
Computers & Industrial Engineering 63 (2012) 855–863 

 

Contents lists available at SciVerse ScienceDirect

Computers & Industrial Engineering

journal homepage: www.elsevier .com/ locate/caie

 

Use of distributed data sources in facility location
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a b s t r a c t

Facility location decisions are usually determined by cost and coverage related factors although empirical
studies show that such factors as infrastructure, labor conditions and competition also play an important
role in practice. The objective of this paper is to develop a multi-objective facility location model account-
ing for a wide range of factors affecting decision-making. The proposed model selects potential facilities
from a set of pre-defined alternative locations according to the number of customers, the number of com-
petitors and real-estate cost criteria. However, that requires large amount of both spatial and non-spatial
input data, which could be acquired from distributed data sources over the Internet. Therefore, a compu-
tational approach for processing input data and representation of modeling results is elaborated. It is
capable of accessing and processing data from heterogeneous spatial and non-spatial data sources. Appli-
cation of the elaborated data gathering approach and facility location model is demonstrated using an
example of fast food restaurants location problem.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

The aim of facility location is to determine spatial position of
different types of facilities in order to provide good customer ser-
vice and to attain a competitive advantage. In the case of discrete
facility location, there is a pre-defined set of alternative locations,
and facilities are placed at some of these locations to optimize cost
or coverage criteria. Owen and Daskin (1998) in their review of
facility location problems classify facility location problems as
median, covering and center problems. Melo, Nickel, and Salda-
nha-da-Gama (2009) analyze facility location from the supply
chain management perspective and identify close relationships be-
tween facility location and supply chain design problems. They
show that the majority of facility location and supply chain design
models consider optimization only according to a single objective
(usually cost or profit). However, the supply chain design and facil-
ity location problems are inherently multi-objective problems af-
fected by a large number of different decision-making factors.
Bhatnagar and Sohal (2005) classify factors influencing plant loca-
tion in eight groups, namely, cost, infrastructure, business services,
labor, government, customer/market and supplier/resources and
competitor related factors. Their empirical analysis shows that
the majority of these factors are important to decision makers.
Nwogugu (2006) criticizes existing facility location models be-
cause of their failure to address several concerns important to
ll rights reserved.
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practitioners. The author also discusses approaches for gathering
required input data for a new facility location model designed spe-
cifically for a retail store location. Difficulties to deal with a multi-
tude of factors relevant to facility location are also highlighted by
MacCarthy and Atthirawong (2003). Julka, Baines, Tjahjono, Lend-
ermann, and Vitanov (2007) show that the closely related facility
expansion problem is also a multiple criteria problem and there
are no models capturing all facets of the problem. Fernández and
Puerto (2003) develop methods for obtaining the Pareto set of solu-
tions to the multi-objective plant location problem, where differ-
ent criteria are expressed in terms of their cost impact. Above
mentioned studies, show that practitioners are particularly con-
cerned with government, infrastructure and cost related factors.
In order to address some of these concerns, the facility location
problem should be tackled as a multiple-objective problem and a
wide range of factors should be accounted for.

Additionally, many of these factors have spatial features, and
spatial and cartographical information are necessary during the
decision-making process (Vlachopoulou, Silleos, & Manthou,
2001). Such techniques as data warehousing (Dolk, 2000) can be
used to handle non-spatial data necessary for decision-making
while they are less efficient in dealing with spatial data because
of data maintenance and infrastructural difficulties. Therefore, dis-
tributed data sources maintained by external service providers are
an attractive option for handling spatial data. There are multiple
standards for handling distributed spatial and non-spatial data.
WMS (Web Map Service) and WFS (Web Feature Service) are
spatial data access interfaces for requesting spatial data and fea-
tures, respectively (Chen, Gong, & Chen, 2007). These standards
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Table 1
The classification of factors relevant to facility location.

