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Abstract

With the recent progress of spatia information
technologies and mobile computing technologies,
spatio-temporal databases that store information of
moving objects have gained a lot of research in-
terests. In this paper, we propose an agorithm
to extract mobility statistics from indexed spatio-
temporal datasets for interactive anaysis of huge
collections of moving object trgjectories. We focus
on mohility statistics called the Markov transition
probability, which is based on a cell-based organi-
zation of atarget space and the Markov chain model.
The algorithm computes the specified Markov tran-
sition probabilities efficiently with the help of an R-
tree spatial index. It reduces the statistics computa-
tion task to akind of constraint satisfaction problem
and usesinternal structure of an R-treein an efficient
manner.

1 Introduction

The wide use of digitized geographic data has increased the
demand for the spatial database technology to manage huge
volume of spatial information. Moreover, effective data man-
agement for mobile users has become more important as the
spreading use of mobile devices. Development of spatio-
temporal database technologies to support moving objectsis
one of the important database research areas[5].

In the research field of moving object databases, devel-
opment of efficient indexing techniques is one of the impor-
tant issues and there exist many proposals of spatio-temporal
indexes [5]. Additionally, there are some proposals for
the extraction of statistical information from spatio-temporal
databases [3, 8, 11, 12]. Statistics concerning spatio-temporal
datais not only useful for the efficient query processing but
aso in mobility analysis [13] to analyze the movement pat-
terns of objects from accumulated spatio-temporal trajectory
data. Since accumulated trajectory data may have huge vol-
ume, we need an efficient method to calculate statistics.

In this paper, we propose an algorithm for extracting mo-
bility statistics from moving object trajectories with the sup-
port of spatial indexes. Especialy, we consider the mobil-
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ity statistics based on the Markov chain model. The Markov
chain model in spatio-temporal data analysis is used for an-
alyzing movement tendency of moving objects such as how
population moves from a certain region to other regionswhile
aspecified period [13]. Using such statistical information, we
can estimate with high probability whether an object at some
region will move to another region in the next period.

In this paper, we assume that trajectories of moving ob-
jects are accumulated in a spatial index such as an R-tree and
aim to estimate Markov transition probabilities efficiently us-
ing the index. The problem of estimating a transition prob-
ability from an R-tree is formulated as a kind of constraint
satisfaction problem (CSP). This paper describe the frame-
work, the algorithms, and the evaluation results.

This paper is organized as follows. Section 2 introduces
the notion of mobility statistics based on the Markov chain
model. Section 3 describesthe related work. Section 4 shows
a general trajectory indexing approach based on R-trees; it
is used as the basic assumption to construct our algorithms.
Section 5 presents the naive algorithm for extracting mobil-
ity statistics from an R-tree, and Section 6 describes a more
efficient algorithm that is based on the constraint satisfaction
paradigm. Section 7 shows an illustrative example of query
processing of the proposed algorithm. Section 8 presents the
experimental setup and the results. Finaly, Section 9 con-
cludes the paper.

2 Markov chain-based mobility statistics

Asshownin Fig. 1, we assume that the entire map is divided
into cells. Each cell must be arectangle but not necessarily in
auniform size. A cell number is assigned to each cell so that
we can specify a cell using its number. The figure shows the
situation that object A that wasin cell ¢q at ¢ = 7 has moved
tocell ¢c; att =7+ 1, thenmovedtocell co att = 7 + 2.

cell¢, cell ¢, celle,
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Figure 1: Notion of the Markov chain model

Suppose that we want to estimate the probability Pr(c |co)
that an object existing in cell ¢q next moves to cdl ¢y, like



object A, using the trgjectory data stored in a spatio-temporal
database. Assume that the database stores a huge volume
of trajectories of moving objects and each trgjectory record
startsfrom¢ = O andendsat ¢ = 7. If we can determine
which objects are located in a given cell at a specified time
(t=0,1,...,T),wecan computethe probability asfollows:

_ ZtT:_Ol |objs(co, t) Nobjs(ci, t + 1)
Y 1o lobjs(co, 1)]

where objs(c;, t) isafunction that returns the set of objects
that werein cell ¢; at timet. In thisformula, the denominator
is the sum of the number of objectsthat existed in ¢ at each
timet = 0,...,7 — 1. Among these objects, the ones that
have moved to ¢, in the next time period are included into the
count of the numerator.

The probability Pr(c;|co) corresponds to a transition
probability of a first-order Markov chain because the next
state (cell ¢, ) ispredicted using the current state (cell ¢o) only.
We can generalize this formulation to multiple orders. The
probability that an object whichwasin cellscg, ¢, ..., ¢h—1
with this order in each period of unit time interval moves to
cell ¢, in the next period is denoted as Pr(c,|co, - . -, cn—1),
and estimated by the following generalized form:

T—n n . .
eno1) = Yo | Nizgobjs(ci, t+1)|. @
Yo' 1Ny objs(ci, t+ )|

Note that the set of cells {co, ci, ..
plicates.

