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Abstract
In this work, we exploit the characteristics of group movements 
to discover the information about groups of moving objects in 
tracking applications. we first propose an efficient distributed 
mining algorithm to jointly identify a group of moving objects 
and discover their movement patterns in wireless sensor networks. 
With the discovered information, we propose a compression 
algorithm, called 2P2D algorithm, which exploits the obtained 
group movement patterns to reduce the amount of delivered 
data. The compression algorithm includes a sequence merge and 
an entropy reduction phases. In the sequence merge phase, we 
propose a Merge algorithm to merge and compress the location 
data of a group of moving objects. In the entropy reduction phase, 
we formulate a Hit Item Replacement (HIR) problem and propose 
a Replace algorithm that obtains the optimal solution. Moreover, 
we devise three replacement rules and derive the maximum 
compression ratio. Our experimental results show that the 
proposed compression algorithm effectively reduces the amount 
of delivered data and enhances compressibility and, by extension, 
reduces the energy consumption expense for data transmission in 
WSNs. We are using these algorithms to find out the performances 
on the bases on time complexity and space complexity by using 
visualization technique.
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I. Introduction
Recent advances in location-acquisition technologies, such as 
Global Positioning Systems (GPSs) and Wireless Sensor Networks 
(WSNs), have fostered many novel applications like object tracking, 
environmental monitoring, and location-dependent service. These 
applications generate a large amount of location data, and thus, 
lead to transmission and storage challenges, especially in resource 
constrained environments like WSNs. To reduce the data volume, 
various algorithms have been proposed for data compression and 
data aggregation [1-6]. As a result we have millions of databases 
today used in business management, Government administration, 
Scientific & engineering data management, marketing management, 
fraud detection and in many other applications. Today the number 
of such databases has increased and beeps growing rapidly because 
of powerful relational database systems. This exclusive growth in 
databases in modern world raises the need of data analysis. The 
business organizations, Government Organizations & Scientific 
organizations by using relational database system maintains large 
repository of volumes of data related to the business transactions. 
In recent years people want to study the existing large volumes 
of data, comparing the data and using this comparison they 
are taking decisions for improving the business growth of the 
organizations. This is called Data analysis. This Data analysis is 
becoming more and more important to implement decision support 
systems. To perform this data analysis efficiently and effectively 
today we need new techniques and tools that can intelligently and 

automatically transform the processed data into useful information 
and knowledge. This process is called data mining. As a result data 
mining has become a research area with increasing importance.
Data mining also referred to as knowledge discovery in database 
is a process of extraction of unknown and potentially useful 
information from the databases. This information is called 
knowledge. Data mining is a process of extraction hidden patterns 
from the existing data. It is also called knowledge mining from 
databases, knowledge extraction, data archeology, and data 
dredging. Data mining is the process of discovering meaningful 
new correlation patterns and trends by analyzing large amounts of 
data stored in repositories using pattern recognition technologies, 
statistical & mathematical techniques. The combination of data 
mining with the help of heuristic searches, artificial intelligence 
and expert systems is more efficient and effective to search the 
data from large volumes of repository. By knowledge discovery 
in databases, intensity knowledge, resultant or any high level 
information from large volumes of data in databases and this 
knowledge information can be investigated from different angles, 
in different views, with different parameters.
Mining information knowledge from large databases has been 
recognized in the industry area as a key research topic, the 
discovered knowledge can be applied to information management, 
query processing, decision making, and process control and in 
many other applications. Data mining tools predict future tense and 
behavior. This allows business organizations to make proactive 
and knowledge driven decisions. Data Mining tools can answer 
business questions the traditionally time consuming to resolve the 
search databases for hidden pattern finding predictive information 
that experts required to take decisions.

Fig. 1: Data Mining as a Step in an Interactive Knowledge 
Discovery Process

Researchers in many different fields including database systems, 
knowledge base systems, artificial intelligence, machine learning, 
knowledge acquisition, statistics, special databases and data 
visualization have shown great interest in data mining. Furthermore 
several applications in information providing services such as 
online services and World Wide Web also require various data 
mining techniques to better understand user behavior, to improve 
the service provided and to improve the business services. In 
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response to such a demand and need our system (paper) is to 
provide an implementation of clustering techniques to classify the 
data efficiently and effectively from large volumes of data.

