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Abstract— In biological research domain like “Study of animal social behavior” and “Wild life migration” object tracking 
sensor networks are used. In this application concentrating on finding the group of object with similar movement pattern 
using distributed mining techniques. But generally WSN concentrating on finding moving patterns of single object or all 
objects. Tracking moving objects having two phases i.e. mining phase and cluster ensembling phase. In first phase of 
algorithm we find movement patterns based on local data then we are identifying new term of similarity measure of to 
computing the similarity of moving objects and find relationship between them. In second phase algorithm combine the local 
grouping results to derive the group relationship from global view. We hope that the final output shows that the proposed 
mining algorithm achieves good grouping quality and the mining technique helps reduce the energy consumption by 
reducing the amount of data to be transmitted.  
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I. INTRODUCTION 
 
Many novel applications like object tracking, 
environmental monitoring, and location-
dependent service. Generate large amounts of 
location data, and many approaches focus on 
processing the collected data to identify the 
repeating movement patterns of objects of 
interest. In object tracking applications, many 
natural phenomena show that moving objects 
a r e  h a v i n g  s o m e  t y p e  of regularity in their 
movements. For example, the famous annual 
wildebeest migration demonstrates that the 
movement of creatures is temporally and 
spatially correlated. In addition, biologists have 
found that many wild animals form large social 
groups when migrating for different reasons. Some 
research domains, such as the study of animals’ 
social behavior and wildlife migration are more 
concerned with a group of animals’ movement 
patterns than each individual’s. This raises a new 
challenge of finding moving animals belonging 
to the same group and identifying their 
aggregated movement patterns. 
Many researchers model the temporal-and-spatial 
correlations of moving objects as sequential 
patterns in data mining, and various algorithms 
have been proposed to discover frequent 
movement patterns [5], [11], [14], [15], [16]. 
However, such works only consider the 
movement characteristics of a single object or all 
objects. 
Instead of applying global clustering on entire 
trajectories, examining partial trajectories of 
individual areas shows more opportunities of 
revealing the local group relationships of 
moving objects. Another reason for discovering 
the group relationships and movement patterns 
behind the trajectories of moving objects is to 
reduce tracking costs, especially in resource- 

 
constrained environments like WSNs. Most 
applications incorporate data aggregation 
techniques to combine data from multiple 
sources and filter   redundant data;   and thereby, 
reduce the amount of data and by extension the 
energy consumption. 
In this paper scenario is like that first we 
discovering group of moving object and then 
find out group movement patterns in distributed 
manner. Initially we propose distributed mining 
algorithm that retrieves local group information. 
Cluster ensembling algorithm that combines and 
improves the local grouping result. To 
addressing energy conservation issues in WSN. 
Instead processing location data at central server 
here data are processed and indentify the local 
group result at sensor node level and root node 
or sink node only do the further ensembling. 
This paper constitutes the term likewise propose 
distributed mining framework to discover group 
relationship as well as group movement pattern. 
in section 2,we are reviewing related works 
,provide an overview or our location model and 
network model. In section3 we describe the 
design of our distributed mining algorithm. 
Then, in section 4, we summarize our 
conclusions. 
 
II. LITERATURE REVEIW 
 
2.1 .1RELATED WORK 
The temporal-and-spatial correlations and the 
regularity in the trajectory data sets of moving 
objects are often modeled as sequential patterns 
for use in data mining. Agrawal and Srikant  [1] 
first defined the sequential pattern mining 
problem and proposed an Apriori-like algorithm 
to  mine frequent sequential patterns. Han et al. 
proposed Free Span [6], which is an FP-growth-
based algorithm that addresses the sequential 
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pattern mining problem by considering the 
pattern-projection method. Moreover, a number 
of research works have been elaborated upon 
mining traversal patterns for various applications 
However, sequential patterns or path traversal 
patterns do not provide sufficient information 
for location prediction or clustering. The reasons 
are as follows:  First, for sequential pattern 
mining or path traversal pattern mining extract 
frequent patterns of all objects, meaningful 
movement characteristics of indivi- dual objects 
may be ignored. Second, a sequential pattern or a 
traversal pattern carries no time information 
between consecutive items, so they cannot 
provide accurate in- formation for location 
prediction when time is concerned. Third, 
sequential patterns are not full representative to 
individual trajectories because a sequential 
pattern does not contain the information about the 
number of times it occurs in   each   individual 
trajectory. To discover significant patterns for 
location prediction, Morzy proposed Apriori- 
Traj and Traj-Prefix Span [11] to mine frequent 
trajectories. However, the above Apriori-like or 
FP-growth-based algorithms suffer from 
computing effi- ciency or memory problems, 
which make them unsuitable for use in resource-
constrained environments. In addition, they 
focus on discovering frequent patterns of all 
objects. 
 
