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Architecture of Spatial Data Warehouse for Traffic Management
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Abstract Recently, huge volume of spatial and geographic data are stored into the database systems by using GIS
technologies and various location services. Based on the long term observation of person trip data, we can derive
patterns of person trip data and discover trends of actions by executing spatial mining queries effectively. In order
to improve the quality of traffic management, traffic planning, marketing and so on, we outline the architecture
of spatial data warehouses for traffic data analysis. Firstly, we discuss some fundamental problems in order to
achieve a data warehouse for person trip data analysis. From the view point of traffic engineering, we introduce
our proposed route estimation method and advanced spatial queries based on the techniques of temporal spatial
indices. Secondly, in order to analyze the characteristics of person trip sequences, we propose the OLAP (On-Line
Analytical Processing) oriented spatial temporal data model. Our 3 -tree data structure is based on the techniques
of data cube and 3DR-tree index. Finally, we evaluate the performance of our proposed architectures and temporal
spatial data model by observing actual positioning data, which is collected by location service in Japan.
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volume of spatial temporal data in location service systems
based on GPS (Global Positioning System) and PHS (Per-
In recent years, application systems of GIS (Geographic sonal Handy-phone System).

1. Introduction

Information System) and spatial databases are becoming Furthermore, in the research fields of data mining, a lot

popular [13], and we have to operate and analyze the huge of spatial data mining algorithms to derive patterns and dis-
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(a) Analytical processes for spatial temporal data.
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(b) Spatial data warehouse and traffic mining system.

Fig. 1 Processes and Architecture for Person Trip Data Analysis.

cover knowledge in the huge volume of databases are pro-
posed [1], [6], [8], [9]. For example, in order to make clusters
effectively, clustering algorithms make full use of the spatial
characteristics, such as density, continuity and so on. In our
previous researches [3], we also proposed effective clustering
algorithms based on the spatial index technologies [11], [12],
such as R-Tree, R*-Tree, PR-Quadtree and others.

Therefore, in this paper, we outline an architecture of spa-
tial data warehouse for traffic management/control, traffic
planning and marketing, in order to analyze the characteris-
tics of traffic flows based on location services.

In Section 2, we point out several fundamental problems
[3], which must be solved before constructing the spatial data
warehouses. In Section 3, in order to derive trip routes from
actual discrete positioning data effectively, we introduce the
route estimation algorithm [4]. In Section 4, in order to exe-
cute large-scale traffic simulation, we apply data replication
algorithm and estimate more accurate traffic parameters. We
also discuss the performance of our proposed method by us-
ing actual positioning data by PHS location service in Sap-
poro city. In Section 5, from the view points of spatial data
mining, we discuss typical OLAP queries for traffic mining,
and we propose spatial temporal data structures. Finally, we

conclude in Section 6.

2. Spatial Data warehouse for Traffic
Management

In order to construct data warehouse for traffic manage-
ment systems, firstly we have to integrate the technologies of
GIS, spatial database and location services. In this section,
we point 6ut several problems of geographical information

systems and location services.

2.1 Architecture of spatial data warehouse for

traffic management

We introduce the analytical processes for person trip data
in Fig.1(a) and we describe the data warehouses and related
processing modules for person trip data analysis in Fig.1(b).
Firstly, by using location services, we observe data of “person
trip” and translate from raw data to “location data”. We es-
timate a trip route by using discrete location data and map
data for a specific person trip. The sequence of “trip and
action data” is derived from data of “route estimation” and
action attribute values. If we have a sufficient volume of per-
son trip data, it may be possible to analyze “OLAP oriented
model” directly, and we can derive “pattern and knowledge’
for “traffic management” from data. However, due to the
problems of privacy and location observing costs, it is very
difficult to capture sufficient numbers of person trip data in a
target area. Therefore, we apply “data replication” algorithm
to original observing trip data, then we execute simulation
tools (MITSim) by using cloning data of actual person trip.

2.2 Basic problems of GIS and locaticn service
Integration of different types of GIS:

There are so many geographic information systems, which
are composed of spatial databases and advanced analytical
tools. However, it is not so easy to integrate different types
of information systems in order to develop the spatial data
warehouse for traffic management. Because, we have to in-
tegrate various spatial data with different formats with dif-

ferent accuracy.

Clearing warehouses of geographic data:
Clearing warehouses and common spatial data formats,
which are sometimes described in XML, are becoming very

useful in order to exchange different types of spatial and non-
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(a) Positioning sequences and exact route.

