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Abstract

Rapid development and ongoing research activities on
mobile devices, digital cartography, and global position-
ing systems (GPSs) have brought us a new type of software
service—location-based services for moving objects (such
as people with mobile devices and vehicles with car navi-
gation systems). Realization of location-based services re-
quires new technologies to provide appropriate neighbor-
hood information to moving objects. A general approach
to providing neighborhood information to moving objects
is to retrieve objects in the neighborhood of a moving ob-
ject with a spatial query that uses the traditional Euclidean
distance. However, if we know the destination and the es-
timated route of a moving object, we would be able to pro-
vide more appropriate information to the object. Based on
this idea, we have developed adaptive spatial query gener-
ation models that take the trajectory of a moving object into
consideration to retrieve desired information. In this paper,
we describe the design and implementation of the neighbor-
hood information retrieval system based on the models and
evaluate its effectiveness with experiments.

1. Introduction

Recent development of mobile technologies, GPS de-
vices, and electronic cartography realized location-based
information services that provide adequate information to
moving objects, such as people with mobile devices and ve-
hicles with car navigation systems, depending on the place
where they are currently located. A typical approach to pro-
viding neighborhood information to a moving object is to
retrieve POIs (POI stands for “point of interests” such as
a shop, a hotel, and so on) around its current location us-
ing the Euclidean distance; for example, we can consider
a query “select nearest five gas stations from here.” How-

ever, thisapproach is not necessarily an appropriate solution
when a moving object has its destination and we can ob-
tain or calculate the estimated route to its destination. If we
know the past and future trajectory of a moving object, we
may be able to select more appropriate POIs for the object.

Figure 1 explains this idea. The figure shows the current
position, the past trajectory, and the estimated future trajec-
tory of a moving object. If we know such information, the
appropriate search area to provide information to the mov-
ing object would be the shaded area in the figure.
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Figure 1. Providing neighborhood informa-
tion to a moving object.

Based on this idea, we have proposed an approach that
uses an ellipsoid region, as shown in Fig. 1, as an approxi-
mation of the shaded region [9]. An ellipsoid region which
is issued to a spatial database as a spatial query is generated
based on the query generation models on each movement of
the object, and changes its shape according to the trajectory
and the speed of the object. Based on the proposed query



generation models, we have implemented a prototype sys-
tem of a neighborhood information retrieval system using
ESRI’s ArcView GIS 2.3 and its extension package Track-
ing Analyst [5].

The rest of this paper is organized as follows. In the
next section, we describe the related work. Section 3 in-
troduces the query generation models. Section 4 shows the
design and implementation of the prototype system. Sec-
tion 5 presents the experiments conduced over the system
and evaluates the pros and cons of the proposed models us-
ing the prototype system. Finally, Section 6 concludes the
paper.

2. Related work

Due to the rapid development of mobile computing tech-
nologies, research on information providing services for
mobile users have got its popularity (for example, see [4]).
Support of moving objects also has become an important
issue in the database research field [10, 11, 17]. Its main
research areas include data modeling techniques for mov-
ing objects [7, 8] and indexing techniques to retrieve mov-
ing objects and/or the neighborhood of moving objects
[1, 10, 12, 13, 14, 16, 18].

Most of the former approaches of information retrieval
services for mobile users have utilized the conventional Eu-
clidean distance to retrieve neighborhood POls (point of in-
terests). Although the Euclidean distance has benefits that
it has clear semantics and efficient query evaluation meth-
ods are already available, it does not necessarily retrieve
“neighborhood” POls for moving objects. For example, if
we retrieve nearest POIs using the Euclidean distance in
Fig. 1, the result would include POIs which are located on
the places where the user will not visit actually. An ellip-
soid distance used in our approach can change its shape and
rotation based on the specified parameters and enables us
to retrieve POIs which are located along the trajectory of a
moving object.

Ellipsoid distances have been used in various fields in-
cluding pattern recognition and statistics, and also used in
multimedia information retrieval [6]. Since we can adjust
the shape and the rotation of the query region of an ellip-
soid distance by setting appropriate parameters, we can gen-
erate an adequate query depending on the location and the
situation of a moving object. Spatial queries based on an
ellipsoid distance, called ellipsoid queries, also have a ben-
efit that devised techniques already exist for their efficient
evaluation [2, 3, 15]. It means that we can achieve efficient
retrieval even for large spatial databases with the help of
spatial indexes. In [9], we have already described the strat-
egy to enable efficient evaluation of an ellipsoid query in
our situation and the performance evaluation results of the
proposed strategy.