If we can estimate Markov transition probabilities effi-
ciently, we would be able to forecast the cell whereamoving
object next moves to. Moreover, given the status of moving
objects at t = 7, we can simulate how the movement status
changesastimepasses(t = 7+1, 2,...). Asdescribed later,
our algorithms alow us to specify a cell decomposition of
the target space and to set a unit time interval in an interac-
tive manner, based on the analysis requirement. Therefore,
we can say that the proposed algorithms are suited for inter-
active exploratory mobility analyses.

In this paper, we assume that moving objects obey a sta-
tionary process and do not change their transition behaviors
depending on time. Treatment of the non-stationary case will
be considered in the future work.

Pr(e|eo) , (D)

Pr(cnlco, - -

., ¢, } may contain du-

3 Related work
3.1 Spatio-temporal data mining

Estimation of statistics from databases is important for the
efficient evaluation of queries. Estimated selectivity value
for a query is often used in query optimization. There are
afew proposals of selectivity estimation methods for spatio-
temporal databases. For example, [3] proposes a selectivity
estimation method for a spatial range query (does not include
atemporal dimension) on a spatio-temporal database which
stores moving point objects. [11] generalizes this approach
and provides a selectivity estimation method for a spatio-
temporal range query which changes the shape of a query
area depending on time.

A Markov transition probability can be seen as a special
kind of an association rule [4], but the probability considers
“sequences’ of spatial object movementsinstead of “sets’ of

items in association rule mining. Namely, the Markov tran-
sition probability represents a kind of sequence association
rulein a spatio-temporal environment.

According to sequence mining from spatio-temporal
databases, we can find some approaches. [8] proposes a
method of user moving pattern mining for a mobile envi-
ronment. [12] presents an efficient mining method of spatio-
temporal patterns from environmental data. Both approaches
aim to find frequent spatio-temporal patterns defined as se-
quences of locations. In contrast to our dynamic cell speci-
fication approach, their methods require that a space decom-
position (i.e., the set of sequence items) is fixed beforehand.

Additionally, the use of a spatial index is another char-
acteristics of our research compared with the related papers.
Using the interna information of a spatial index, the pro-
posed a gorithm cal culates mobility statistics efficiently.

3.2 Solving CSPs using spatial indexes

The purpose of this research, namely, to derive transition
probabilities between cells from moving object trajectories
indexed by a spatial index, can be reduced to atask to enu-
merate groups of objects each of which satisfies a kind of
temporal constraint, as described later. A technique to enu-
merate all groups of objects, each of which fulfills a speci-
fied spatial relationships, using a spatial index R-tree is pro-
posed in [7]. The method aims to solve a constraint satisfac-
tion problem (CSP) defined by spatial constraints. An exam-
ple of aquery is “Find all the tuples (z, y, z) of spatia ob-
jectseach of which satisfies the constraint overlaps(z, y) and
north(y, z)". The proposed algorithm descends a spatial in-
dex from the root toward the leaves by pruning non-necessary
candidates and enumerates the groups of objects that satisfy
the constraints. We extend this technique according to our
context.

The process of enumerating object groups that satisfy the
given constraints from a spatia index can be considered as
akind of spatial joins with spatial indexes [2]. In contrast
to [7] that searches the object groups satisfying some spatial
constraints, our approach aims to find object groups that sat-
isfy temporal constraints derived from the definition of the
Markov chain model. In our approach, spatial constraints
on cells are used to restrict the search space of the solutions
that satisfy temporal constraints. Although our approach is
an extension of [7] in the sense that we reduce an enumera-
tion problem to CSP, the constraints used are totally different
from [7].

4 Indexing spatio-temporal objects
4.1 Indexing methods for trajectories of moving objects

As described in Section 2, the key point to estimate a transi-
tion probability is to find the set of objects objs(c, t) which
werein cell ¢ at timet. Efficient use of availableinformation
from the underlying spatio-temporal database is indispens-
able for that purpose. In our approach, we assume that the
trajectories of moving objects are indexed by a spatial index
R-tree.

There are some existing approaches to trgjectory data in-
dexing based on R-trees. For example, [6] introduces two in-
dex structures; 3D R-trees incorporate a temporal dimension
and represent trgjectory data with three dimensions, and 2+3



R-trees represent the positions of moving objects using two-
dimensional R-trees and represent movement histories using
tree-dimensional R-trees. STR-trees [9] decompose a tragjec-
tory into multiple line segments to store them into its R-tree-
based index structure.

Next we introduce an R-tree-based trajectory indexing
method that is based on a simple and general approach. The
algorithm presented |ater assumes the use of them.

4.2 lllustrative example of trajectory indexing

Asan example, let us consider amoving object in one dimen-
sional space. Figure 2 shows that objects A and B move on
the z-axisfromt = 0to¢t = T (= 8). A trgjectory is ex-
pressed using a curve. Since a real trgjectory is complex as
shown, some approximation is necessary for the representa-
tion on a computer. Each point on the curves shown in Fig. 2
represents a sampled point at every time. Using this approx-
imation, the trajectory of each object can be expressed by a
sequence of (time, z-value) pairs. In an environment where
the position of amoving object is detected by a GPS at every
unit time, this representation would be a natural one.

