
Short Paper
Efficient Data Compression in Location Based Services

Yuni Xia
Department of Computer Science

Indiana University - Purdue University Indianapolis
Indianapolis, IN 46202

yxia@cs.iupui.edu

Yi-Cheng Tu Mikhail Atallah Sunil Prabhakar
Department of Computer Science

Purdue University
West Lafayette, IN 47907

{tuyc, mja, sunil}@cs.iupui.edu

ABSTRACT
In location based services, large amount of location data
is generated constantly due to the continuous movements
of the objects. The data is usually required to be stored
for a fairly long time in order to answer window or his-
tory queries. This poses challenges to the efficiency of data
storage and retrieval. In this paper, we observe that the
redundancy among the moving object data is huge due to
various factors including the ubiquitous periodicity of move-
ments, the quasi-static moving feature of many objects and
the large amount of common or shared segments among the
moving object trajectories. We propose new mechanisms
for compressing and storing moving object data. The con-
stantly changing positions of moving objects are taken as
time series. Time series data mining techniques are applied
to discover periodic patterns within each series and sim-
ilar or shared patterns among them. Based on the data
mining results, the moving object data can be compressed
substantially while maintaining the same or similar query
performance.

1. INTRODUCTION
The combination of GPS, Internet, wireless communica-

tions, location techniques, and mobile devices have given rise
to a wide range of location based services (LBS). Location
based services are mobile data services that employ location
as a key element to customize the data provided to the users.
They utilize location-sensitive technologies such as GPS to
find the geographical locations of the mobile devices and
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then provide services based on the location information.
In a location-aware computing environment, new posi-

tions of the moving objects keep streaming into the database.
The historic location data is required to be stored for many
applications. This huge amount of data poses challenges to
the efficiency of data storage and retrieval. However, due
to the behavioral pattern of most moving objects and the
topology of the environment, there are large amount of re-
dundancy in the data. Data compression can be applied
to reduce such redundancy. Compressing data to be stored
or transmitted reduces storage and/or communication costs.
Reducing the amount of data to be transmitted has the same
effects as increasing the capacity of the communication chan-
nels. Similarly, compressing a file to half of its original size is
equivalent to doubling the capacity of the storage medium.
It may then become feasible to store the data at a higher,
thus faster, level of the storage hierarchy and reduce the
load on the input/output channels of the computer system.

For the past few years, tremendous amount of work has
been done in building and deploying location based services
and applications. Some of these focus on providing tools
to the wireless telecommunication carriers, some focus on
handset manufacturing, while others provide a suite of func-
tions that contain geoprocessing applications and web ser-
vices. Comparing to that, less effort has been made on the
compression of moving object data.

In our work, the mobile database is viewed as a collec-
tion of a large number of time series. Each time series cor-
responds to a trajectory of a moving object. We noticed
that time series in mobile database often share many com-
mon characteristics or patterns that have physical meanings.
For example, the common segments of different time series
means that moving objects move in the same road. In the
field of time series, numerous work has been done on various
issues such as classification, clustering [10], representation
[13], similarity-based query [2] [1] [3] [12] , whole-sequence
matching or sub-sequence matching [6] [7], indexing the time
sequence [11], statistical monitoring [15], anomaly detection,
and so on. We go beyond the idea of time series analysis



and mining and use the mining results for data compres-
sion. Our research emphasizes on finding and utilizing the
pattern information to improve efficiency of storing and re-
trieving location data.

2. DATA REDUNDANCY IN LBS
In order to support location based services, the system

needs to collect large amount of location data, which are
generated every few minutes or even seconds due to the con-
stant movements of the objects. Although position data can
become obsolete after a short while, they are often required
to be stored for a fairly long time in order to answer history
or window queries. For example, which vehicles followed
this trajectory; which people entered and exited the build-
ing during the past 24 hours? We observe that there is large
amount of redundancy among the movements of moving ob-
ject data due to the following features:

1. The movements of objects usually contains periodic
patterns. The periodicity is ubiquitous among moving
object data. For example, city buses repeat the same
routes every hour or so. Most people tend to repeat the
same or similar moving patterns every weekday and
follow other patterns during the weekends. If we can
identify the periodic patterns in the location data, we
may extract them and avoid storing them repeatedly.

2. A majority of objects stay in a quasi-static state for a
long time. They tend to stay in a state that is not ex-
actly static, and move within a short range, for which
we call the quasi-static state. For example, many peo-
ple move within an office building during the day and
stay at home at night for a long period of time. When
the movement of an object is smaller than the pre-
cision requirement of the location based services, we
can regard the object as static for a period and avoid
storing multiple locations which are almost the same.

3. There are large number of common or shared seg-
ments among the moving object trajectories. For ex-
ample, numerous vehicles take the same freeway; a
large number of people, especially in big cities, take
the same subway/bus/train/ferry route every day. Be-
sides, many people stay in the same buildings for a long
time. We can extract the common locations or trajec-
tories and represent only once instead of store them
for every object.