Factor Data type Source type

Cost Non-spatial Commercial
Infrastructure Spatial Public
Business services Non-spatial Commercial, field work
Labor Non-spatial Public, commercial
Government Non-spatial Public, commercial
Customer/market Spatial Public, commercial
Suppliers/resources Spatial Commercial, field work
Competitors Spatial Commercial, field work
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are promoted by the Open Geospatial Consortium (OGC), though
they are yet to achieve a wide-spread acceptance. Another OGC
standard, which can be used in spatial data exchange, is GML
(Geography Markup Language) (Peng & Zhang, 2004). KML (Key-
hole Markup Language) is an alternative spatial data exchange for-
mat actively promoted by Google (Du, Yu, & Liu, 2009). Recently,
Google has submitted it to the OGC, allowing future harmonization
of GML and KML. SOAP (Simple Object Access Protocol) based web
services is the most widely used technology for exchanging non-
spatial data. Standards allow reducing complexity of handling dis-
tributed data though their variety and relatively low level of appro-
bation in decision-making applications complicates the usage of
distributed data.

The objective of this paper is to develop a facility location model
accounting for wide range of factors affecting decision-making and
to propose a computational approach supporting the modeling
process. The computational approach aims to cover the modeling
life-cycle from data gathering to model-solving, and to representa-
tion of modeling results. The computational approach is necessary,
because otherwise the complexity of gathering necessary data for
model solving and representation of modeling results would ren-
der the proposed facility location model impractical.

The existing literature is analyzed to determine factors influ-
encing facility location and supply chain configuration decisions.
It shows that besides the traditional factors such as costs and time,
additional factors such as local government, competitive situation,
and labor market are highly relevant in practical decision-making.
A multi-objective optimization model accounting for the identified
factors is formulated. This model can be perceived as a data-driven
model, which can be easily expanded if additional input factors
should be accounted for. The computational approach ensures
gathering data necessary for decision-making purposes from dis-
tributed spatial and non-spatial data sources. The model-solving
activity is performed using a commercially available solver and a
specially designed facility location heuristic. A geographical infor-
mation system is used to represent the modeling results by com-
bining multiple layers of spatial data. The main principles of the
proposed computational architecture are (a) utilization of distrib-
uted data handling standards, (b) accounting for Quality of Service
(QoS) characteristics of the distributed data providers, (c) utiliza-
tion of local data processing facilities when possible, and (d) sys-
tematic approach to data processing process composition.

Application of the proposed facility location model and the sup-
porting computational approach is demonstrated by providing a
sample problem of locating fast food restaurants and extracting
data from publicly available data sources.

Three main contributions of this paper are: (1) expanding the
scope of facility location models to account for factors relevant to
practitioners; (2) demonstration of utilization of spatial data in
facility location and supply chain management; and (3) elaboration
of the computational approach for gathering data necessary for
decision-making from external, heterogeneous data sources. The
proposed model differs from traditional facility location models
by considering semi-continuous distribution of demand (the distri-
bution is not continuous at the atomic level, but it is continuous if
we consider the level of granularity used for defining potential
facility locations). On the other hand, the demand distribution is
derived empirically and does not depend upon distributional
assumptions used in continuous facility location models (for in-
stance, see Dasci & Verter, 2001). From the spatial data processing
perspective, the proposed computational approach differs from the
research by Vlachopoulou et al. (2001) by considering distributed
spatial data sources.

The rest of the paper is organized as follows: Section 2 discusses
factors influencing facility location. The multi-objective facility
location model is elaborated in Section 3. Section 4 describes the

 

 

proposed data gathering approach. Application of the model and
the data gathering are demonstrated in Section 5 using an illustra-
tive example of locating fast food restaurants. Section 6 concludes.
2. Factors influencing facility location

Traditional facility location models optimize facility location
cost or some kind of coverage criterion. Typical factors influencing
facility location are customer demand, facility location costs and
distance between facilities and customers (Owen & Daskin,
1998). However, additional factors are often considered in practice.
In order to identify the factors most frequently considered in facil-
ity location, two sources of information are used: (1) empirical
studies on facility location factors; and (2) surveys on factors used
in supply chain design.

Bhatnagar and Sohal (2005) list 41 factors influencing plant
location. These factors are categorized in eight groups including
cost, infrastructure, business services, labor, government, cus-
tomer/market, suppliers/resources and competitors. The impor-
tance of each factor is determined using a survey. MacCarthy and
Atthirawong (2003) identify thirteen groups of factors influencing
facility location with focus in internationalization. They also con-
sider such factors as proximity to parent company, quality of life
and social and cultural factors. However, the average importance
of these factors is lower than for other factors. Factors influencing
facility location in retailing are identified by Nwogugu (2006). Po-
sition relative to competitors, impact of on-line shopping and local
attractions are highlighted as important factors. He also briefly dis-
cusses methods for estimating input parameters of the proposed
model. The position relative to competitors also has been consid-
ered in several mathematical facility location models referred to
as competitive facility location models (e.g., Aboolian, Berman, &
Krass, 2007).