X
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Figure 2: Representation of trajectories

If the position of a moving object o a time ¢t = 7
(r=0,1,...,T) isrepresented as apoint [z1,...,z4] INQA
d-dimensional space, we can construct a(d + 1)-dimensional
R-tree and represent information about o at each time ¢ as a
(d+1)-dimensional point [z, ..., x4, t], and storeit with the
object id of o into the R-tree. Thisisakind of generaization
of 3D-R trees[6].

5 Naive algorithm for probability estimation

Here we introduce some notions and present the naive transi-
tion probability estimation algorithm which is directly based
on the definition of the Markov transition probability.

5.1 Preliminaries

First we introduce some terms. Thetimest = 0, 1,...,T
for each of which we collect statistics value are called sam-
pling times. The time interval length between two adjacent
sampling times (e.g., one minute) is called a base sampling
period.

Assume that T hastheform T' = 2™ and a user can spec-
ify a user-level sampling period 2% (0 < k < m). For exam-
ple, if auser specify the user-level sampling period as 2! = 2
(k = 1), the estimation of a probability is performed using
theitemsfor¢t = 0, 2, 4,...,T. This generalization allows
us to perform coarser mobility analysis if we want. If the
base sampling period is too small for an anaysis (e.g., one
second), we can use a longer sampling period (e.g., 64 sec-
onds). Although we only consider the case of £k = 0 in the

following discussion, we can easily extend the proposed al-
gorithms to more general cases.

Next we describethe restrictionson cells. Each cell region
must have arectangular shape and any pair of cells should not
overlap, but acell partitioning can contain cellswith different
sizes (e.g., Fig. 1). A cell partitioning does not have to cover
the entire space; it should only cover the target area on which
the user hasinterests. Moreover, we do not have to determine
a cell partitioning beforehand; we can specify a partitioning
dynamically according to the analysis requirement. There-
fore, auser can specify fine cell partitioning for the region on
which the user has high interests and coarse cell partitioning
to other regions. Also, we can set high resolution settings to
high-density regions where the traffic is heavy.

In summary, our approach allows a user to specify a user-
level sampling period and cell decomposition. The features
enable exploratory mobility analyses.

5.2 Formulation of the Problem

Now consider to estimate an order-n Markov transition prob-
ability shownin Eq. (2) using a spatial index R-tree. We gen-
eralize the problem from the problem of a specific combina-
tion of cellscy, . . ., ¢, to the following more general one:

Definition 1 (Transition Probability Estimation Problem)
Assume that we are given n + 1 ses of cdls
C() = {0071, .-, Co, \Co\}ﬂ ...C, = {le, .. .,Cn7|cn|}. For
acombination of cells (cg, ¢1,...,¢n) € CoxCy x-+-xC,,
if Pr(cy|co,...,cn_1) is not undefined, output the value.
Notethat C; and C; (0 <4, j < n) may have an overlap.

We say that a probability Pr(c,|co,...,cn—1) iS unde-
fined when there are no moving objects which existed on
Co, .- -,Cn—1 & €ach unit time. It corresponds to the situa-
tion when the denominator of Eq. (2) isO.

5.3 Naive algorithm

Consider the program estimating Pr(c,|co, ...,cn—1) for a
specific cell combination ¢y, ...,c,. For this purpose, we
need to calculate the following two sets .S and Q:

e Sisaset of theobjectswhichwereincell co whent = 7
(r=0,1,...,7 —n),andincél ¢; whent = 7 + 1,
...andincédl ¢,,_1 whent =7+ n — 1:

S = {o|3Fre{0,1,...T —n}, o € objs(cg, 7)
Ao € objs(er, T+ 1) A---
No € objs(cp—1,7+n—1)}, (©)]

e () isaset of the objects which belong to S and were in
cel ¢, whent = 7 + n:

Q={oloe SAo€objs(c,, 7+n)}. (4

The naive algorithm is shown in Fig. 3. Assume that the
underlying spatial index can support function range_query(r,
t), which receives arectangle region » and time ¢ and returns
ids of the point objects contained in r at time .

Lines 2 to 12 ae the process to output
Pr(enlco, - .., cn—1) for acombination of cells cq,...,cn_1
and each ¢,, € C,,, and iterates |Cy| x --- x |Cp,—1]| times.
Lines 3 to 10 are its body and executed 7' — n + 1 times.



Procedure naive_estimation
Output: A list of “defined” Pr(cy|co, ..., cn—1) values
1. foreach (co,...,cn—1) € Cop X --+- X Cp_1 dO

2, Scount :=0; Qcount[] :=0

3. fort:=0to7T —ndo

4. for i := 0ton — 1 do oids; := range_query(c;, t + );
5. Scount += | ?:_01 oids;|;

6. for each ¢, € C,, do

7. oidsy := range_query(cn, t + n);

8. Qcountlen] += ‘ﬂj;:O oidsn|;

9. end

10. end

11. if Scount = 0 then break;

12. for each ¢,, € Cy, output(co, ... ,cn, Qcountlcyn]/Scount);
13. end

Figure 3: The naive algorithm

Each of the iteration contains n times (line 4) and |C,,|
times (line 7) invocations of range queries. Therefore,
the number of range query invocations of the algorithm is
|Co| X -+ |Cp_1| X {(T' —n+ 1) +|Cyrl|}. WhenT > n
and T > |C,| hold, the value can be approximated as
T x |Co| x --+ x |Cr_1|. Since it is proportional to T', a
huge number of range queries areissued for large 7" values.
In the following section, we describe a more efficient al-
gorithm which utilizes the internal structure of an R-tree.