II. Related Work

A. Movement Pattern Mining
Agrawal and Srikant [7] first defined the sequential pattern 
mining problem and proposed an Apriori-like algorithm to find 
the frequent sequential patterns. Han et al. consider the pattern 
projection method in mining sequential patterns and proposed 
FreeSpan [8], which is an FP-growth-based algorithm. Yang and 
Hu [9] developed a new match measure for imprecise trajectory 
data and proposed TrajPattern to mine sequential patterns. Many 
variations derived from sequential patterns are used in various 
applications, e.g., Chen et al [10]. Discover path traversal patterns 
in a Web environment, while Peng and Chen [11] mine user moving 
patterns incrementally in a mobile computing system. However, 
sequential patterns and its variations like [10-11] do not provide 
sufficient information for location prediction or clustering. First, 
they carry no time information between consecutive items, so they 
cannot provide accurate information for location prediction when 
time is concerned. Second, they consider the characteristics of all 
objects, which make the meaningful movement characteristics of 
individual objects or a group of moving objects inconspicuous 
and ignored. Third, because a sequential pattern lacks information 
about its significance regarding to each individual trajectory, they 
are not fully representative to individual trajectories. To discover 
significant patterns for location prediction, Morzy mines frequent 
trajectories whose consecutive items are also adjacent in the 
original trajectory data [12-13]. However, the above Apriori-like 
or FP-growth- based algorithms still focus on discovering frequent 
patterns of all objects and may suffer from computing efficiency 
or memory problems, which make them unsuitable for use in 
resource-constrained environments.

B. Clustering
Recently, clustering based on objects’ movement behavior has 
attracted more attention. Wang et al. [14] transform the location 
sequences into a transaction-like data on users and based on which 
to obtain a valid group, but the proposed AGP and VG growth are 
still Apriori-like or FP-growth based algorithms that suffer from 
high computing cost and memory demand. Nanni and Pedreschi 
[15] proposed a density-based clustering algorithm, which makes 
use of an optimal time interval and the average euclidean distance 
between each point of two trajectories, to approach the trajectory 
clustering problem. However, the above works discover global 
group relationships based on the proportion of the time a group of 
users stay close together to the whole time duration or the average 
euclidean distance of the entire trajectories. Thus, they may not 
be able to reveal the local group relationships, which are required 
for many applications. In addition, though computing the average 
euclidean distance of two geometric trajectories is simple and 
useful, the geometric coordinates are expensive and not always 
available. Approaches, such as EDR, LCSS, and DTW, are widely 
used to compute the similarity of symbolic trajectory sequences 
[16], but the above dynamic programming approaches suffer from 
scalability problem [17]. To provide scalability, approximation 
or summarization techniques are used to represent original data. 
Guralnik and Karypis [17] project each sequence into a vector space 
of sequential patterns and use a vector-based K-means algorithm 
to cluster objects. However, the importance of a sequential pattern 

regarding individual sequences can be very different, which is not 
considered in this work. To cluster sequences, Yang and Wang 
proposed CLUSEQ [18], which iteratively identifies a sequence 
to a learned model, yet the generated clusters may overlap which 
differentiates their problem from ours.

C. Data Compression
Data compression can reduce the storage and energy consumption 
for resource-constrained applications. In [1], distributed source 
(Slepian-Wolf) coding uses joint entropy to encode two nodes’ data 
individually without sharing any data between them; however, it 
requires prior knowledge of cross correlations of sources. Other 
works such as [2-4], combine data compression with routing by 
exploiting cross correlations between sensor nodes to reduce the 
data size. In [5], a tailed LZW has been proposed to address the 
memory constraint of a sensor device.

Fig. 2: (a) The hierarchical- and cluster-based network structure 
and the data flow of an update-based tracking network. (b) A flat 
view of a two layer network structure with 16 clusters

Summarization of the original data by regression or linear 
modeling has been proposed for trajectory data compression [3], 
[6]. However, the above works do not address application-level 
semantics in data, such as the correlations of a group of moving 
objects, which we exploit to enhance the compressibility.