3. Query generation models

In this section, we introduce the ellipsoid query genera-
tion models which consider the past and future trajectories
of a moving object to estimate an appropriate query for the
object. The detail of the models can be found in [9].

3.1. Representation of moving positions

Figure 2 represents the trajectory of a moving object that
started =, when ¢t = 1. The location of the object at the
currenttime ¢t = 7 is &, and the estimated arriving time at
the destination @ , 1,/ ist = 7+ 7. Note that the half of the
trajectory shown in the figure is the estimated one. The re-
maining location vectors @, ... @ 1, @91, ..., Eryqp
are obtained by sampling the trajectory on every unit time.
The basic idea behind our approach is that the movement
status of a moving object at the current time (¢t = 7) can be
represent by this set of location vectors. The idea is formal-
ized in the following subsection.
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Figure 2. Modeling of route information.

According to future trajectories, we assume that a route
estimation facility, which computes a new estimated tra-
jectory on each detected movement of a moving object, is
available. This is a natural assumption when we consider
the current mobile technology and location-based services
such as car navigation systems. As described later, since our
approach only requires recent past location vectors and near
future ones to generate a query, the route estimation system
does not necessarily need to compute the full trajectory of a
moving object.

3.2. Decay model of influence values

In [9], we have proposed the decay model of influence
values of location vectors which is based on the idea that
the influence (importance) of a location vector exponen-
tially decreases toward past and future from the current po-
sition of the moving object. The idea can be summarized as
follows:

o We set the highest importance on the location at the
time o (0 < ¢ < 7') unit times after from the cur-



rent time. Namely, .., the location where the ob-
ject will move after o unit times later, has the highest
influence value. The idea behind this is that a mobile
user usually has interests on the place where he or she
will arrive in near future.

o Influence values decrease exponentially toward past
and future based on the parameters pand v (0 < p <
1,0 < v < 1), respectively.

We represent the influence value of the location vector x,
as

THe=t (t=1,...,7+0)

_J H
oz(t)_{ vttt (t=T1+40,... T+ T). (1)
The shape of the formula is shown in Fig. 3. By setting
u, v, and o appropriately, we can adapt our query gener-
ation models according to the mobile user’s situation and
preference. The query generation models shown in the next
subsection are based on this influence decay model.
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T+6—2 1+6—1 1+ t+o+1 1+6+2 Time

Figure 3. Exponential decay model of influ-
ence.

3.3. Query generation methods

Generally speaking, a spatial query can be specified in
terms of the following three factors:

1. query center (q)
2. distance function (D)
3. query task

As described later, our prototype system supports two query
center derivation methods, three types of distance functions,
and two types of query tasks (range queries and k-nearest
neighbor queries). In the following subsections, we de-
scribe the derivation methods for query centers and distance
functions.

3.3.1 Derivation modelsfor query centers

Two models to derive query centers are shown below.

1) Use of the current target position (model cur) This
model is based on a simple approach and does not consider
past and future location vectors; it simply uses the current
target position @, 4., where the moving object will arrive
after o unit times later.

2) Weighted average (model avg) This model considers
the past and future trajectories and takes the weighted aver-
age of the location vectors using influence values described
before. The query center is determined as

S am

Q= = """ - )
=1 o)
Since this model derive the query center by a weighted av-
erage, a location vector has a large effect when it is tempo-
rally nearer to the target point « .4, . Since we can obtain
the derivation model cur when we set parameters as ¢ = 0
and v = 0, this approach can be considered as a generalized
version of cur.

3.3.2 Derivation models of distance functions

For distance functions, we have proposed the following
three models.

1) The Euclidean distance (model EU)  The simplest ap-
proach is the use of the standard Euclidean distance. In this
approach, after the derivation of the query center q, the dis-
tance is calculated as follows:

(- q)' (= - q). 3)

Although the Euclidean distance does not utilize trajectory
information, it has benefits of clear semantics and efficient
computation.