6 CSP-based algorithm
6.1 Constraints derived from Markov chain model

In this subsection, we derive constraints to compute Markov
transition probabilities. The algorithm searches all the solu-
tions which satisfy the derived constraints.

Let P; (i = 0,...,n) beaset of timeintervals in which
the trgjectory of amoving object o and the cell regions of cell
set C; overlap. Note that a trajectory may overlap with a cell
region of ¢ € C; multipletimes; in that case P; contains mul-
tiple time intervals for ¢. Here we assume that the start time
and the end time of atime interval take integer values. Next,
given two time intervals p and ¢, we denote their overlap by
p M gq. For example, it holdsthat [2, 6] 1 [3, 9] = [3, 6]. And
we denote the null time interval by L. For the overlap of a
time interval set P; and a time interval ¢, we can naturally
extend thisidea and define it as

Png={pNq|pe P, pfqg# L} %)

For example, theequation {[1, 3], [4, 8], [10, 13]}M[2, 6] =
{[2, 3], [4, 6]} holds. Additionally, we say that the predicate
t € P; istruewhen ¢ is contained in some of the time inter-
valsin P;. Last, we define shift(P;, j) as a set of timein-
tervals which is obtained by shifting each time interval in P;
with j unit times. For example, shift({[1, 3], [5, 8]}, 1)
{12, 41, [6, 9)}. |

Now consider formulas S (Eg. (3)) and @ (Eq. (4)) defined
in Subsection 5.3. The following proposition holds.

Proposition 1 A moving object o with associated sets of
timeintervas P; satisfies o € Q when
Vied{0,....,n}, BLN[i, T —n+i #0 (6)
and there is an integer 7 that satisfies
Vie{0,....,n},7+i€e PN, T—n+i. (7)

The condition above is equivalent to the following condition:
thereis an integer 7 such that

Vie{0,....,n}, B,0[i, T —n+i#0

A7 € shifo(Py, —)) 1[0, T —n). &

Procedure FC_estimation(n, root, level, (Co, . . .

The condition that o satisfieso € S isalso given by replacing
aln’sinEq. (8) by (n — 1)'s.

We explain the meaning of Eq. (6). Let us consider the
caseof i = 0 asan example; the condition of Eq. (6) becomes
Py 1[0, T —n] # (). From its definition, P, is a set of time
intervals in which the regions of cell set Cy contain object
o. Thetimeinterval [0, T — n] is a constraint derived from
the fact that object o corresponds to the 0-th state (cell set
Cy) of the Markov chain. For the illustration, suppose that
Po={[T—n+1,T —n+1]} (oiscontained in Cy only
whent = T — n + 1). Inthis case, we cannot construct an
(n + 1)-length transition sequence (an order-n Markov chain)
for o which beginsatt = T'— n + 1. The maximal ¢ value
for which an (n + 1)-length transition sequence may exist is
t =T — n. Inthis case, there is a possibility that an object o
has moved to each of the specified cell sets Cy, Cy, ..., C,
at=T-n,t=T—-n+1,...,t =T, respectively. Other
cases(i =1,...,n) aretreated similarly.

Eq. (7) says that we can select an integer 7 such that ¢t =
T + 4 isincluded in thetimeinterva P; M [i, T — n + 4] for
each C; (i = 0,...,n). The condition means that object o is
contained in Cy, Cy,...,.Cp @t =7, t =7+1,...,t =
T + n, respectively. Namely, it meansthat o € Q.

6.2 Search algorithm for CSP solutions
6.2.1 Main routine

The main routine to search constraint solutions is shown in
Fig. 4. At line 1, we assign the reference to the root node of
an R-tree to each element of (n + 1)-dimension array nodes.
The role of the array is described later. Function FC_count
caled in lines 2 to 3 plays the main role in the algorithm.
At line 2, the function receives the cell sets Cy,...,Ch_1
and enumerates the objects that move according to the speci-
fied order-(n — 1) Markov transition sequences. Theresult of
FC_count isreturned as an association array Scount. We can
obtain the number of objects which moves ¢y, .. ., ¢,—1 with
thisorder as Scount{co# - - - #cn—1}, Whereco#t - - - #cn1
is the concatenated string of the cell numbers. At line 3, the
occurrences of order-n transition sequences are enumerated
into Qcount in asimilar manner. Using these association ar-
rays, the estimated probabilities are outputted in lines 4 to 7.
Therole of max dist, given as the argument of FC _count, is
described later.

,Cn), maz_dist)

Input: n: the order of Markov transition
root: the root node of the R-tree
level: the number of levels of the R-tree

(Co, ...

