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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 propose a distributed mining algorithm, 
which consists of a local GMPMine algorithm and a CE 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. In addition, we devise and 
prove three replacement rules, with which they Replace algorithm 
obtains the optimal solution of HIR efficiently. 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
In recent years the data analysis is most important task. The 
need of generating data and collecting data has been increasing 
rapidly. The computerization of many business environments, 
government organizations and wide spread used of bar codes 
to handle commercial products during purchasing transfers 
have increased the need of data collection and processing. 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 
[1-8].
Data mining also referred to as knowledge discovery in database 
is a process of extraction of unknown and potentially useful 

information from the databases [1-6].
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 [1-5]. 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 [1-5].
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. This data mining process also useful 
in a wide range of profiling practices such as marketing, survey 
lines, fraud detection and scientific discovery.
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 [1-5].
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 [1-5].
In 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.

Fig. 1: Data Mining as a Step in an Interactive Knowedge 
Discovery Process
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Data Mining, also popularly known as Knowledge Discovery 
in Databases (KDD) [1-5], refers to the nontrivial extraction of 
implicit, previously unknown and potentially useful information 
from data in databases. While Data Mining and Knowledge 
Discovery in Databases (or KDD) are frequently treated as 
synonyms, data mining is actually part of the knowledge discovery 
process. Fig. 1, shows Data mining as a step in an interactive 
knowledge discovery process.
The Knowledge discovery in database process comprises of a 
few steps leading from raw data, collections to some form of 
new knowledge. The Iterative process consists of the following 
steps:

A. Data Cleaning
It is also known as data cleansing, it is a phase in which noise data 
and irrelevant data are removed from the collection.

B. Data Integration
In this stage, multiple data sources, often heterogeneous may be 
combined in a common source.

C. Data Selection
At this step, the data relevant to the analysis is decided on and 
retrieved from the data collection.

D. Data Transformation
It is also known as data consolidation, it is phase in which the 
selected data is transformed into forms appropriate for the mining 
procedure.

E. Data Mining
It is the crucial step in which clever techniques are applied to 
extract pattern potentially useful.

F. Pattern Evaluation
In this step, strictly interesting patterns representing knowledge 
are identified based on given measures.

G. Knowledge Representation
This is the final phase in which the discovered knowledge 
is visually represented to the user. This essential step uses 
visualization techniques to help users understand and interpret 
the data mining results

II. Existing System 
In this section we propose the data compression algorithms CE and 
GPM mining algorithms. Data compression can reduce the storage 
and energy consumption for resource-constrained applications. 
In [1], Distributed source 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. 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. 

A. The Cluster Ensembling (CE) Algorithm

Each CH collects location data and generates local group results 
with the proposed GMPMine algorithm. Since the objects may pass 
through only partial sensor clusters and have different movement 
patterns in different clusters, the local grouping results may be 
inconsistent. For example, if objects in a sensor cluster walk close 
together across a canyon, it is reasonable to consider them a group. 
In contrast, objects scattered in grassland may not be identified as 
a group. Furthermore, in the case where a group of objects moves 
across the margin of a sensor cluster, it is difficult to find their 
group relationships Therefore, we propose the CE algorithm to 
combine multiple local grouping results. The algorithm solves the 
Inconsistency problem and improves the grouping quality.
The ensembling problem involves finding the partition of all 
moving objects that contains the most information about the local 
grouping results. We utilize NMI [3,9] to evaluate the grouping 
quality. Let C denote the ensemble of the local grouping results, 
represented as C ¼ fG0; G1; . . .;GKg, where K denotes the ensemble 
size. Our goal is to discover the ensembling result G0 that contains 
the most information about C, i.e., G0¼ argmax
G2eG PK i¼1NMIðGi; GÞ, where e G denotes all possible 
ensembling results. However, enumerating very G2 eG in order 
to find the optimal ensembling result G0 is impractical, especially 
in the resource-constrained environments. To overcome this 
difficulty, the CE algorithm trades off the grouping quality against 
the computation cost by adjusting the partition parameter D, i.e., 
a set of thresholds with values in the range ½0; 1_ such that a 
finer-grained configuration of D achieves a better grouping quality 
but in a higher computation cost.
Therefore, for a set of thresholds D, we rewrite our objective 
function as G_0¼ argmaxG_;_2D PK i¼1NMIðGi;G_Þ.The 
algorithm includes three steps. First, we utilize Jaccard Similarity 
Coefficient [40] as the measure of the similarity for each pair 
of objects. Second, for each _ 2 D, we construct a graph where 
two objects share an edge if their Jaccard Similarity Coefficient 
is above _. Our algorithm partitions the objects to generate a 
partitioning result G_. Third, we select the ensembling result 
G_0 . Because of space limitations, we only demonstrate the CE 
mining algorithm with an example in Appendix C, which can 
be found on the Computer. In the next section, we propose our 
compression algorithm.