III. 2P2D Compression Algorithm
A WSN is composed of a large number of miniature sensor nodes 
that are deployed in a remote area for various applications, such as 
environmental monitoring or wildlife tracking. These sensor nodes 
are usually battery-powered and recharging a large number of them 
is difficult. Therefore, energy conservation is paramount among 
all design issues in WSNs [19-20]. Because the target objects are 
moving, conserving energy in WSNs for tracking moving objects 
is more difficult than in WSNs that monitor immobile phenomena, 
such as humidity or vibrations. Hence, previous works, such as 
[21-25], especially consider movement characteristics of moving 
objects in their designs to track objects efficiently. On the other 
hand, since transmission of data is one of the most energy 
expensive tasks in WSNs, data compression is utilized to reduce 
the amount of delivered data. Nevertheless, few of the above 
works have addressed the application-level semantics, i.e., the 
temporal-and-spatial correlations of a group of moving objects. 
Therefore, to reduce the amount of delivered data, we propose the 
2P2D algorithm which leverages the group movement patterns 
compress the location sequences of moving objects elaborately. 
The algorithm includes the sequence merge phase and the entropy 
reduction phase to compress location sequences vertically and 
horizontally. In the sequence merge phase, we propose the 
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Merge algorithm to compress the location sequences of a group 
of moving objects. Since objects with similar movement patterns 
are identified as a group, their location sequences are similar. The 
Merge algorithm avoids redundant sending of their locations, 
and thus, reduces the overall sequence length. It combines the 
sequences of a group of moving objects by (1). trimming multiple 
identical symbols at the same time interval into a single symbol or 
(2) choosing a qualified symbol to represent them when a tolerance 
of loss of accuracy is specified by the application. Therefore, the 
algorithm trims and prunes more items when the group size is 
larger and the group relationships are more distinct. Besides, in 
the case that only the location center of a group of objects is of 
interest, our approach can find the aggregated value in the phase, 
instead of transmitting all location sequences back to the sink for 
post processing. In the entropy reduction phase, we propose the 
Replace algorithm that utilizes the group movement patterns as 
the prediction model to further compress the merged sequence. 
The Replace algorithm guarantees the reduction of a sequence’s 
entropy, and consequently, improves compressibility without 
loss of information. Specifically, we define a new problem of 
minimizing the entropy of a sequence as the HIR problem. To 
reduce the entropy of a location sequence, we explore Shannon’s 
theorem to derive three replacement rules, based on which the 
Replace algorithm reduces the entropy efficiently. Also, we prove 
that the Replace algorithm obtains the optimal solution of the 
HIR problem.

A. Sequence Merge Phase
In the application of tracking wild animals, multiple moving 
objects may have group relationships and share similar trajectories. 
In this case, transmitting their location data separately leads to 
redundancy. Therefore, in this section, we concentrate on the 
problem of compressing multiple similar sequences of a group 
of moving objects.

Fig. 3: An example of the Merge algorithm. (a) Three sequences 
with high similarity. (b) The merged sequence S``

Consider an illustrative example in fig. 3(a), where three location 
sequences S0, S1, and S2 represent the trajectories of a group 
of three moving objects. Items with the same index belong to a 
column, and a column containing identical symbols is called an 
S-column; otherwise, the column is called a D-column. Since 
sending the items in an S-column individually causes redundancy, 
our basic idea of compressing multiple sequences is to trim the 
items in an S-column into a single symbol. Specifically, given a 
group of n sequences, the items of an S-column are replaced by 
a single symbol, whereas the items of a D-column are wrapped 
up between two `/` symbols. Finally, our algorithm generates a 
merged sequence containing the same information of the original 
sequences. In decompressing from the merged sequence, while 
symbol `/` is encountered, the items after it are output until the 
next `/` symbol. Otherwise, for each item, we repeat it n times 
to generate the original sequences. Fig. 3b shows the merged 
sequence S`` whose length is decreased from 60 items to 48 

items such that 12 items are conserved. The example pointed 
out that our approach can reduce the amount of data without loss 
of information. Moreover, when there are more S-columns, our 
approach can bring more benefit.

Table 1: Description of the Notations

When a little loss in accuracy is tolerant, representing items in a 
D-column by an qualified symbol to generate more S-columns 
can improve the compressibility. We regulate the accuracy by 
an error bound, defined as the maximal hop count between the 
real and reported locations of an object. For example, replacing 
items 2 and 6 of S2 by ̀ g` and ̀ p`, respectively, creates two more 
S-columns, and thus, results in a shorter merged sequence with 
42 items. To select a representative symbol for a D-column, we 
include a selection criterion to minimize the average deviation 
between the real locations and reported locations for a group of 
objects at each time interval as follows:

Fig. 4: The Merge Algorithm

Selection criterion. The maximal distance between the reported 
location and the real location is below a specified error bound eb, 
i.e., when the ith column is a D-column, |Sj[i] – σ | ≤ eb must hold 
for 0 ≤ j < n, where n is the number of sequences.
Therefore, to compress the location sequences for a group of 
moving objects, we propose the Merge algorithm shown in Fig. 
4. The input of the algorithm contains a group of sequences {Si|0 
≤ i < n} and an error bound eb, while the output is a merged 
sequence that represents the group of sequences. Specifically, 
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the Merge algorithm processes the sequences in a column wise 
way. For each column, the algorithm first checks whether it is an 
S-column. For an S-column, it retains the value of the items as 
Lines 4-5. Otherwise, while an error bound eb > 0 is specified, 
a representative symbol is selected according to the selection 
criterion as Line 7. If a qualified symbol exists to represent the 
column, the algorithm outputs it as Lines 15-18. Otherwise, the 
items in the column are retained and wrapped by a pair of ``/`` as 
Lines 9-13. The process repeats until all columns are examined. 
Afterward, the merged sequence S`` is generated. Following the 
example shown in Fig. 3a, with a specified error bound eb as 1, 
the Merge algorithm generates the solution, as shown in Fig. 7. 
The merged sequence contains only 20 items, i.e., 40 items are 
curtailed.

B. Entropy Reduction Phase
In the entropy reduction phase, we propose the Replace algorithm 
to minimize the entropy of the merged sequence obtained in the 
sequence merge phase. Since data with lower entropy require 
fewer bits for storage and transmission [26], we replace some 
items to reduce the entropy without loss of information. The 
object movement patterns discovered by our distributed mining 
algorithm enable us to find the replaceable items and facilitate the 
selection of items in our compression algorithm. In this section, 
we first introduce and define the HIR problem, and then, explore 
the properties of Shannon’s entropy to solve the HIR problem. 
We extend the concentration property for entropy reduction and 
discuss the benefits of replacing multiple symbols simultaneously. 
We derive three replacement rules for the HIR problem and prove 
that the entropy of the obtained solution is minimized.

Fig. 5: The Replace Algorithm

Fig. 5, shows the Replace algorithm. The input includes a location 
sequence S and a predictor Tg, while the output, denoted by 
S`, is a sequence in which qualified items are replaced by `.`. 
Initially, Lines 3-9 of the algorithm find the set of predictable 
symbols together their statistics. Then, it exams the statistics of 
the predictable symbols according to the three replacement rules 
as follows: First, according to the accumulation rule, it replaces 
qualified symbols in one scan of the predictable symbols as Lines 
10-14. Next, the algorithm iteratively exams for the concentration 
and the multiple symbol rules by two loops. The first loop from 
Line 16 to Line 22 is for the concentration, whereas the second 
loop from Line 25 to Line 36 is for the multiple symbol rules. In 
our design, since finding a combination of predictable symbols to 
make gain(ŝ`) > 0 hold is more costly, the algorithm is prone to 
replace symbols with the concentration rule. Specifically, after a 
scan of predictable symbols for the second rule as Lines 17-23, 
the algorithm search for a combination of symbols in ^s to make 
the condition of the multiple symbol rule hold as Lines 26-36; 
it starts with a combination of two symbols, i.e., m = 2. Once a 
combination ŝ` makes gain(ŝ`) > 0 hold, the enumeration procedure 
stops as Line 31 and the algorithm goes back to the first loop. 
Otherwise, after an exhaustive search for any combination of m 
symbols, it goes on examining the combinations of m + 1 symbols. 
The process repeats until ŝ` contains all of the symbols in ŝ.