Supply chain design models reviewed by Melo et al. (2009) and
Chandra and Grabis (2007) deal with facility location issues as well
as with product allocation, transportation planning and others.
Typically these models attempt to optimize financial performance
measures using various cost-related factors such as cost for open-
ing facilities, transportation cost, and sourcing costs. Two groups of
additional factors which are frequently considered in supply chain
design are international factors (e.g., trade barriers, local incen-
tives, currency exchange rates) and risk management related
factors.

The discussion above shows that there is a large variety of fac-
tors influencing facility location. From the perspective of this pa-
per, it is important to identify possible data sources for each
factor. Table 1 lists groups of factors relevant to facility location
as defined by Bhatnagar and Sohal (2005) and data type and
sources type for each group. The data type is classified as either
spatial or non-spatial data (a factor group might include both spa-
tial and non-spatial data but the data type attribute is assigned
according to the dominant data type). Spatial data identify the geo-
graphic location of features and boundaries and are usually stored
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as coordinates and topology. For instance, infrastructure objects
such as transportation services have particular geographical loca-
tion and shape. The typical source of spatial data is geographical
information systems. The source type is classified as public, com-
mercial or field work. Public data sources are provided by govern-
ment institutions and other public organizations and agencies. For
instance, the World Bank publishes Nation Development report,
which can be used to measure administrative efficiency factor
belonging to the government group of facility location factors.
Commercial data sources are provided by data companies. For in-
stance, detailed labor market analysis is provided by recruiting
agencies. There is a fee for using commercial data, though they
are often provided in more appropriate formats and have better
accessibility. Finally, there are data, which are not readily available
and need to be collected on-demand. These data are referred to as
field work data and constitute the most expensive alternative.

Additionally, Remer, Lin, Yu, and Hsin (2008) provide an exten-
sive review on cost and location factors and indicate a data pro-
vider for each factor.

3. Facility location model

In order to account for the variety of factors identified in the pre-
vious section, the facility location problem is defined as a multi-
objective mixed-integer programming model. The model selects po-
tential facilities from a set of pre-defined alternative locations by
maximizing an aggregated facility goodness indicator as a weighted
sum of several facility goodness indicators corresponding to criteria
describing potential locations. Different sets of the facility goodness
indicators can be used. Indicators characterizing number of custom-
ers, number of competitors and real-estate cost are used in the par-
ticular facility location model proposed in this paper. These
correspond to the size of market, the location of key competitors
and the cost of land factors according to Bhatnagar and Sohal (2005).

3.1. Notation

The following notation is used in modeling:

 

 

i
 index for potential sites

Xi
 a binary potential facility site open

indicator, Xi e {0, 1}

ai
 customer index at site i

ci
 competitor index at site i

li
 land cost index at site i

r
 coverage radius

Bs

i
 set of points j falling within r around
i, where s indicates a type of point.
aj
 number of customers at point j

dij
 distance between site i and point j

Dii0
 distance between two potential

facilities i and i0
v ij ¼
expð�uijÞ; u 6 1
0;uij > 1

8<
:

weight coefficient, where uij ¼
dij

r

N
 number of potential sites

P
 maximum number of sites

H
 number of site selection criteria

Z
 aggregated facility goodness

indicator

Zh
 facility goodness indicator for

selection criteria h, h = 1, . . . , H

wk
 weight coefficient characterizing

importance of each selection
criteria, h, h = 1, . . . , H
3.2. Model formulation
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The multi-objective function maximizes the aggregated facility
goodness indicator:

Z ¼max
XH

h¼1

Zh:

In the general case, Zh can be expressed as the sum of indicator val-
ues at each selected facility location. If the number of customers,
number of competitors and real-estate cost are used as the selection
criteria, then Z1, Z2 and Z3 are computed using expressions (1)–(3),
respectively. The customer indicator Z1 is computed as:

Z1 ¼
XN

i¼1

aiXi; ð1Þ

where ai ¼
P

j2B1
i
v ijaj is a sum of customers in proximity of potential

location i exponentially weighted by the distance. This indicator is
used as a proxy for customer demand. In order to calculate the indi-
cator value, ai are scaled to range between 0 and 1.