,Cr): alist of cell sets

max_dist: the maximal distance that an object can move in a unit time
Output: An estimated value for each “defined” Pr(c.|co,. .. ¢cn—1)

NouhrwNpE

for j := 0 to n do nodes[j] := root;
Scount := FC_count(n — 1, level, nodes, (Co, ...
Qcount := FC_count(n, level, nodes, (Co,...,Cr), maz_dist);
foreach (co,...,cn) € Co X --- x Cy do
if Scount{co# - - #cn—1} > 0then
output(co,...,cCn,

Qcount{co# - - - #cn }/Scount{co#t - - - #cn-1});
Figure 4: The main routine

As described below, FC_count searches the solutions of
a constraint satisfaction problem from the root toward the
leaves of an R-tree. When the areas corresponding to the
specified cell sets are sufficiently smaller than the entire
space, we can estimate that the algorithm only accesses a

,Cr_1), max_dist);



Function FC_count(n, level, nodes, (Co, . . .

part of the R-tree. Since FC_count is called only twice, ef-
ficient processing can be achieved compared with the naive
agorithm.

6.2.2 Transition sequence enumeration algorithm

The agorithm FC_count is shown in Fig. 5. This function
is an extended version of the algorithm proposed in [7] to
solve a spatial constraint satisfaction problem using an R-
tree. FC_count looks for the solutions of constraints from the
root of an R-tree to the leaves using backtrack and pruning.

, Crn), max_dist)

Output: count: ahash table that contains the enumerated results

=

for j := 0ton do // setaninitial solution set for each constraint
child_set := 0;
foreach v € nodes[j].children do
if sp_overlap(C}, v) then // v overlaps spatially with C;
child_set := child_set U {v};
dom|[0][j] := child_set; [/l insert child node sets
end
1 := 0; /I specifiesthe current target constraint
while true do
if dom[i][i].isempty then // no more next candidate
if i« = 0 then return count; // end of the procedure
else i——; continue; // backtrack
else
newwal := get_next(dom|i|[i]); /I get next candidate
inst[i].value := new_val; [/ assign the candidate for constraint C;

inst[i].trange := t_overlap(new_val.trange, [¢i, T — n + i]);
else inst[i].trange := new_val.trange;
end
if i = n then // the constraints are satisfied by the current candidates
if level > 1 then // the case of non-leaf nodes
for k := 0 ton do refs[i] := inst[k].value;
FC_count(n, level — 1, refs,{Co,...,Cn});
else // the case for leaf nodes: increment count for the solution
count{cell(inst.[0].value)#- - - #cell(inst[n].value) }++;
end
else // whilethe intermediate of constraint satisfaction
if check_forward(i, n, level, dom, inst, (Ci4+1, . ..
i++; // examine the next constraint C; 41

. end

Figure 5: Transition sequence enumeration algorithm

At lines 1 to 7, an initial solution candidate set is set to
dom[0][4] (j = 0O, ...,n). If nodes][j] is anon-lesf node, a
candidate set assigned consists of the child nodes of nodes[j];
otherwise a candidate set consists of the trajectory entries
(n+1-dimensiona point objects) contained in nodes[j]. Note
that dom isaset-valued (n+1) x (n+1) array, and dom[i][4]
holds the candidate set for C; whilewe are examining the sat-
isfaction of the constraints according to C;.

Thepredicatesp _overlap(C;, v) appeared inline4isused
to judge whether v overlaps with any cells contained in C';,
and used to prune the candidates that do not satisfy the spatial
constraints.

Next we explain the while loop. In the loop, an array inst
maintains a partial solution while we are searching for a so-
[ution that satisfies the constraints. When we process the i-th
constraint C;, inst[0], . . ., inst[i — 1] hold apartial solution.

In the loop, we first try to set inst[i] a candidate which
may satisfy the i-th constraint C;. In line 10, we examine
whether doml[i][i] is empty or not; if it is empty, we can
say that there are no candidates remained. When i = 0, the
function terminates because there are no candidates that sat-
isfy the entire n + 1 constraints (since no candidate remain
for constraint Cy, it is impossible to satisfy the entire con-
straints). If ¢ > 0, 4 is decremented and the while loop is

if level > 1 then // set avalid time interval which inst[i] value can take

,Crn), maz_dist)

continued. This means that a backtrack occurs and we search
again using other candidates to check constraint C'; ;.

If dom[i][i] is not empty, a new candidate is assigned to
inst[i].value at line 15. When level > 1, new_value is an
R-tree node; otherwise it is a trajectory entry. At lines 16
to 18, we set inst[i].trange the time interval which an ele-
ment assigned to inst[i] can taketo satisfy the i-th constraint.
Whenlevel > 1, new _value.trange istheinterval which the
minimum bounding box (MBR) of an R-tree node new node
takes on the temporal dimension. At line 17, we take the in-
tersection of thisinterval and thetimeinterval [i, 7' — n + 1]
shownin Eq. (8) and assign it to inst[i].trange. The obtained
timeinterva representsthat thetragjectory entriesstored in the
descendant of the R-tree node new value must satisfy this
temporal constraint to become solutions. When level = 0,
we simply assign the value of new_value on the temporal
dimension to inst[i].trange. In this case, the time interva
inst[i].trange takes a O-length period such as [5, 5].

At line 20, it is checked whether the current tar-
get is the n-th condition or not. When level > 1,
FC_count is called recursively taking the nodes bounded to
inst[0].value, . .., inst[n].value asthe arguments and decre-
menting level. When level = 0, the entry of association
array count isincremented because a new solution is found.
Function cell returnstheid of the cell to which the given point
object belongs.