D(x, q) =

2) Ellipsoid distance-based approach (model OV) We
first introduce the notion of an ellipsoid distance. It is de-
fined as

D(x, q) =+/(z — q)'A(z — q), (4)

where A is a d x d symmetric positive definite matrix
(AT = A and 27Axz > 0 forany & # 0) and d is the
number of dimensions (in our case d = 2). Since the dis-
tance defined above has isosurfaces of ellipsoid shapes, it
is called an ellipsoid distance. The matrix A is called the
distance matrix. Note that if A is a unit matrix, the ellipsoid
distance is reduced to the Euclidean distance.



An ellipsoid distance has a benefit that we can tune the
distance shape by setting the distance matrix A adequately
depending on the situation. A distance function derivation
model OV (it means an “oval™) considers influence values
« (), shown in Subsection 3.2, to derive an appropriate A.
As discussed in [9], the following distance matrix A .. that
minimizes the summation (penalty) gives the “optimal” el-
lipsoid shape in terms of the given location vectors:

T+T'
Aopt = arggﬂn > a(t) (@ — q)"Ax —q).  (5)
t=1

The matrix A can be derived by setting an appropriate
constraint det(A) = 1 on A as follows:

Aopi = det(C)iC™, (6)

where det(A) is the determinant of A and C is the following
weighted covariance matrix:

T+T'
c=3 alt)(w: —q)(z: — )" ()

3) Hybrid approach (HB) Although the above model
QV has a benefit that it takes past and future trajectories
into consideration, it has a problem that it is not robust
for specific types of movement patterns. For example, if
a moving object continually moves on a straight line or
stops at a single point for a long period, the covariance ma-
trix shown in Eq. (7) approaches to a nonsingular matrix
(namely, det(C) ~ 0); it brings problems such that the iso-
surface of an ellipsoid distance has a quite narrow shape. Its
reason is that the model OV uses the spatial distribution of
the past and future trajectories which is actually represented
by a set of location vectors. The aim of the hybrid approach
called HB is to alleviate this behavior and to make OV more
robust.

The idea of the hybrid model is simple; it is based on the
regularization technique, which is often used in statistics.
This model first computes the matrix C* as

ct = /\£+(1—/\)”|—”,

IC]
where ||C|| represents the Frobenius norm of C and | repre-
sents the unit matrix. The distance matrix A is given by

(®)

A = (det(CT))7(CH)~". 9

The parameter A (0 < A < 1) is called the hybrid parameter
and determines how to blend the two models EU and OV.
When 0 < X < 1 is satisfied, it is assured that C* is a
nonsingular matrix. As special cases, when A = 0 and 1, it
reduces to the model EU and OV, respectively. Therefore,
this model is a generalized version of the two models.

4. Design and implementation of the prototype
system

In this section, we describe the design and implementa-
tion of the prototype system which is based on the query
generation models described in Section 3.

4.1. System overview

The architecture of the prototype system is shown in
Fig. 4. The prototype system is implemented using ESRI’s
ArcView GIS 2.3, a commercial GIS software package [5].
Also, Tracking Analyst, an extension package of ArcView is
used to implement the dynamic behavior of the system. The
system is developed using the Avenue scripting language,
the basic scripting language for ArcView.
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Figure 4. System architecture.

Figure 5 shows the user interface of the system. It first
receives the starting point and the destination from a user.
The route calculation module receives these parameters and
calculates an estimated route to the destination. Tracking
Analyst manages the estimated route for query processing.
If a new location of the moving object is acquired from
the GPS module, it issues a request to calculate a new esti-
mated route. The user interface also receives the specifica-
tion of parameter values from the user. Such values include
the query task (range query or k-nearest neighbor query),
the weighting parameters for past and future (;» and v), the
lookahead parameter (o), the query center derivation model
(cur or avg), the distance function derivation model (EU,
QV, or HB), and the hybrid parameter A in the case when
the HB model is selected.

When the GPS module reports the current location of
the moving object, the system generates a new neighbor-
hood query, which consists of a query center g, a distance
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Figure 5. Graphical user interface.

function D, and the query task, and executes it over the Ar-
cView system, then the result is displayed on the GUI. The
retrieved POls are highlighted on the GUI and attribute val-
ues (such as a shop name and a shop type) of each POl is
shown as a record in the displayed table.

4.2. Details of the modules

The modules and their relationships are shown in Fig. 4.
The solid lines represent the data and the control flows re-
quired to set up initial parameters. The dotted lines repre-
sent the flow on the retrieval time. The roles of the modules
are explained below.