The competitor indicator Z2 is computed as

Z2 ¼
XN

i¼1

ciXi; ð2Þ

where ci ¼
P

j2B2
i
v ij is a sum of competitors in proximity of potential

location i exponentially weighted by the distance. In order to calcu-
late the indicator value, ci are scaled to range between 0 and 1.

The real estate cost indicator Z3 is computed as

Z3 ¼
XN

i¼1

liXi; ð3Þ

where li are scaled to range between 0 and 1.
Maximization is performed subject to the following constraints.

Constraint (4) restricts the number of facilities to be selected:

XN

i¼1

Yi 6 P: ð4Þ

Constraint (5) implies that the distance between two open facil-
ities should be larger than 2r:

DijXiXj P 2r; 8i; j; ð5Þ

This constraint is similar to constraints often used in traditional
facility location models assigning each demand point exclusively
to a single facility. In order to avoid nonlinearity, multiplication
XiXj is replaced by the following constraints:

DijY ij P 2rYij; 8i; j; ð5aÞ
Yij 6 Xi; 8i; j ð5bÞ
Yij 6 Xj; 8i; j ð5cÞ
Yij P Xi þ Xj � 1; 8i; j; ð5dÞ

where Yij is a binary variable.
Additionally, constraint (6) is introduced to impose symmetry:

Yij ¼ Yji; 8i; j: ð6Þ

In order to compute the aggregated location goodness indicator,
a weighted sum of individual facility goodness indicators is com-
puted. Importance of each indicator can be determined according
to the results of empirical studies on practical importance of differ-
ent facility location criteria. The model presented above uses just
three facility location criteria although other criteria mentioned
in Section 2 can be incorporated, if necessary.

The main difference of the proposed model from the traditional
discrete facility location models is that customer demand is not
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specified by discrete data points and these data points are not as-
signed to the specific location. Instead of that the customer indica-
tor (see Eq. (1)) approximates the demand density around the
potential facility, and facilities are located at sites having high de-
mand density.

 

 

3.3. Model solving

The facility location problem is a computationally hard prob-
lem, and solving it directly is often prohibitive, even for medium
size problems (Arostegui, Marvin, Kadipasaoglu, & Khumawala,
2006). Therefore, a simple heuristic is developed to solve the facil-
ity location problem described above in situations when direct
solving is not possible within a reasonable time. The heuristic is in-
tended for usage during exploratory phases of decision-making. It
is constructed in analogy with the Kernigham–Lin algorithm
(Newman, 2010) used for network clustering. It is assumed that
one cluster (set of locations) S contains selected locations while an-
other cluster U contains locations, which are not selected. The
facility goodness indicator and compliance with constraints (4)
and (5) are used to decide on assigning the candidate location to
either S or U. The main steps of the heuristic are:

1. Sort all candidate locations in the descending order accord-
ing to their facility goodness indicator;

2. Create the initial sets of locations S and U. For every candi-
date location starting with the first location in the sorted
list, assign the location to S if constraints (4) and (5) are
not violated and the aggregated facility goodness indicator
is improved otherwise assign the location to U;

3. For each pair of locations (i, j), i e S and j e U attempt to
move i to U and j to S without violating constraint (4);

4. After evaluation of all pairs, find a pair giving the largest
value of the aggregated facility goodness indicator Z (if no
pair gives an increase compared to the current best solution
than find the pair giving the smallest decrease) and make
the interexchange of locations in this pair permanent;

5. Repeat Steps 3 and 4 until S contains only permanently
fixed locations (each location can be permanently moved
only once during a single round);

6. Among all sets of selected locations evaluated, find the set
giving the best Z;

7. Steps 3 through 6 are repeated for several rounds each of
them starting with clustering currently giving the best Z
until no improvement in Z can be achieved.