If i < n, function check forward called at line 28 is used
to check the current partia solution inst[0],. .., inst[i] has
apossibility to generate a solution which satisfies all the fol-
lowing constraints. Such an examination is called forward
checking [7], apopular strategy for the efficient search of CSP
solutions. If check forward returns true, we increment 7 and
go to check the next (i + 1)-th constraint. Otherwise, we can
safely say that the current partial solutioninst[0], . . ., inst[{]
does not produce a constraint satisfaction solution. In this
case, we back to line 9, then perform similar process for the
next candidate of inst|[i].

6.2.3 Forward checking processing

Figure 6 shows function check forward. Based on the partial
solution inst[0], ..., inst[i], the function checks whether
there is any solution candidates for the (i + 1)-th to the n-
th constraints. If the candidates exist, the function assignsthe
candidate set to dom[i + 1][j] (j = i+ 1,...,n) thenreturns
true. Otherwiseit returns false.

In theloop from line 1 to 20, a candidate set domn[i + 1][4]
is computed according to each of the j-th constraint (j =
i+1,...,n). Inthis process, if dom[i + 1][j] = 0 holdsfor
some j, we can say that thereis no solution for the current tar-
get inst[0], . . ., inst[i], therefore the function returns false at
line 19. Wefirst initialize the candidate set dom[i + 1][j] then
iterates on the loop from line 3 to 18 by deleting a candidate
which do not satisfy the constraints.

At line 4, we consider the leaf node level. In this case,
inst[0].value, . .., inst[i].value holds an (: + 1)-length tra-
jectory of amoving object. If the object id (inst[0].value.id)
corresponding to the trajectory which we are checking
(inst[0].value, . .., inst[i].value) does not equal to the ob-
ject id (v.id) of the current candidate point data (v), we can
delete v from the candidate list because it does not constitute
atrajectory of amoving object.

At line 8, we calculate the valid time interval for v; note
that if level > 1 then v is an R-tree node, otherwise v is a



Function check_forward(z, n, level, dom, inst, (Ciy1, . .
Output: if there are candidates inst[i + 1], . .

., Cn), maz_dist)
., tnst[n] for the given

inst[0],...,inst[i] return true, otherwisereturn false

Note: modifies domn as a side effect
1. for j := i+ 1ton do //for each unchecked constraint

18.
19.
20.
21.

dom[i + 1][j] := dom[d][j]; //initidlize the candidate set
foreach v € dom[i + 1][j] do // for each candidate
if (level = 0) and (inst[0].value.id # v.id)
Il v is atrgectory for other object
then goto line 17;
/I calculate the valid time interval
vrange := t_overlap(v.trange, [, T —n + j]);
if vrange = L then goto 17; // vrange is empty
if t_overlap(shift(vrange, —j), inst[0].trange) = L
then goto 17; // does not satisfy temporal constraints
if not sp_overlap(C}, v) then goto 17,
Il v does not overlap with the area of cell set G;
if sp_dist(inst[i].value, v) > maz_dist x (j — i) then goto 17;
Il we cannot move from in st[i].value to v within j — ¢ unit times
continue; // since v satisfies the condition, go to the check of next v
dom[i + 1][j] := dom|[i + 1][j] — {v}; // delete v from the candidates
end

loop with i = 0, we set inst[0].value = a, inst[0].trange =
[0, 2], dom[0][0] = {Db, c} at lines 14 to 18. Then we call
check_forward at line 28. In check forward (Fig. 6), we first
process thecase of j = i +1 = 1. At line 2, the candi-
dates are initiaized as dom[1][1] = dom[0][1] = {a, b, c}.
Sincev = a and v = b satisfy the following al conditions,
they are not removed from dom/[1][1] in the process. How-
ever, when v = ¢, we get vrange = [5, 8] a line 8 and
since shift([5, 8], —1) M [0, 2] = L, the candidate v = c is
removed at line 10. Therefore, we get dom[1][1] = {a, b}.
For j = 2, we get dom[1][2] = {a, b} in a similar man-
ner. Namely, even if atrajectory point object which satisfies
the O-th constraint is inside of inst[0].value = a, its corre-
sponding trgjectory point objects which satisfy the first and
the second constraints are not contained under node ¢. Fi-
nally, check_forward returns true.

After returning to FC_count (Fig. 5), we increment i at

if dom[i 4+ 1][§] = 0 then return false; // no remaining candidates of solutionline 29 since check _forward was true then continue the while

end
return true;

Figure 6: Forward checking function

(d+1)-dimensional point constituting atrajectory. At line 10,
we examine an integer value T defined in Eq. (8) can actually
exist or not. At line 12, it is checked whether cell set C;
and v overlap or not. Finally, at line 14, the spatial distance
between the candidate for the i-th constraint inst[i].value (if
level > 1 then it is an R-tree node and if level = 0 then
a point object) and v using function sp_dist. Note that when
we compute a spatial distance between R-tree nodes, we use
the minimum distance between their MBRs. If the computed
distance is larger than max dist x (j — 1), itisclear that an
object cannot move from the area (or point) of inst[i].value
to the area (or point) of v within j — 4 unit times so that we
can delete v from the candidate list.