Fig. 6: An Example of the Replace Algorithm

In the following, we explain our Replace algorithm with an illustrative 
example. Given a sequence S = “nokkfbbanookjijfbbnkkkjgc” 
with entropy 3.053, as shown in fig. 6, our algorithm generates 
the statistic table and taglst shown in Fig. 6a. In this example, ŝ = 
{k, j, o, a, f}, and the numbers of items of the symbols are 6, 3, 3, 
1, 2, whereas the numbers of predictable items of the symbols are 
2, 2, 2, 1, and 1, respectively. First, according to the accumulation 
rule, the predictable items of `a` are replaced due to n(`a`) being 
equal to nhit(`a`) (Lines 10-14). After that, the statistic table is 
updated, as shown in Fig. 6b. Second, according to the multiple 
symbol rule, we replace the predictable items of 0j0 and 0o0 
simultaneously such that the entropy of S` is reduced to 2.969. 
Next, because n(`f`) is less than n(`a`), the predictable items of 
`f` are replaced according to the concentration rule (Lines 17-23), 
then the entropy of S` is reduced to 2.893. Finally, since n(`k`) 
is equal to n(`.`) and nhit(`k`) is greater than n(`k`) minus (`.`), 
the predictable items of symbol `k` are replaced according to the 
concentration rule. Finally, no other candidate is available, and 
our algorithm outputs S0 with entropy 2.854. In this example, all 
predictable items are replaced to minimize the entropy.
In addition, for the example shown in fig. 3, the Replace algorithm 
reduces S0, S1, and S2’s entropies from 3.171, 2.933, and 2.871 to 
2.458, 2.828, and 2.664, respectively, and encoding S0`, S1`, and 
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S2` reduces the sum of output bit streams from 181 to 161 bits. On 
the other hand, when the specified error bound eb is 0 and 1, by 
fully utilizing the group movement patterns, the 2P2D algorithm 
reduces the total data size to 153 and 47 bits, respectively; hence, 
15.5 and 74 percent of the data volume are saved, respectively.
Segmentation, Alignment and Packaging
In an online update approach, sensor nodes are assigned a tracking 
task to update the sink with the location of moving objects at every 
tracking interval. In contrast to the online approach, the CHs in 
our batch-based approach accumulate a large volume of location 
data for a batch period before compressing and transmitting it 
to the sink; and the location update process repeats from batch 
to batch. In real-world tracking scenarios, slight irregularities of 
the movements of a group of moving objects may exist in the 
microcosmic view. Specifically, a group of objects may enter a 
sensor cluster at slightly different times and stay in a sensor cluster 
for slightly different periods, which lead to the alignment problem 
among the location sequences. Moreover, since the trajectories of 
moving objects may span multiple sensor clusters, and the objects 
may enter and leave a cluster multiple times during a batch period, 
a location sequence may comprise multiple segments, each of 
which is a trajectory that is continuous in time domain. To deal with 
the alignment and segmentation problems, we partition location 
sequences into segments, and then, compress and package them 
into one update packet.
Consider a group of three sequences shown in Fig. 7a, the segments 
E1, E2, and E3 are aligned and named G-segments, whereas 
segments A, B, C, and D are named S-segments. Fig.s 7b, 7c, 
and 7d show an illustrative example to construct the frame for 
the three sequences. First, the Merge algorithm combines E1, E2, 
and E3 to generate an intermediate sequence śE. Next, śE together 
with A, B, C, and D is viewed as a sequence and processed by the 
Replace algorithm to generate an intermediate sequence ś, which 
comprises śA, śB, śC, śD, and śE. Finally, intermediate sequence 
ś is compressed and packed.

Fig. 7: An example of constructing an update packet. (a)Three 
sequences aligned in time domain. (G-segments: E1, E2, and 
E3, S-segments: A, B , C, and D.) (b) Combining G-segments by 
the Merge algorithm. (c) Replacing the predictable items by the 
Replace algorithm. (d)Compressing and packing to generate the 
payload of the update packet

For a batch period of D tracking intervals, the location data of a 
group of n objects are aggregated in one packet such that (n × D – 1) 
packet headers are eliminated. The payload may comprise multiple 
G-segments or S-segments, each of which includes a beginning 
time stamp (a bits), a sequence of consequent locations (b bits 
for each), an object or group ID (c bits), and a field representing 
the length of a segment (l bits). Therefore, the payload size is 

calculated as ∑i ( a + Di × b + c + l) where Di is the length of ith 
segment. By exploiting the correlations in the location data, we 
can further compress the location data and reduce the amount of 
data to H + ∑i ( a + c + l) + n × D × b +1/r, where r denotes the 
compression ratio of our compression algorithm and H denotes 
the data size of the packet header.
As for the online update approach, when a sensor node detects an 
object of interest, it sends an update packet upward to the sink. 
The payload of a packet includes time stamp, location, and object 
ID such that the packet size is H + a + b + c. Some approaches 
employ techniques like location prediction to reduce the number 
of transmitted update packets. For D tracking intervals, the amount 
of data for tracking n objects is D × ( H + a + b + c ) × (1- p ) × n 
, where p is the prediction hit rate. Therefore, the group size, the 
number of segments, and the compress ratio are important factors 
that influence the performance of the batch-based approach. In the 
next section, we conduct experiments to evaluate the performance 
of our design.

IV. Conclusion
In this work, we exploit the characteristics of group movements 
to discover the information about groups of moving objects in 
tracking applications. We propose a distributed mining algorithm 
to discover group movement patterns. With the discovered 
information, we devise the 2P2D algorithm, which comprises 
a sequence merge phase and an entropy reduction phase. In the 
sequence merge phase, we propose the Merge algorithm to merge 
the location sequences of a group of moving objects with the goal 
of reducing the overall sequence length. In the entropy reduction 
phase, we formulate the HIR problem and propose a Replace 
algorithm to tackle the HIR problem. Our experimental results 
show that the proposed compression algorithm effectively reduces 
the amount of delivered data and enhances compressibility and, 
by extension, reduces the energy consumption expense for data 
transmission in WSNs.  
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