8. The final solution is found by selecting the set of selected
locations giving the largest value of Z.

4. Computational approach

In order to solve the facility location problem described in Sec-
tion 3, three main parameters should be provided for each of the
alternative locations, namely, customer index ai, competitors index
ci and land cost li as well as a distance between potential facilities
sites Dii’. This kind of information usually is not readily available
inside an enterprise but can be obtained from publicly or commer-
cially available external data sources. Some of the parameters have
the explicitly spatial character. Extracting data from both external
non-spatial and spatial data sources can be time consuming and
technically challenging tasks due to their heterogeneity. Addition-
ally, modeling results including the list of selected units Xi have
spatial features, which can be best shown using geographic infor-
mation systems. The computational approach elaborated ensures
both gathering the necessary input data and representation of
modeling results as well as solving the facility location model.
4.1. Computational architecture

The computational approach supporting multi-objective facility
location using distributed spatial and non-spatial data consists of
three main parts: (1) data gathering; (2) decision-making model;
and (3) representation of modeling results (Fig. 1).

The decision-making model determines modeling input data
requirements. The data gathering module is responsible for obtain-
ing these data from external data and to format them according to
needs of the model solving algorithm. The pre-defined modeling
input data are data readily available or intermediate data neces-
sary for data gathering. Spatial data and non-spatial data catalogue
services are used to discover appropriate external data sources for
necessary spatial and non-spatial data, respectively. Services cata-
logues like Universal Description, Discovery and Integration
(UDDI) or OpenGIS Catalogue Services can be searched for suitable
services. In cases when there are multiple suitable services the best
service is selected using the Service Selection component by ana-
lyzing QoS data from QoS data repositories (see Luo, Liu, Wang,
Wang, and Xu (2004) on selecting spatial services and Buccafurri
et al. (2008) on selecting non-spatial services). QoS measures indi-
cate data access speed and service reliability. Service selection pro-
cedures also account for issues related to data compliance with
requirements and data quality. Service selection and QoS evalua-
tion are essential because distributed data are owned by third par-
ties and accessed over network, and data and their access quality
cannot be assured without prior evaluation.

In some cases, it is more efficient to perform spatial data pro-
cessing tasks locally rather than requesting processing operations
from remote service providers. The Local Spatial Data Processing
component provides such functions as some geocoding functions,
geographic coordinate conversion and calculation of distances be-
tween pairs of points with known coordinates. The Process Compo-
sition component is used to define a sequence of data retrieval and
processing operations. These operations frequently depend upon
each other and, therefore, the order of their involvement must be
specified. The data retrieval process can be defined using general
purpose programming languages or process composition lan-
guages WS-BPEL (Web Service Business Process Execution Lan-
guage). The data gathering result is a set of modeling data
presented in the format required by the model-solving algorithm.

The model-solving algorithm is responsible for solving the facil-
ity location model using the provided input data. In this case,
either a commercially available general mixed-integer program-
ming solver or the heuristic described in Section 3.3 is used. The
geographical information system is used to represent the modeling
results. The representation is created by combining spatial data
layers provided by different external data sources. A sample repre-
sentation is shown in Section 5.4.

The architecture provides a structured way to implement the
facility location process. Although implementation of the proposed
computational approach requires some development efforts, com-
pletely manual data retrieval would be a more time-consuming
and error prone approach.

4.2. Description of data sources

Spatial and non-spatial data catalogues are used to identify po-
tential data sources satisfying modeling input data requirements.
Identified data sources and their characteristics are given in Table
2. The Geocoding service is able to return results in multiple for-
mats though CSV (Comma Separated Values) is used as the result
contains only two elements – longitude and latitude. The Compet-
itor data service returns results in two formats from which KML
was chosen. Each request to this service returns multiple KML doc-
uments with limited number of records in each document. The



Fig. 1. Computational architecture.

Table 2
List of external data sources.

# Data source Function Data format Interface

1 Geocoding service Converting addresses of facility locations into geographical
coordinates

CSV, XML, KML,
JSON

Web service (WS)

2 Competitors
service

Finding spatial location of businesses of specified type KML, JSON WS

3 Real estate service Finding real estate data for a specified location XML REST (representational state transfer) style
WS

4 Population service Finding number of customers in a specified area GML WFS
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Real estate service returns median price per square feet based on
city name or zip code. The Population service returns population
data in the XML format. The results can be filtered by bounding
box. Unfortunately, the service is unable to filter results based on
radius. To overcome this problem, coordinates of a bounding box
that contains a circle with the specified radius are calculated and
the Population service is queried using these coordinates. After
receiving the results from the Population service, the Local spatial
data processing component filters only those points that fall inside
the circle.