1) ArcView The ArcView system supports the basic GIS
facility; it manages map data and POI items, and retrieves
them when the query generation and execution module
sends it a request. Also, it has a function to send Tracking
Analyst the detected current location of the moving object,
which is obtained from the GPS module.

2) Tracking Analyst  Using this extension package of Ar-
cView, it is possible to display and analyze the obtained
event-based data in a real-time manner. In the implementa-
tion the prototype system, we have extended the basic func-
tionality of Tracking Analyst with programs written in the
Avenue scripting language. Based on this extension, a new
query invocation request is issued from Tracking Analyst to
the query generation and execution module when it detects
the movement event of the target moving object.

In the experiments, however, we did not use a real GPS
system since experiments under equal conditions are quite

difficult in real situations. Instead, we have implemented
a Java program which simulates the role of a GPS system
and sends simulated GPS signals to the input port of the
computer. The prototype retrieval system considers these
signals as if they are actual GPS signals.

3) Route calculation module The current route calcula-
tion module supports the route estimation functionality only
for the part of Tsukuba city, Japan. The reason is that it is
suffice for our experiments and that the route estimation is
not our research focus. We have a plan to incorporate Net-
work Analyst, an another ArcView extension package, to
our system for dynamic route estimation.

4) Query generation and execution module This mod-
ule implements the core part of our system and written in
the Avenue language. The main role of the module is query
generation and execution. When a user movement is no-
tified from Tracking Analyst, it generates an appropriate
query based on the specified parameters from the user, and
sends it to the underlying ArcView system. The received
POls are ranked in the module based on the ellipsoid dis-
tance. Finally, the ranked POls are returned to the GUI
module.

5. Experimental evaluation

As the criteria to evaluate our system and the proposed
models, we can consider two factors: effectiveness (the
quality of query results) and efficiency. This section shows
the experimental results for the effectiveness factor. Ac-
cording to the efficiency factor, we briefly mention it in
Subsection 5.5.

5.1. Setting up the experiment

In this experiment, we use k-nearest neighbor queries as
query tasks. Namely, the system retrieves top-% items using
a given distance function D and a query center q. We set
the parameter as k = 5 throughout the experiments.

As the target data, we use the map and POls in Tsukuba
city, Japan. The POI set consists of about 200 items includ-
ing gas stations, shops, restaurants, office buildings and so
on. In the experiments, we use the driving route shown in
Fig. 6. The route is obtained from an actual car driving in
the city. It takes about five minutes for the five kilometer
route from the starting point to the destination. From this
driving data, we calculate the location vectors by sampling
the data with every five seconds. Therefore, the unittime in
the experiments is five seconds.



Figure 6. Driving route.

5.2. Construction of theideal retrieval result set

To compare the retrieval effectiveness of the proposed
query generation models, we first construct the ideal re-
trieval result set which consist of the ideal retrieval result
for each query point. By the term “ideal retrieval result”, we
mean the optimal POI ranking which reflects the psycholog-
ical distance of a mobile user. If the ideal retrieval result is
given to a query point, we can evaluate the effectiveness of
a query generation method by comparing the ideal ranking
with the ranking generated by the system. However, it is
quite difficult to obtain such a ranking since different mo-
bile users usually have different preferences. Therefore, we
propose a simple user model which simulates the behavior
of a typical mobile user who

o puts the highest importance weight where he or she
will arrive after a unit time later (five seconds later in
the experiments),

o considers the future trajectory more important than the
past trajectory, and

o regards POlIs along the road more important than POls
which are apart from the road.

We explain this idea using Fig. 7. The shaded circles rep-
resent the positions of a mobile user at ¢ = = (the current
time),t = 7+ 1, and ¢t = 7 + 2, respectively. The white
circles are POIs. Based on the assumption described above,
our user puts the highest importance weight on the position
att =7+ 1.

Then we calculate the “distance function” of the as-
sumed user as below. We denote the user’s distance to POI
« from the user’s current position by d,(z). Itis defined as
follows:
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Figure 7. Ranking method for the ideal re-
trieval result.

e For a POl that is along the road, we simply use the Eu-
clidean distance to the POI. For example, we compute
the user’s distance to the POl “A” shown in the figure
as dy(A) = ay.

e For a POI that locates on the forward position but is
apart from the road, we add a unit time penalty, con-
sidering the time required to turn the road, to the city
block distance between the current position and the
POI. For the POI “B” in the figure, the distance is cal-
culated as

du(B) =ay + bl + Udd,

where udd, the unit driving distance, is calculated as
an average distance that the mobile user can move
within a unit time.

o For a POI that locates on the backward position of the
user, we add two unit driving distances to the city block
distance between the current position and the POI. For
instance, the user’s distance to the point “C” is com-
puted as

du(C) = as+ bz + 2 x udd.