7 Query processing example

Figure 7 shows an example of an R-tree structure constructed
for the data shown in Fig. 2. MBRs 1 to 6 are on the leaf-
level, and a, b, and ¢ are the parent MBRs of nodes 1 and 2, 3
and 4, and 5 and 6, respectively. The parent node of nodes a,
b, and c isthe root node. As shown in the figure, the regions
of cell ¢; and ¢, are[1, 3) and [3, 6), respectively.
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Figure 7: Example of an R-tree

SUppO%thaI Co = {Cl}, C, = {Cl, 02}, and Cy = {Cz}

and we execute FC_estimation(2, roat, 2, (Cg, C1, Cs), 2.5).

Namely, we let the order of Markov chains to be estimated be

n = 2, the number of levels be level = 2, and the maximal

distance that a moving object can move within a unit time be
max_dist = 2.5.

Consider that FC_count iscalledin FC_estimation (Fig. 4).

At lines 1 to 7 in FC_count (Fig. 5), we get dom[0][0] =

dom|[0][1] = dom[0][2] = {a, b, c}. After entering thewhile

~

loop. After lines 14 to 18, we next get inst[1].value =

a, inst[l].trange = [1, 2], dom[l][l]] = {b}. Since
check forward returns true, we get dom[2][2] = {a, b}.
Then we return to FC_count again and increment 7. In

the next whileloop, FC _count(2, 1, refs, {Co, C1, Ca2})is
called recursively at line 23, where refs[0] = a, refs[1] =
a,refs[2] = a.

When FC_count is called recursively, we set dom/[0][0] =
{2}, dom[0][1] = {1, 2}, dom[0][2] = {1} by con-
sidering the constraints Cy, C1, Cy then perform simi-
lar process. First, check_forward is called by setting
inst[0].value = 2 then it returns true, and we get
dom[1][1] = {2}, dom[1][2] = {1}. The reason of dele-
tion of node 1 from dom/[1][1] is that a moving object can-
not move from node 2 (inst[0].value) to node 1 within
a unit time (sp_dist(2, 1) > maz_dist). Therefore, we
next cal FC_count(2, 0, refs, {Co, C1, C2}) recursivey,
where refs[0] = 2, refs[l] = 2, refs[2] = 1. Although the
detail is omitted, we cannot obtain a constraint satisfaction
solution in this case (there is no object whichwasin cell 2 at
t=r,incdl2att =7+ 1,andincel latt = 7 + 2).
Therefore, a backtrack occurs finally and the process returns
tolevel 1.

Next the algorithm searches for the case of
inst[0].value = a, inst[1].value = a, inst[2].value = b
and fails again then performs a backtrack. Next an-
other fail occurs for inst[0].value = a, inst[l].value =
b, inst[2].value = a then wetry the case of inst[0].value =
a, inst[1].value = b, inst[2].value = b. Inthis case, a con-
straint solution inst[0].value = (id = A, t = 2, x = 1.8),
inst[l].value = (id = At = 3,z = 22),
inst[2].value = (id = A,t = 4,z = 3.6) is ob-
tained. As aresult, count(c; #c1#c2) is incremented. By
repeating the above process, we enumerate all the constraint
satisfaction solutions.

Finally note that the result of FC_estimation in this exam-
pleproducesPr(cs|c1, ¢1) = 2/4 = 0.5andPr(cz|e1, ¢2) =
2/2 = 1.0.

8 Experimental results

In this section, we describe the experiments using a dataset
generated by amoving object simulator and the implemented
algorithms on an R-tree package. We compare the perfor-
mance of the naive algorithm and the proposed CSP-based



agorithm.

8.1 Dataset generation

In the experiments, we use a moving object simulator de-
veloped by Brinkoff [1]. The system simulates the situation
when moving objects (i.e., cars) move on an actua city road
network. The dataset used in the experiments is generated
from the road network of the center part (2.5 km x 2.8 km)
of German Oldenbuerg city which is offered by the system.
Figure 8 shows the simulated area where objects move.

Figure 8: The simulation area

In the moving object trajectory generation, the number of
initial moving objects is set to five and five moving objects
are generated on every minute randomly on the map. Each
object has its destination and when an object arrives at the
destination, the object disappears from the map. Also, when
amoving object goes outside of themap, it is deleted from the
consideration. As aresult, nearly 100 moving objects are on
the map on average. For the experiments, the trgjectory data
is generated for the period of 7' = 1, 000 minutes setting the
unit timeinterval as one minute. Finally, 124,752 tuples with
the form of (object id, time, z-axis value, y-axis value) are
generated. These tuples are registered in an R-tree of three
dimensions.

8.2 Performance comparison and analysis

In this subsection, we show the experimental results per-
formed using the dataset described above. Inthe experiments,
we utilize a PC with Pentium Il (500MHz) with 128 MB
main memory and the Linux operating system. Each experi-
ment starts from a“cold” buffer state.