2.1.2 Trajectory Clustering 
Recently, clustering based on objects’ movement 
behavior has attracted more attention. For 
example, Li et al. [10] employ moving Micro 
clusters (MMC) to discover and maintain a 
cluster of moving objects online. Meanwhile, Lee 
et al. [9] proposed trajectory clustering to 
discover popular movement paths. Nanni and 
Pedreschi [12] apply a density-based clustering 
algorithm to the trajectory clustering problem 
based on the average euclidean distance of two 
trajectories. However, the above works that 
discover group information based on the 
proportion of the time a group of users stay close 
together or the average euclidean distance of the 
entire trajectories may not reveal the local group 
relationships, which are required for many 
applications. 
 
2.1.3 Similarity Measurement- 
Identifying the similarity (or distance) between 
two trajectories is essential for clustering. 
Computing the average Euclidean distance of 
two geometric trajectories is a simple and useful 
approach. Therefore, approximation or 
summarization techniques are used to represent 
original data for providing scalability. There are 
two issues of this approach. First, as mentioned 
previously, sequential patterns are unsuitable 

for our applications. Second, since meaningful 
patterns are under pruned if the minimum 
support thresh- old is not adequate. Yang and 
Wang [53] employ a probabilistic suffix tree to 
learn the structural features of sequences and 
proposed a new similarity measure which 
computes the similarity of a probabilistic suffix 
tree and a sequence. Their clustering algorithm 
iteratively identifies a sequence to a cluster   and 
adjusts the representative probabilistic suffix 
tree for each cluster. 
 
2.1.4 Distributed clustering 
Distributed clustering is an important research 
topic. Most of the approaches proposed in the 
literature focus on seeking a combination of 
multiple clustering results to achieve better 
clustering quality, stability, and scalability. For 
example, Strehl and Ghosh [13] introduced and 
formulated the clustering ensemble problem to 
a hyper- graph partitioning problem, and 
proposed CSPA, HGPA, and MCLA to compute 
the best K-partition of the graph. Ayad et al. [8] 
presented a probabilistic model to combine 
cluster ensembles by utilizing information 
theoretic mea- sures. Fred and Jain [4] combine 
multiple runs of the K-means algorithm with 
random initializations and random numbers to 
obtain the final consensus partition. 
 
 2.2 Hierarchical Network Structure and Location 
Model Many researchers believe that a 
hierarchical architecture provides better 
coverage and scalability, and  also  extends the 
network lifetime of WSNs  [13], [17]. In a 
hierarchical WSN, such as that proposed in the 
energy, computing, and storage capacity of sensors 
are heterogeneous. A high- end sophisticated 
node is assigned as a CH to perform high 
complexity tasks; while a resource- constrained 
node performs the sensing and low complexity 
tasks. In this work, we adopt a hierarchical and 
cluster-based network structure with K layers. 
Sleep mode.  The CH aggregates the data and 
forwards it to the CH of the upper layer. The 
process is repeated until the sink node receives the 
location data. The data flow is as shown in Fig. 1. 
When a task of discovering the group 
relationships of objects is assigned, it is 
unnecessary to transmit all the location data to the 
sink for post processing. In our design, CHs 
collect the location data for a period and generate 
location sequence data sets locally. Then, based on 
the data sets, our mining algorithm tries to 
discover the group relationships about the objects 
of interest. We employ a symbolic model and take 
the sensors’ IDs as the locations of an object of 
interest. Sensors are closely deployed to ensure 
complete coverage of the monitored area, but 
this causes consistency and redundancy 
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problems. Techniques like the Received Signal 
Strength (RSS)  simply estimate an object’s 
location  based  on  the  ID the sensor with  the 
strongest signal and eliminate unnecessary 
transmissions. 

