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ABSTRACT

We review our current research on spatio-temporal data min-
ing from moving object trajectories. With the recent progress
of spatial information technologies and communication tech-
nologies, it has become easier to track positions of a large
number of moving objects in real-time. Our research objec-
tive is to extract mobility statistics for their effective utiliza-
tion in an efficient manner.

1. INTRODUCTION

Owing to the development of mobile computing technologies,
GPS and positioning devices, and wireless network facilities,
tracking the positions of moving objects [1] has become rela-
tively easier today. The collected trajectory data can be used
to monitor the behavior of moving objects and to analyze their
movement patterns. The latter activity is often called mobil-
ity analysis. Based on mobility analysis, we can observe an
overall movement tendency and predict future movement pat-
terns. Analysis of movement patterns are also important for
query processing in spatio-temporal databases that store tra-
jectories of moving objects.

Our approach is based on the Markov chain model [2].
In mobility analysis, the Markov chain model is used to de-
scribe a spatio-temporal movement tendency between spatial
areas under the assumption that the movement patterns can be
described by Markov chains. The model has been used in the
analysis of various kinds of movement data such as car traf-
fic and demographic transition. However, to our knowledge,
the utilization of the model has not been investigated in the
context of large-scale spatio-temporal data mining.

2. THE MARKOV CHAIN MOBILITY MODEL

Consider that a target two-dimensional space is partitioned
into spatial regions as shown in Fig. 1. Each dimension is
equally divided in 27 ranges such that R = 22 regions in to-
tal. The figure shows the case of P = 2. We call a partitioning
shown in the figure as level-P partitioning. For each region,
a 2P bit region number that obeys the Z-ordering method is
assigned. The figure shows that object A located in region 9
att = 7 moves to region 12 at t = 7 + 1 and then moves to
region6att = 7 + 2.
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Fig. 1. Notion of Markov chain model

Suppose that another moving object B located in region
9 moves to region 12 in unit time later. Consider that we
want to know the probability that object B moves to region
6 next; we denote the probability by Pr(6]9, 12). If we as-
sume the transition between spatial regions obeys the Markov
chain model [2], we can say that the probability is a second-
order Markov transition probability. The idea can be eas-
ily generalized to an order-n Markov transition probability
Pr(r,|ro,...,7n—1). That is, the probability of an object,
that traveled to regions 7q, 71,...,7,—1 in this order at unit
time will next visit region 7,.

The problem we tacke here is effecitive summarization of
a large number of trajectories. Since trajectory data is of-
ten delivered continually as a form of data stream, we need
to develop an efficient processing method which effectively
works in real-time. Our approach is to construct a mobil-
ity histogram that approximately represents the distribution
of movement patterns to reduce the data size and the compu-
tational cost in the analysis. In the next section, we describe
its logical representation.

3. LOGICAL MOBILITY HISTOGRAM

We employ a data cube [3] as the logical representation of
a mobility histogram. To represent order-n Markov chain-
based statistics, a histogram is constructed as an (n + 1)-
dimensional data cube. Figure 2 shows a sample of a data
cube for n = 2 and P = 1. Since the two-dimensional target
space is partitioned into R = 2P = 4 spatial regions, the
data cube contains R™"! = 64 cells. For each dimension of
the data cube, steps 0, 1, and 2 corresponds to each step of a
second-order Markov chain. For instance, when the sequence



1 — 1 — 2 is received from the transition sequence stream,
the corresponding cell value is incremented.
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Fig. 2. Logical mobility histogram

When a statistics estimation query is given, the constructed
mobility histogram is utilized. For example, the probabil-
ity that an object that has moved from region 1 to region
2 and then moves to region 4 is calculated as Pr(4|1, 2) =
val(1, 2, 4) /val(1, 2, %), where val(1, 2, 4) is the value of

the cube cell (1, 2, 4) andval(1, 2, %) = Z:):O_I val(1, 2, 7).

4. PHYSICAL MOBILITY HISTOGRAM

The direct implementation of the logical data cube represen-
tation has a huge overhead. To reduce the size and enable
dynamic maintenance of the histogram structure, we propose
a tree-based physical representation.

Suppose that input transition sequences are based on level-
M partitioning such as 2(M) — 10(M) — 12(M) where the
notation (M) is used to specify the partitioning level of re-
gion r explicitly. Each node in a histogram tree has zero to
four child nodes for the corresponding transition sequences.

) o M
For example, consider an order-2 transition sequence r(() )

M M) . . ; M) (A
7'§1 ) 5 -ré ) is inserted in a tree, where 7'(()‘ ),7{1 2

M : M) (M M
rg ) are region numbers. We call 'r(()l ),7‘§ ) and 7’.(_)J ) step-
0 region, step-1 region, and step-2 region, respectively. The

sequence is processed as follows:

, and

1. Start from the root of the tree.

2. Translate 7™ into a binary number, then extract its
first two-bits. Depending on the value, that is, 00 (=
0M), 01 (= 1M), 10 (= 2M), or 11 (= 3W)), follow
the corresponding edge and then visit the child node. If
the child node is not instantiated, create the node and
an edge from the parent (root) to the node.

3. Extract the first two bits from 7'§M

responding edge.

M) . _
4. Process rf, ) in a similar manner. Steps 2 to 4 corre-

spond to transitions in level-1 coarse resolution.

) and follow the cor-

5. Use the next two bits from 1'(()A1), 7'§M), and 'réM), re-

spectively, to traverse following each edge. This step
corresponds to level-2 partitioning.

6. Repeat these steps until all bits are consumed.
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Note that there is a counter in each node; when we vigj 4
node we increment its count.

Figure 3 shows an example to add a transition sequengg
3(2) 5 6(2) 5 12(2) for a tree with M = 2. A dotted edge
indicates that a corresponding transition sequence has not yel
arrived so that the edge is not allocated.
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binary representation

” Step 0: |E(: 3)
; Step 1: [01][10] = 6)

Step 2: [11][00] (= 12)

Fig. 3. Physical histogram structure

In addition to the above naive physical histogram struc-
ture, we have developed an approximated histogram construc-
tion method which achieves quite compact histogram repre-
sentation with small degradation in precision. Further detail
of our mobility histogram method and related spatio-temporal
data mining research are covered in [4, 5, 6].
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