3.Smoothinghepredictionprobabilifes:

Foreachnodesin T, let s( ):(1—| | min)' P( |s)+ min

and

Fig. 1. The Build _PST Algorithm [12]

Constructing a Similarity Graph on PSTs Given n PSTs, we want to
group them according to their structural similarities. The similarity score sim,
of two PSTs is de ned as follows,

rp

. P P Pi( js) P Pa( js))?
simp=  log( . , (Pi(s) 1(jJSj) 2(s) Pa( j9) ) )
S

It is a combination of condition probability and Euclidean distance over the
union of node symbol strings of the two PST. The union is idented by S. If
simp of two PSTs is higher then a given threshold, we consider theyre similar.
After comparing each pair of the given PSTs, we have pair reldonship among
all objects that forms a graph. Then the problem is transformed to be a graph
connectivity problem.

Extracting highly-connected components Connectivity k(G) of a graph
G is de ned as the minimum number of edges whose removal resudtin a dis-
connected graph. Given a graph withn nodes, we partition the graph into sub-
graphs such that the subgraphs are highly connected. We paition the graph G
if k(G) < 5. The highly connected component is an induced subgrapic® G
such that GUis highly connected [13]. The nodes in a highly connected sgoaph
has degree at Ieasl%0 which means that each node in the subgraph has similar-
ity relation with at least half nodes in the subgraph. The HCS cluster algorithm
is shown in Figure 2. The clustering problem is then convertd to a min-cut
problem. A simple min-cut algorithm [14] is utilized in part ition of the nodes.

Selecting Group Probabilistic Su x Tree In last step, the similarity graph
is partitioned into highly connected subgraphs. If the sizeof the subgraphs is
higher than a given threshold, the objects corresponding tothe subgraph are
considered as an e cient group. The threshold is selected sth that the e ciency



min_cut(G) ® cut

cut(G) ® G1,Gz | | return G |

Fig. 2. The HCS Algorithm

gained on group based query algorithm and group data aggredian deserves the
mining. After groups are found, a most representative PST naned GPST is
heuristically selected for each group such that the storageost is reduced.

3.2 The Energy E cient Object Tracking Sensor Network

The energy e cient OTSN includes a hierarchically predicti on-based query al-
gorithm and a group data aggregation algorithm. The prediction-based query
algorithm exibly determines to query for an individual obj ect or a group of
objects by one query. If on-tracking objects belong to a grop, a group query
can be applied such that not only ooding-based network tra c is eliminated
but long-distance network tra c is reduced. In addition, th e total data amount
for the updates is further compressed under acceptable lotian precision by
the group data aggregation algorithm. In the best situation, only one query is
required in querying for a group of objects, and only one updte is required in
each updating interval for a group of objects.

Hierarchically Prediction-based Query Algorithm After the groups and
their best t GPSTs are produced. The information is sent to t he CHs such that
a group query and group update can be achieved e ciently. Forthe query-based
OTSN, while receiving a query, the sink rst predicts the most possible cluster
that the object is currently located by using GPST and then sends the query to
the CH. While the CH receives the query, it performs another pediction to get
the most possible sensor that can detect the object. After reeiving the query, the
sensor invites its neighbors within GDAR to participate in t racking the object.

Group Data Aggregation Algorithm For the update-based OTSN, while an
object is detected by a sensor, a group data aggregation press is initiated. The
sensor performs as the master sensor that invites its neighdss within GDAR to

collaborate in tracking objects and handles the local data ollection for a period.
After that, the master sensor reports to the CH about the detected objects and



the id of the sensor that detects most objects. Finally, the CH further compresses
total data amount by using group id and Iters redundant data according to the
speci ed precision.
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Fig. 3. Network tra c comparison.

4 Experiments

We implemented an event driven simulator in C++ with SIM [15] to evaluate
the performance of our design. In the simulation, we use a Lation-Dependent
Parameterization of a Random Direction Mobility Model [16] to simulate the
roaming behavior of a group leader. The other members are fldwers that are
uniformly distributed around the leader within a specied G roup Dispersion
Range (GDR). The metrics used in evaluating our design are tkb amount of
transmitted data in bytes per sensor (network tra ¢) and the average distance
between observed location and real location of all objectslgcation distance).

4.1 Experiment 1

Inthe rst experiment, we compare the performance between onventional query-
based OTSN (CQ) and our group prediction query-based OTSN (®) as well
as conventional update-based OTSN and our group aggregatioupdate-based
OTSN (GU). The sink has to persistently query for an object in query-base
OTSN, and the sensors surrounding target objects persistaly update the loca-
tions of objects in update-base OTSN. Figure 3(a) shows thathe network tra ¢
of CQ is about 20 times of GQ at the same location distance (~D). While the
moving speed is higher, the rate is higher. Figure 3(b) showshat the network
cost in CU about 1.48 time of GU at the same location distance £1.0). While
object moving speed is low, CU can achieve high location prégion at a compa-
rable network cost. However, if the object moving speed is fgher, in order to



Fig. 4. (a)The impact of object moving speed on the location precisi on. (b)The impact
of GDR on the network tra c.

achieve the same location precision, the update frequencynéreases and incurs
much more tra ¢ than GU.

4.2  Experiment 2

In the experiment, we study the impact of object moving speedand query inter-

val on the location precision in GQ. The results in Figure 4(3 show that higher

query frequency leads to a better location precision. Besigs, at the same query
interval, if the object moving speed is higher, the locationprecision is lower. To
achieve higher location precision, higher query frequencis required.

4.3 Experiment 3

Figure 4(b) shows the impact of GDR. Higher GDR means that obpcts are more
scattered such that a larger GDAR is required. GDAR is an impatant parameter

that in uences both the location information collecting ra nge and object query
snooping range. If GDR is higher, GDAR is set to be larger, andherefore more
local in-network tra c is incurred.

5 Conclusions

In the paper, a group moving pattern mining algorithm, a prediction-based rout-
ing algorithm, and a group data aggregation algorithm are pioposed. A simula-
tion is conducted in light of the performance of the algorithms. Our contribution

has two folds: rst, exploring group relationship among object moving patterns.
Second, based on the group moving pattern, an e cient predi¢ion-based query
algorithm and an e cient data aggregation algorithm for OTS N are provided.
According to our experiments, the explored group relation&ip and group moving
pattern are adopted to predict the group location such that the amount of query
network tra c is signi cant reduced. The amount of update ne twork tra c that



is incurred by reporting the location of monitored objects is also greatly reduced
especially while the group density of monitored objects arehigh. In addition,
the adaptive data aggregation range improves the predictia hit rate.
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