3. DATA COMPRESSION
In this section, we will explain how we identify the features

and patterns in moving object data and use them for data
compression.

3.1 Periodicity
Periodicity is ubiquitous among moving object data, how-

ever, extracting the periodic patterns base on the data is
non-trivial. We propose to treat the positions of each ob-
ject as a time series and apply time series mining techniques
to discover the periodicities.

3.1.1 Periodicity Discovery
Finding periodic patterns in time series databases is an

important data mining task with numerous applications.

Many methods have been developed for searching periodic-
ity patterns in large data sets. Lots of them focus on mining
full periodic patterns, where every point in time contributes
to the cyclic behavior of the time series. However, in the real
world, rarely a pattern is perfectly periodic (according to the
strict mathematical definition of periodicity). Instead, most
objects show the partial periodic patterns, which are patterns
that are periodic over some but not all the points in it, or
only some of the time episodes may exhibit periodic pat-
terns. An example partial periodic pattern may state that
every week day John was in the office from 8:00AM-12:00PM
and 1:00-5:00PM, and on Road 69 from 7:30-8:00AM and
5:00-5:30PM, but his activities at other times do not have
much regularity. Thus, partial periodicity is a looser kind of
periodicity than full periodicity, and it exists widely in the
real world.

Let Domain D be the set of locations. A moving object
data sequence S is composed of elements from D and can
be expressed as S = e0, e1, ..., ei, ..., en−1, where i denotes
the relative order of an element and n is the length of S. A
pattern is a partial pattern if it contains the ‘do not care’
element ‘*’. Given a period T , a T-period pattern P is a
sequence of elements p0, p1, ..., pj , · · · , pT−1 (0 ≤ j ≤ T ),
where pj can be an element from D or the wild card ‘*’. If
pj = ‘*’, then any element from D can be matched at the
j-th position of P . A periodic fragment si = ei, ei+1, ... of a
sequence S matches pattern P = p0, p1, ..., pT−1, if ∀j (0 ≤
j < T ), we have either pj = ‘∗′ or pj = ei+j .

The support of a T -period pattern P , denoted as SUP (P ),
in a sequence S is the number of periodic fragments that
match P . A pattern P is regarded frequent with respect
to a support parameter minsup if SUP (P ) ≥ b n

T
cminsup,

(support threshold). If there exists a frequent T -period pat-
tern, we say that T is a frequent period. Element e is a
frequent element if it appears in a frequent pattern [4]. The
problem of mining partial periodic pattern can be defined
as follows: Given a discrete data sequence S, a minimum
support min sup and a period window W , find:

1. the set of frequent periods T such that 1 ≤ T ≤ W ;
and

2. all frequent T -period patterns w.r.t. min sup for each
T found in 1.

We adopt the algorithms for efficient mining of partial
periodic patterns similar to the one proposed in [8], which
explored interesting properties related to partial periodicity,
such as the apriori property and the max-subpattern hit set
property, by shared mining of multiple periods. The max-
subpattern hit set property allows us to derive the counts
of all frequent patterns from a relatively small subset of
patterns existing in the time series. It can mine partial pe-
riodicities with only two scans over the time series database,
even for mining multiple periods.

3.1.2 Compression Using Periodicities
After we obtain the periodic patterns, we can store the

patterns only once. When they reoccur in future, we can
only store links to the patterns instead of storing the whole
patterns repeatedly.

If a periodicity is dominant and the sequences of a mov-
ing object for every period are very similar, we can use the
compressed binary search tree to store the sequences. Com-



Figure 1: Trajectories

Figure 2: Simple Binary Search Tree

Figure 3: Compressed Binary Search Tree

pressed binary search tree was proposed to store similar se-
quences in [5]. An example of a set of similar time series
are given in Figure 1. You may imagine L0-L4 are the mov-
ing trajectories of objects during each weekday morning.
Suppose we have a set of k time series, each with n items.
The sum of the differences between adjacent lists is h. The
simple binary search tree, as shown in Figure 2 uses space
O(nk) and supports a query time of O(log n + h). The im-
provement of compressed binary search tree is to replace
the sequence of tokens in one node storing the same item by
just one triple (d, l, u), where d is an item and [l, u] repre-
sents the sequence of the lists between the l–th and the u–th
lists. Figure 3 shows the binary search tree after compres-
sion. The compressed BST reduces the space requirement
to O(n + h).

3.2 Quasi-static State
We observe that a large number of moving objects in re-

ality are in quasi-static states most of the time, for exam-
ple, most people spend a long time at home or in an office,
where their movements are small and slow. There are ob-
jects, of course, that move almost all the time, like taxis or
city buses, but the proportion of these constantly moving
objects is very small.

If you imagine the movements of an object over a period of
time as a video, then the differences between two continuous
snapshots or frames are very small. We can use this property
for data compression. Similar to video compression, we can
store only the differences between frames rather than all the
contents in each frame.