Figure 1-Hierarchical Network structure 
 
2.3   Variable Length Markov Model (VMM) and 
Probabilistic Suffix Tree (PST) If the movement of 
an object is regular, the object’s next location can 
be predicted based on its preceding locations. We 
leverage the temporal-and-spatial correlations of 
the moving object and   use a VMM to model   the 
statistics. Under this model, an object’s movement 
is modeled by the conditional probability 
distribution over Σ for a given location sequence 
data set. Among many implementations of VMM, 
PST has the lowest storage requirement. The PST 
building algorithm extracts significant patterns 
from a data set, prunes unnecessary nodes during 
tree construction, and then generates a PST. The 
PST algorithm has an excellent capacity for extract 
ing structural information from sequences. Its low 
complex- ity, i.e., O(l) in both time and space [2], 
makes it more attractive to be used  in streaming 
or resource-constrained environments. 
Compared with algorithms that mine all accurate 
frequent patterns, the compact tree structure and 
the controllable size of a PST are particularly 
useful in resource-constrained environments. For 
example, if the conditional probabilities of a 
pattern “wxyz” are similar to those of “xyz,” PST 
will only store “xyz.”  Moreover, PST is efficient in 
predicting the occurrence probability of a 
sequence or predicting the next symbol of a 
sequence. Further details   about the PST building 
algorithm and related discussions about 
parameter setting can be found in [8]. 
 
III. DESIGN OF THE DISTRIBUTED 

MINING ALGORITHM 
 
In  this  work,  we  model  the  movement of an 
object  by  a VMM,  and  use  a  PST to  mine  the 

significant movement patterns. The advantages 
of PST include its computing and storage 
efficiency as well as the information it carries. In 
the tracking application, objects are tracked 
periodically so that the time interval of 
consecutive items of a location sequence is 
implied. The PST building algorithm scans the 
sequence for significant movement patterns, 
whose items are con- strained to be consecutive in 
the location sequence. This is also why the 
computing cost is much lower than sequence 
pattern mining. Moreover, a PST provides us 
important information in similarity comparison. 
For a pattern and a PST, we can predict the 
occurrence probability of the pattern, which is 
viewed as the importance of the pattern 
regarding the PST. 
A set of moving objects is regarded as belonging 
to the same group if they share similar movement 
patterns. In this section, Hsiao-Ping Tsai, De-
NianYang, and Ming-Syan Chen [18] propose a 
new similarity measure to define the pair wise 
similarity of moving objects. The advantages of 
the new proposed similarity measure simp 
include its efficiency and its accuracy. First, simp 
compares the similarity of two objects based on 
their significant movement patterns instead of 
their entire location sequences. With the definition 
of simp, two objects are similar if their similarity 
score is above a minimal threshold. A set of 
objects is regarded as a group if each object is 
similar to at least half the members of the same 
group. To tackle the problem of discovering 
groups of moving objects, we propose a 
distributed mining algorithm. Comprised of a 
DGMM algorithm and a CE algorithm as shown 
in Fig. 3. The   DGMM   algorithm uses   a PST to 
generate the significant movement patterns and 
computes the pairwise similarity of moving 
objects by using simp. It utilizes the HCS algorithm 
to cluster the moving objects into non- overlapped 
groups. To address the energy  consumption 
problem in WSNs, our algorithm only transmits 
the local grouping result  Gi   to  the  sink.The sink 
then apply cluster encembling (CE)algorithm to 
combine local grouping results. The   CE algorithm 
utilizes the Jaccard similarity coefficient to 
measure the similarity between a pair of objects, 
and normalized mutual information (NMI) to 
derive the final ensembling result GO . 
 