(b) Primary estimated route and alternative route.

Fig. 2 Comparison between exact route and estimated route.

spatial attribute values. However, at present, it is very hard
to integrate schemata, attributes and many other character-
istic values. For example, in order to display the position on a
map, we have to handle several different spatial coordinates
such as WGS-84, ITRF(International Terrestrial Reference

Frame) and others.

Advanced trip monitoring systems:

We evaluated the measurement errors by using mobile GPS
terminals [2]. But it is not sufficient to determine the location
by using PHS type location services. The major error factor
of the PHS service seems to be caused by the reflection of
buildings and constructions. Of course, the error is becom-
ing smaller by GPS and pseudolites gradually. Therefore, we

have to pay attention to advanced location services!™Votll,

3. Estimation of Person Trip Route

In this section, we focus on the estimation of person trip
route, and we examine the accuracy and validity of our pro-
posed algorithm by using actual PHS location service.

After integrating the numerical map, various geographi-
cal and spatial attributes, such as nodes of crossroads, road
arcs, directions and so on, spatial objects are stored into the

spatial data warehouse. In this experiment, we utilized a

Notel: One of important URLs is http://www.fcc.gov/911/.

numerical map of a restricted area. We also analyzed the
sequences of positioning data during 30 minutes with 15 sec-
onds interval of location service.

Fig.2 (a) and (b) show the comparison with the actual se-
quences of PHS positioning data and the estimated person
trip routes that are derived by our Quad-tree based estima-
tion algorithm [4].

In Fig.2 (a), the numbers show the sequences of positioning
data provided by PHS location service, pale -blue- lines show
the roads that should be searched, and the red -or black- line
with points shows the exact person trip route. In Fig.2 (b),
a line with points shows the primary person trip route that
is estimated by out algorithm, and several pale lines mean
alternative rational person trip route. In this case, the pri-
mary route is entirely consistent with the exact route. But
the both of estimated routes are also rational, which satisfy
traffic legal restrictions. The alternative routes may be ratio-
nal within the error range of PHS location service. In several
experiments, almost of all routes could be specified fast and
correctly.

By using our proposed system, it is possible to collect suffi-
cient volume of person trip routes into the spatial data ware-
house in order to analyze the traffic congestion and patterns

for statistical or mining objectives.
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(a) Replication of spatial information data.
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(b) Visualization of MITSim results.

Fig. 3 OLAP Oriented Spatial Data Structure.

4. Replication of Person Trip for Large-
scale Simulation

There are several major analytic methods for traffic con-
gestion, such as stochastic user equilibrium assignment
model, numerical computing by simulation model and oth-
ers. However, it is so hard to consider interfering constraints
between trip parameters. Generally speaking, a sequence of
person trips and actions strongly dependents each others, but
almost of all analytical models don’t care those interference
of sequential actions.

On the other hand, by using advanced location service, it is
to easy to capture the long-term sequence of detail trips and
actions. Therefore, we propose our continuous person trip
model with interfering actions, an array of observable trip-
action is given by sequences of OT; = [A1T AT AsTAs -]
in Fig.3 (a).

actions A; and trip time T.

A person trip is presented by a sequence of

As we mentioned in previous section, due to the problems
of privacy and observing cost, it is very difficult to collect suf-
ficient numbers of person trip data. In order to execute MIT-
Sim as a large-scale simulation in Fig.3 (b), we need much
more volume of observing data or their replications as initial
settings. Therefore, with preserving the order of actions, we
replicate and clone the array of trip-action data with differ-
ent distribution of moving speed and staying time. Easily
speaking, the sequence of OT; = [A1TA2T AT A4] is pre-
served, we produce some mutants of a trip-action sequence
presented in Fig.3 (a).

In our experiment, we collected the sequences of 99 per-
son trip data, who had trip-actions from Sapporo city to

Sapporo dome on November 24 in 2001, by observing PHS

mobile terminals. We visualized sequences of person trips
with 5 minutes interval time in Fig.4, we recognized that
moving objects were concentrated into specific area, “Sap-
poro dome”. Therefore, the replicants and mutants of these
sequences are also concentrated in the specific area, when we
execute cloning process of trip-action data.

Next, we executed MITSim as large-scale simulation pre-
sented in Fig.5. Based on the experimental results, it is
possible to estimate the peak value of congesting situation
correctly. There is a little bit delay of trips between the

actual observation and our simulation results.

w e wm m a e a w (km) Lncetion Peints

Dome Area
Sapporo Dome
Sapporo Station

Stations

Fig. 4 Visualization of Person Trip Data.