In the first experiment, the map shownin Fig. 8 is decom-
posed into 30 x 30 cells. Then we select a3 x 3 cell region
C which consists of 9 cells then compute first-order Markov
transition probabilities {Pr(ci|co) | co € C, 1 € C}.
Namely, we compute probabilities for all the combination
(92 = 81) of celsin C. As described in Subsection 8.1,
the dataset was generated by simulating while T' = 1,000
unit times, but we have also constructed its subsets (T =
100, 200, ...,900) to examine the scalability of the algo-
rithms. As shown in Fig. 9, the CSP-based algorithm (CSP)
performswell compared to the naive algorithm (naive) in this
case. Both algorithms have almost linear behaviors according
to T, the size of the dataset.

Figure 10 shows the result of an experiment which obeys
the setting of Fig. 9, except for the order of the Markov chain
istwo; namely, we estimate all the 93 = 729 transition prob-
abilities {Pr(ca|co, 1) | co € C, 1 € C, co € C}. Since
the number of transition probabilities to be estimated have
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Figure 9: Estimation of probabilities(n = 1, 3 x 3/30 x 30)

increased nine times, we can see that the total computation
times also have increased almost nine times, but the overall
behaviors shown in Fig. 10 is quite similar with Fig. 9.
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Figure 10: Estimation of probabilities (n = 2, 3 x 3/30 x 30)

Fig. 11 also shows the case of the third-order Markov
transition probabilities {Pr(c3|co, ¢1, ¢2) | co € C, 1 €
C, ¢z € C, c3 € C}. It shows quite similar tendencies with
Figs. 9 and 10.
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Figure 11: Estimation of probabilities (n = 3, 3 x 3/30 x 30)

In the experiments shown above, the CSP-based al gorithm
highly well performed than the naive algorithm. As shown
below, however, this tendency does not aways hold. Fig-
ure 12 shows the result of an experiment which has the same
setting with Fig. 10 except for the cell decomposition; in this
case, we utilize the setting of acoarser 20 x 20 decomposition.
The CSP-based algorithm is still better than the naive algo-
rithm, but their difference is relatively small. The main rea-
sonisthat the areas of the target cells are increased due to the
coarse 20 x 20 decomposition. Although the region used for
the estimation consists of only 3 x 3 cells, since the MBRs of
the R-tree non-leaf/leaf nodes overlap each other, the actual
search region almost includes the entire map region. There-
fore, the pruning used in the CSP-based algorithm cannot re-
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Figure 12: Estimation of probabilities (n = 2, 3 x 3/20 x 20)

duce the number of intermediate solutions effectively until
we reach the leaf level of the R-tree.

We can consider two additional factors concerning the R-
tree implementation. First, conventional R-tree implementa-
tion aims to optimize the processing of a single point/range
query; the internal implementation (e.g., a buffering modul€)
istuned according to thistype of queries. The buffering mod-
ule of the R-tree program used in the experiments did not
well perform for the CSP-based algorithm which has a dif-
ferent page access pattern. If we use a more sophisticated
page buffering scheme, we would be able to improve the per-
formance of the CSP-based algorithm. Second, the R-tree
implementation that we used in the experiments did not use
an optimized R-tree construction method. If we use a more
optimized R-tree construction method such as packed R-trees
[10] which has less MBR overlaps than the conventional R-
trees, we would be able to reduce the pruning cost.

Based on the above experiments and other experiments
omitted here, we can observe as follows:

e Asthe increase of the dataset size T', the costs of two
agorithms increase almost linearly.

¢ |n both agorithms, even if we use different settings of
orders of Markov chains, the computation time of one
transition probability is amost constant when other pa-
rameters are fixed.

e When we use small cell decompositions (e.g., 40 x 40),
the CSP-based algorithm performs quite well than the
naive one. On the other hand, the relative performance
of the naive algorithm is improved when we use coarse
cell decompositions.

Based on the above observations, we can say that the CSP-
based algorithm is best suited to the estimation of transition
probabilities for relatively small “focused” regions. Such an
analysis often occurs in an interactive mobility analysis that
requires the system to focus on a specific region and demands
aquick response. Moreover, the CSP-based approach would
aso perform better when the entire map region is relatively
large. In this case, an actual mobility analysis should often
focus on some specific regions so that the CSP-based algo-
rithm would work well.

9 Conclusions and future work

In this paper, we have proposed an approach to extract the
mobility statistics from an indexed spatio-temporal database.
The mobility statistics is formulated based on the Markov
chain model. We have proposed two algorithms. The naive

algorithm is derived straightforwardly from the definition of
the Markov chain model. The CSP-based algorithm uses the
internal structure of a spatial index R-tree and enumerates
the target items in an efficient manner. For this purpose, we
have extended an algorithm to solve a spatial constraint sat-
isfaction problem with an R-tree. We have compared two
algorithms using a trajectory dataset generated from a mov-
ing object smulator and made the performance comparisons
of two algorithms. Based on the experimental results, we can
say that the CSP-algorithm is well suited to the interactive
mobility analyses which focus on specific regions and issue
pin-point estimation queries.

The work presented here is currently ongoing in our re-
search group. The future work includes 1) improvement of
the buffer maintenance algorithms, 2) an adaptive decompo-
sition of spatial cells based on the density of moving objects,
and 3) an extension of the work to the non-stationary Markov
chain model.
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