3.1The DGMM Algorithm 
 
Algorithm:DGMM 
Input: Š, sim min.pmin,Lmax, Σ, 
Ouput:grouping result,Associated group movement 
pattern,group number 
Step1:Extract Movement pattern of each object from 
location sequences through building PSTs for all 
objects. 
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Step2: Compute similarity factor and construct 
similarity graph in which the objects are connected to 
each other by edge those are similar or in same group. 
Step3:Extract highly connected component which 
gives group information.. 
Step4: Construct PST for each group In order to 
reduce memory space. 
In the step1, we learn the movement patterns and 
construct a PST for each object, for the location 
sequence data set with N location sequences, we 
compute the movement patterns and generate N 
PSTs. In next step we compute the similarity of 
two objects based on their PSTs by using simp. We 
compute the similarity score for each pair of 
objects and construct an unweighted, undirected 
similarity graph. In the step3, we partition the 
similarity graph to generate the grouping result. 
The properties of the HCS algorithm [7] make it 
suitable for use in our tracking applications. 
First, it derives group relationships based on the 
graph’s connectivity without any parameter 
tuning. Second, the output sub graphs do not 
need to have the similar number of nodes. The 
above steps extract the group information and 
object movement patterns. In this step, we 
retain the most representative PST of a group of 
objects for storage efficiency. 
Therefore, we choose the PST with the largest 
aggregate probability for a group of objects. 
 
 3.2 The Cluster Ensembling Algorithm. We 
propose using the cluster ensembling algorithm to 
combine multiple local grouping results. The 
algorithm solves the inconsistency problem and 
improves the grouping quality In the  previous 
sections, each  CH  collects  location  data  locally 
and generates group information with  the 
proposed DGMM  algorithm. Since objects may 
not pass through all the clusters, and the group 
relationships of objects may vary in different 
areas, the local grouping results may be 
inconsistent.  For example, if objects walk   close 
together across a canyon, it is reasonable to 
consider them a group. In contrast, objects 
scattered in grassland is hardly identified as a 
group. Furthermore, in the case where   a group 
of objects move across the margin of a sensor 
cluster, the group relationship is difficult to 
determine. Therefore, we propose using the 
algorithm to combine multiple local grouping 
results. The algorithm solves the inconsistency 
problem and improves the grouping quality 
Algorithm: cluster ensembling. 
 
Input: set of moving objects, set of,threeshold 
,ensemble of k local grouping result 
 
Output: ensembling grouping result 
 
Step1:building similarity matrix by jaccord similarity 

coefficient based on local grouping result. 
 
Step2:generates a partitioning result and derives an 
unweighted and undirected graph for each threshold 
values of result. using conditions like as  similarity 
of two objects is less than threeshold value then add 
s an edge between that two objects in similarity 
graph. 
Step 3:select the partition with maximum NMI 
between all group results 
 
In the first step, the algorithm measures the 
similarity of each pair of objects to construct a 
similarity matrix based on the local grouping 
results. In the second step, based on SM, the 
algorithm generates a partitioning result Gδ, and 
derives an unweighted, undirected graph for each δ ϵ 
D as follows:  
For each Sij in SM , if Sij > δ, the algorithm adds an 
edge between oi and oj to the similarity graph . It 
then partitions the graph to generate a partitioning 
result Gδ by HCS algorithm 
In the final step, the algorithm uses NMI to select the 
ensembling result Gδ̍ . For a set of thresholds D. 
 
CONCLUSION 
 
In contrast with centralize mining technique, we 
mine the group information in a distributed manner. 
We propose a DGMM algorithm and cluster 
ensembling algorithm to indentify group 
information. Using the mined objects movement 
patterns and group information we will implement 
energy efficient sensor network. It introduces CH 
concept due to that preprocessing is completed at 
lower  node level and desired resulted data processed 
by sink node so time get minimizes, also energy 
consumption get reduced. it focuses on group 
information in data aggregation to eliminate 
redundant updates data. 
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