Next, it is important to analyze and discover the primary
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Fig. 6 Spatial Temporal Queries for Traffic Analysis.
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Fig. 5 Comparison of observation and simulation results.

factors. of this congesting situation in order to have traffic

management and control.

5. Analytical Queries in Spatial Data
‘Warehouse

In this section, we focus on the problems of OLAP (On-
Line Analytical Processing) in a spatial data warehouse for
traffic management and control. We discuss important an-
alytical queries from the view point of traffic engineering.
We also propose OLAP oriented spatial data structure in or-
der to derive characteristics of moving objects in the data
warehouse effectively.

5.1 OLAP queries for traffic management

Firstly, we have to consider temporal spatial index such as
TPR-tree (Time Parameterized R-tree) [10] in order to han-
dle moving objects dynamically [7]. TPR-tree is an extension
of R-tree index, and moving objects are stored in nodes of
TPR-tree index by using the time function.

After we store a huge number of trip-action sequences into
a spatial data warehouse, we need to execute temporal spa-
tial queries [10] in order to discover characteristics of traffic
flows from the view point of traffic managemént and control.

Here, we use definitions of time series, t1, t2(t1 < t2), and

regions, Ry, Rz, and the following temporal spatial queries
are important for our analysis.

(1) Timeslice query Qs = (Ry,t1): At time point ¢,
objects are searched for in a region R: in Fig.6 (a).

(ex.) Based on the results of a query, we can calculate typ-
ical traffic flow parameters, such as traffic density, average
traffic velocity and others.

(2) Window query Quin = (Ri,t1,t2): Fig.6 (b)
shows that moving objects are searched for in the regionR;
from t; to ta.

(ex.) By using the results of window queries, we can calcu-
late time average velocity which has rather stable property
in traffic analysis.

5.2 Z-tree for person trip data analysis

In order to execute analytical queries and mining pro-
cesses, we proposed our spatial temporal data structure,
which is based on the technologies of spatial temporal in-
dices and data cube. Our proposed  -tree data structure
in Fig.7 has a hierarchical tree structure with having total
number of objects and sum of objects’ speed stored in lower
nodes [5].

For instance, we consider spatial temporal data
(z1,91,t1), (T2, Y2, t2), "+ +, (Tn, Yn, tn) with total number of
objects m. This hierarchy is based on the spatial con-
straints with moving speed and direction of objects. Nodes
Ly, Ls,- -, Ly are constructed hierarchically by using spatial
constraints of objects, such as similar vectors with moving
speed and direction, and objects are stored in same segments
of roads.

(z1,91,t1), (T2, 92, t2), -+, (@i, iy 6a) C Ln
(Tit1, Yit1,tiva), -+ -, (5,5, t5) C L
(Zr41, Yra1s tes1), o5 @y Yny tn) C Ly

Furthermore, considering additional speed attribute val-

ues (z1,y1,t1,v1), (T2,y2,t2,v2),* *» (Zn,Yn, tn,Un) in a leaf
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Fig. 7 OLAP Orinted Spatial Data Structure.

node, sum of objects’ speed Vi, Vi,,- -, VL, are also stored
in upper nodes.

i J n

VL1=sz, Vi, = Z v, -, Voiy = Z v

=1 l=i41 I=k+1

For example, in our proposed data structure of Fig.7
(b), we define the specific spatial node (< zijs : ¥ijs :
tijs, Tije © Yije : tije >) based on two different tips of nodes
(Tijs, Yijss tijs) and (Zije, Yijestije). We also store area of
nodes (z,y,t) C L., sum of traffic parameters, such as total
speed of objects Vz, and total number of objects Np,. We
can store those values into nodes recursively. We name this
spatial temporal data structure as ) -tree, in the specific
nodes including moving objects, it is possible to calculate
summing-up and average values by using this structure with

small computing cost effectively [5].
6. Conclusion

In this paper, we outlined the framework of our proposed
spatial data warehouse for traffic management/control and
discussed typical queries for traffic data analysis and mining.
At present, in order to analyze the traffic flow and discover
complex patterns from huge volume of person trip-action se-
quences, we need to execute our proposed cloning process in
our architecture. In near future, if we can collect all actual
positioning data in a region, we may omit the replication and

simulation modules in our proposed system.
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