Each number shown inthe POls in Fig. 7 represents the rank
of the POI based on the user’s distance. In this figure, the
ranks are calculated until top-10 nearest POls.

5.3. Evaluation measure

To compare the ideal retrieval result calculated as de-
scribed in the previous subsection and the actual retrieval
result, we propose an evaluation measure. It is a modified
version of the precision measure usually used in informa-
tion retrieval.



We assume that POIs within top-p ranks in the ideal re-
trieval result set are the relevant POls. We evaluate the re-
trieval effectiveness of a query generation model by calcu-
lating how many POls within the top-% retrieved POls are
included in the relevant POIls. The calculation method is
formally defined as follows. First, let Res(k) be the top-k
POls in the actual retrieval result set and let Ans(p) be the
top-p POIs in the ideal result set. The evaluation measure
Precision(k, p) is given by the following formula:

|Res(k) N Ans(p)]
[Res(h)]
|Res(k) N Ans(p)]

_ - . (0)

In the following experiments, we use the settings £ = 5 and
p=>5and 10.

Precision(k,p) =

5.4. Experimental results

In this subsection, we present the results of the evalua-
tion experiments.

1) Comparison of EU and HB In the first experiment,
we compare the Euclidean distance-based approach (EU)
and the ellipsoid distance-based approach (OV and HB).
Since OV, the simple ellipsoid distance-based approach, is
a special case of the hybrid approach HB, we select HB as
the representative one in this experiment. We use a typical
parameter setting p = 0.4, v = 0.8, 0 = 2, and A = 0.9 for
HB.

Figure 8 shows precision scores of EU and HB for the
driving route shown in Fig. 6. The horizontal axis is the
transition time when we set the start time as ¢ = 0 (the
unit time is five seconds). The vertical axis represents the
precision score. Although EU is better in some points for
Precision(5, 5), which considers top-5 of the ideal result
set as relevant, the overall precision is worse than HB. Our
analysis said that at the point where HB is worse than EU,
there is a tendency that the actual distribution of POls is
sparse and/or not along the road. For Precision(5, 10),
that regards top-10 of the ideal result set entries as relevant,
HB is more better than EU. Based on this experiment, it
is shown that the ellipsoid distance-based approach is gen-
erally better than the simple Euclidean distance-based ap-
proach at least we use appropriate parameter settings.

2) Comparison of query center derivation methods In
the remaining experiments, we focus on the properties of
ellipsoid distance-based approach. First, we compare two
types of query center derivation methods cur, that focuses
on the current target point, and avg, which derives the query
point as the weighted average of the trajectory points. Fig-
ure 9 shows their precision scores. In the experiment, we
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have used HB with parameters 4 = 0.4, v = 0.8, and
A =0.9. The s-value is setas o = 2.

As shown in the figure, cur is better than avg for the
most of the ranges. The avg method has large differences
between good and bad cases. The periods when avg show
poor performance (t = 4 to 5and ¢ = 25 to 30) correspond
to the situations when the moving object turns corners. As
shown in Fig. 10, the avg method has a tendency to select
the inside of a corner as a query center so that it will lose
POls on the outside of the corner. From this result, we can
say that cur generally returns stable results. But note that
one of the reason of this behavior is that we assume a typical
user who has high interests on POls along the road when
we construct the ideal retrieval result set. Since cur always
generates query centers located on the road, it should be
more effective than avg in this experiment. Use of other
user models might change the behavior of two models.

query center by cur

OO [e) o)

O
®)
@)

query center by avg

current
position

Figure 10. Differences between cur and avg.

3) Comparison between different past and future pa-
rameter settings In this experiment, we take different
combinations of past and future parameters p and v, then
compare their results. In this experiment, we use the com-
bination of HB and cur. Figure 11 shows precision scores
for the following three parameter combinations:

e astandard setting (x = 0.4 and v = 0.8),
o high weights on future (x = 0.1 and » = 0.9), and

e even weights (1 = 0.5 and v = 0.5).