In many applications, the precision requirements for the
locations are not very high. For example, parents who track
their children may only care if they are in the school or
not; as to which classroom they are in, it does not matter.
When the precision requirement is not very high, the moving
object data can be further compressed. If the new position
of a moving object does not differ from the old position by
the precision threshold, the new position needs not to be
stored and can be simply discarded. Furthermore, if the
locator can determine that the new position of an object
does not differ from the old position more than the precision
threshold, it can choose not to report the new location and
therefore reduce the communication cost.

We did some experiments to study this effect based upon
data generated by the City Simulator 2.0 [9] developed at
IBM. The City Simulator simulates the motion of people
moving in a city. In our experiments, the number of people
is set to 100,000 and the experiments run for 3030 seconds,
during which each object updates its location for 100 times.

Figure 4 shows how the precision requirement affects the
compression ratio. The compression ratio is computed as ra-
tio of the amount of storage required for the scheme without
compression to the one with compression. Obviously, the
larger the precision threshold is, the more location changes
fall within that range and thus, the higher the compression
ratio will be. When the precision threshold is 10 meters,
the compression ratio can be as high as 35, which means the
compressed data is only around 3% of the original size and
97% of the data movements are within 10 meters and can be
ignored. Even when the precision requirement is lowered to
2 meters, the compression ratio is still more than 3, which
means the compressed data is less than 1/3 of the original
data size.
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Figure 4: Compression Ratio vs. Precision
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Figure 5: Communication vs. Precision

Figure 5 shows the relationship between the communica-
tion cost and the precision requirement. Here, the larger the
precision threshold is, the more location changes fall within
the precision range and need not be reported, therefore, the
smaller the communication cost will be. When the precision
is 2 meters, the communication cost is 32% of the original
one, which means 2/3 of the location updates are within the
precision requirement range and do not need reporting. As
the precision threshold gets larger, the communication cost
keeps decreasing. When the precision threshold reaches 10
meters, the communication cost is reduced to only 2.7% of
the original one.

3.3 Shared Segments Among Trajectories
While periodicity and quasi-static features can help us

exploit the redundancy that exists within each time series,
discovering shared segments enables further compression by
exploiting the redundancy among the time series.

Discovering shared segments among the time series is sim-
ilar to finding out frequent sets or sequences. The frequent
sets or sequences represent the hot areas or roads which re-
peat many times in the moving object database and should
be represented in a more efficient way.

The problem of finding frequent sets is defined as follows:
the input is a set of tuples (oid, S), where oid is the object
ID and S is its position sequence. The absolute support of a
sequence Sα in a sequence database is the number of tuples
that contain Sα, denoted as SUP(Sα). Given a support
threshold min sup, a sequence Sα is a frequent sequence,

Figure 6: Frequent Sequence Tree

if SUP(Sα) ≥ min sup. The problem of mining frequent
sequence is to find the complete set of frequent sequences for
an input sequence set, given a minimum support threshold
min sup.

The frequent sequences can be obtained by building a
frequent sequence tree. Assume there is a lexicographical
ordering among the set of items I in the input sequence
database, conceptually the complete search space of sequence
mining forms a sequence tree, which can be built in the fol-
lowing way: The root node of the tree is at the top level
labeled as ∅, recursively we can extend a node N at level L

in the tree by adding one item in I to get a child node at the
next level L + 1 and the children of a node N are generated
and arranged according to the chosen lexicographical order-
ing. By removing the infrequent sequences in the sequence
tree, the remaining nodes in the lattice form a lexicographic
frequent sequence tree, which contains the complete set of
frequent sequences [14]. Figure 6 shows an example of 4
trajectories (L0-L3) and the corresponding lexicographic fre-
quent sequence tree built from them, assuming min sup = 3.
Each node in Fig 6 contains a frequent sequence and its cor-
responding support.

Similarly, after getting the frequent sequences, we can
store the sequences only once. If they reoccur in the fu-
ture, only the links to the sequences (instead of the whole
sequence) should be stored. Furthermore, the frequent se-
quences can be encoded using an Entropy Coding such as
Huffman coding or Arithmetic coding to give additional
compression. By entropy, we mean the amount of infor-
mation present in the data, and an entropy coder encodes
the given set of symbols with the minimum number of bits
required to represent them.

4. CONCLUSIONS
In this paper, we propose new approaches for efficiently

compressing and storing moving objects data for supporting
location based services. The redundancy among moving ob-
ject data is huge due to the ubiquitous periodicity of move-
ments, the quasi-static moving feature of many objects and
the large number of common or shared segments among the
moving object trajectories. In this paper, the trajectories
of each moving object data are taken as time series and we
apply time series data mining techniques to find the periodic



patterns within each time series and the frequent patterns
among them. The mining results can help compress the data
and reduce the redundancy significantly.
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