Fig. 2:

B. The Group Movement Pattern Mining

(GMPMine) Algorithm
To provide better discrimination accuracy, we propose a New 
similarity measure simp to compare the similarity of Two objects. 
For each of their significant movement patterns, the new similarity 
measure considers not merely two probability distributions but also 
two weight factors, i.e., the significance of the pattern regarding 
to each PST. The similarity score simp of oi and oj based on their 
respective PSTs, Ti and Tj, is defined as follows:
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Where e S denotes the union of significant patterns (node strings) 
on the two trees. The similarity score simp includes the distance 
associated with a pattern s, defined as

where dðsÞ is the Euclidean distance associated with a pattern s 
over Ti and Tj. For a pattern s 2 T, PT ðsÞ is a significant value 
because the occurrence probability of s is higher than the minimal 
support Pmin. If oi and oj share the pattern s, we have s 2 Ti and s 2 
Tj, respectively, such that PTi ðsÞ and PTj ðsÞ are no negligible and 
meaningful in the similarity comparison. Because the conditional 
empirical probabilities are also parts of a pattern, we consider the 
conditional empirical probabilities PT ð_jsÞ when calculating the 
distance between two PSTs. Therefore, we sum dðsÞ for all s 2 e S 
as the distance between two PSTs. Note that the distance between 
two PSTs is normalized by its maximal value, i.e., 2Lmax þ ffiffiffi 
2P. We take the negative log of the distance between two PSTs 
as the similarity score such that a larger value of the similarity 
score implies a stronger similar relationship, and vice versa. With 
the definition of similarity score, two objects are similar to each 
other if their score is above a specified similarity threshold. The 
GMPMine algorithm includes four steps. First, we extract the 
movement patterns from the location sequences by learning a PST 
for each object. Second, our algorithm constructs an undirected, 
unweighted similarity graph where similar objects share an edge 
between each other. We model the density of group relationship 
by the connectivity of a sub graph, which is also defined as the 
minimal cut of the sub graph. When the ratio of the connectivity 
to the size of the sub graph is higher than a threshold, the objects 
corresponding to the sub graph are identified as a group. Since 
the optimization of the graph partition problem is intractable in 
general, we bisect the similarity graph in the following way. We 
leverage the HCS cluster algorithm [37], to partition the graph 
and derive the location group information. Finally, we select a 
group PST Tg for each group in order to conserve the memory 
space by using the formula expressed as Tg¼ argmaxT2TP s2S 
PT ðsÞ, where S denotes sequences of a group of objects and T 
denotes their PSTs.

III. Proposed Work

In this section we propose 2P2D Algorithm
we propose the Replace algorithm that leverages the three 
replacement rules to obtain the optimal solution for the HIR 
problem. Our algorithm examines the predictable symbols on their 
statistics, which include the number of items and the number of 
predictable items of each predictable symbol. The algorithm first 
replaces the qualified symbols according to the accumulation rule. 
Afterward, since the concentration rule and the multiple symbol rule 
are related to nð0:0Þ, which is increased after every replacement, 
the algorithm iteratively replaces the qualified symbols according 
to the two rules until all qualified symbols are replaced. The 
algorithm thereby replaces qualified symbols and reduces the 
entropy toward the optimum gradually. Compared with the brute 
force method that enumerates all possible intermediate sequences 
for the optimum in exponential complexity, the Replace algorithm 
that leverages the derived rules to obtain the optimal solution in 
OðLÞ time6 is more scalable and efficient. We prove that the 
Replace algorithm guarantees to reduce the entropy monotonically 
and obtains the optimal solution of the HIR problem as Theorem 

1. Next, we detail the replace algorithm and demonstrate the 
algorithm by an illustrative example. Theorem 1 The Replace 
algorithm obtains the optimal solution of the HIR problem. the 
Replace algorithm. The input includes a location sequence S and 
a predictor Tg, while the output, denoted by S0, is a sequence in 
which qualified items are replaced by 0:0. 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 rule. In our design, since finding a 
combination of predictable symbols to make gainð^s0Þ > 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 ¼ 2. Once a combination ̂ s0 
makes gainð^s0Þ > 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 þ 1 symbols. The 
process repeats until ^s0 contains all of the symbols in ^s. In the 
following, we explain our Replace algorithm with an illustrative 
example. Given a sequence S ¼ 00nokkfbbanookjijfbbnkkkjgc00 
with entropy 3.053, as shown in Fig. 11, our algorithm generates 
the statistic table and taglst shown in Fig. 11a. In this example, 
^s ¼ fk, j, o, a, fg, and the numbers of items of the symbols are 
6, 3, 3, 1, and 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 0a0 are replaced due 
to nð0a0Þ being equal to nhitð0a0Þ (Lines 10-14). After that, the 
statistic table is updated, as shown in Fig. 11b. Second according 
to the multiple symbol rule, we replace the predictable items of 0j0 
and 0o0 simultaneously such that the entropy of S0 is reduced to 
2.969. Next, because nð0f0Þ is less than nð0:0Þ, the predictable 
items of 0f0 are replaced according to the concentration rule (Lines 
17-23), then the entropy of S0 is reduced to 2.893. Finally, since 
nð0k0Þ is equal to nð0:0Þ and nhitð0k0Þ is greater than nð0k0Þ 
minus ð0:0Þ, the predictable items of symbol 0k0 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. 5, 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 
S00 , S01 , and S02 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. 
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Fig. 3: 

IV. Results
In order to implement these three algorithms on the basis on time 
complexity and space complexity.

Fig. 4: Bar Chart on Basis on Time Complexity

Fig. 5: Line Chart on Basis on Time Complexity

Fig. 6: Line Chart on Basis on Space Complexity

Fig. 7: Bar Chart on Basis on Space Complexity

V. Conclusions 
In this paper Natural phenomena show that many creatures form 
large social groups and move in regular patterns. However, 
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previous works focus on finding the movement patterns of each 
single object or all objects. In this paper, 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. Afterward, we propose a compression algorithm, 
called 2P2D, 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. The experimental 
results show that the proposed compression algorithm leverages 
the group movement patterns to reduce the amount of delivered 
data effectively and efficiently. We analyze the Data compression 
algorithms CE, GMPMine and 2P2D algorithms, these algorithms 
we calculate the these algorithms and comparison these three 
algorithms on the basis’s on time complexity and space complexity. 
And we show the result Graphs 
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