The standard weighting (# = 0.4 and v = 0.8) gives
the best result on average. The high “future” weighting
(p = 0.1 and v = 0.9) shows large differences between
good and bad scores. Compared to experiment 1 and 2, dif-
ferent parameter settings do not bring drastic differences.
One of the reason is that we have generated query centers
with cur, the model which does not consider the weighting
parameters so that three methods use the same query cen-
ters.
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Figure 11. Comparison of different past and
future weightings.

4) Comparison of different hybrid parameter settings
In this experiment, we examine the role of the hybrid pa-
rameter A for HB. We use cur as the query center derivation
method and set parameters as u = 0.4 and » = 0.8. As de-
scribed before, when the hybrid parameter A becomes small
the distance approaches to the Euclidean distance. Oppo-
sitely, if we use a large A value (~ 1), it is assumed to be-
have like OV.
Figure 12 compares three parameter settings:

e astandard setting A = 0.9,
o an “oval-like” setting A = 0.98, and
e a “Euclidean-like” setting A = 0.7.

As we can see in the figure, the changes of A values do not
show large differences in terms of the averaged scores, and
the standard setting A = 0.9 is the most effective one. When
we use the large hybrid parameter value A = 0.98, the dif-
ferences between good and bad scores become large; the
reason would be that the shapes of ellipsoids become quite
narrow and lose target POIs. The result says that the hybrid
approach HB is generally better than the simple ellipsoid
distance-based approach OV when we use an appropriate
A-value setting; in this experiment, A = 0.7 is the most ef-
fective one.

The overall results throughout the experiments are sum-
marized as follows. The ellipsoid distance-based approach
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Figure 12. Comparison of different hybrid pa-
rameter settings.

generally returns a better retrieval result than EU. Accord-
ing to the query center derivation methods, cur is better than
avg in our experiment setting. In terms of weighting, high
“future” weighting compared to “past” weighting gives bet-
ter results. But if the future weight is too large, it may bring
bad effects. In conclusion, the hybrid model HB with an
appropriate A-value setting is the most effective approach
in terms of precision scores.

5.5. Efficiency of the system

In this subsection, we briefly mention the retrieval effi-
ciency of the system. Generally speaking, the retrieval cost
of a query in our system mainly consists of 1) query gener-
ation, 2) query processing, and 3) query result presentation.

For efficient query processing, after the generation of an
ellipsoid query, our system first generates a rectangular-
shaped bounding query to retrieve candidate objects that
may satisfy the given ellipsoid query. The rectangular-
shaped query is submitted to the ArcView system and exe-
cuted in it, then the resulting candidate objects are returned.
Finally, the returned candidate objects are ranked by the el-
lipsoid distance to compute the final result. Since the first
filtering query can reduce the number of candidate objects
drastically, it is an efficient query processing approach. We

omit the detail of the approach because we have already re-
ported the evaluation result in [9].

In the above experiments that simulate the actual sys-
tem usage with the unit time setting of five seconds, the
prototype system actually computes each cycle consisting
of query generation, query execution, and result display on
the GUI within this unit time. The detailed analysis of the
behavior of program execution has revealed that the execu-
tion overhead of the Avenue scripting language and the re-
sult display on the GUI have large percentage of the elapsed
time. Therefore, the cost of query generation and process-
ing is considered to be rather small.

6. Conclusions

In this paper, we have described the design and imple-
mentation of a neighborhood information retrieval system
for moving objects. Its main feature is that it considers the
route and the speed of a moving object and generates an ap-
propriate spatial query at each movement of the object. The
key technique is the use of the ellipsoid distances, instead
of the traditional Euclidean distance. The ellipsoid distance
has a benefit that we can modify the shape of a query by
specifying appropriate parameters. We have described the
query generation models and they are implemented in the
prototype system.

In the experiments, we have focused on the query ef-
fectiveness issue and compared the precision scores of the
query generation models based on the real user movement
data and a POI dataset. Also, we have examined the behav-
iors of different parameter settings in our query generation
models. Based on the experiments, we have shown that the
hybrid approach which is based on the ellipsoid distance,
but blends the Euclidean feature with it, has a good overall
performance in general situations. The future work includes
the incorporation Network Analyst, an extension package
of ArcView, to enhance the system with a route estimation
facility.
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