The first data source is used for intermediate processing and for
calculating Dii’. The second source is used to calculate ci. The third
data source is used to calculate li. The fourth data source is used to
calculate ai.
4.3. Process composition

Data from the external data sources are retrieved and formatted
in the specific order, which is established using the Process compo-
sition component. The data gathering process is described using
the UML 1.x activity diagram in Fig. 2. The UML swimlines are used
to show components/services responsible for performing a partic-
ular data gathering activity. The diagram also shows interdepen-
dencies among the data gathering activities and parallelization
opportunities.
Addresses of the potential facility locations are provided as the
pre-defined modeling input data. The Local spatial data processing
component orchestrates the whole data gathering process and per-
forms some of the data processing activities. In order to expedite
data gathering, the activities are parallelized if possible taking into
account data interdependences. The Geocoding service is used to
determine coordinates of the potential facility locations according
to their address. Those coordinates are used to query the Compet-
itor service to retrieve information about the nearby competitors
and to query the Population service to retrieve the number of cus-
tomer in proximity of the potential locations. The Real estate ser-
vice, which is a non-spatial data service, is queried by providing
city name and zip code of the potential facility location. The dia-
gram shows that the Competitors service and the Population ser-
vice can be invoked only after the geocoding because of the data
interdependencies, while the real estate data can be retrieved in
parallel to the geocoding. The straight-line distance calculation be-
tween the potential locations using their coordinates is performed
at the Local spatial data processing component. This activity also
could be performed using an external service. However, the local
processing is computationally more efficient in this case. The data
transformation according to requirements of the model-solving
algorithm is the last step of data gathering process. In this case,
data are passed to the model-solving algorithm as pointers to data
arrays in computer memory.



Fig. 2. The activity diagram of process composition.
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This activity diagram is used to implement the data gathering
process. Calls to the external services are implemented so that
the data sources can be replaced with other data sources without
affecting the overall process composition, and different types of
the external services can be used. The data are accumulated in
an XML format data file, and data mappings are used to transform
data to and from formats and data structures supported by the
external services. More technical details on the implementation
of the data gathering process can be found in Kampars and Grabis
(2011).
5. Experimental studies

Experimental studies are conducted to measure computational
performance of the proposed model using distributed data sources
and to compare decision-making results obtained using the heuris-
tic model solving algorithm and optimal results yielded using di-
rect optimization by a commercial solver.

5.1. Problem description

The sample facility location problem considered in this paper
deals with locating fast food restaurants. There are a number of
pre-selected potential facility location sites and the total number
of facilities to be open is limited. It is aimed to locate restaurants
at sites having the largest number of customers and the smallest
number of competitors in its proximity and having acceptable real
estate costs.

The only pre-defined modeling input data necessary are ad-
dresses of potential facility location sites. A thousand addresses
are randomly generated using the address listings in the Michi-
gan’s Yellow Pages. The number of potential sites N is varied from
20 to 200 what corresponds to small to medium size facility loca-
tion problems. The number of facilities to be open is varied from N/
10 to N/5. The values of the coverage radius are 5 km, 10 km and
15 km. The model is solved using: (1) simple rating (denoted by
SR; facilities are selected performing Steps 1 and 2 of the heuristic
algorithm described in Section 3.3); (2) the heuristic algorithm (H);
and 3) direct solving using a commercially available mathematical
programming package (DS). The simple rating is used as a bench-
mark to evaluate other model solving procedures. The importance
of each factor in the objective function is set according to the sur-
vey results by Bhatnagar and Sohal (2005). Only w1 is increased
threefold to provide incentives for opening larger number of facil-
ities. That gives w1 = 72.4, w2 = �6.9 and w3 = �21.4 (the negative
values are used to indicate that these factors discourage opening
new facilities).
5.2. Data gathering and QoS evaluation

Computational experiments of data retrieval are conducted
after the data retrieval process has been set-up as described in Sec-
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tion 4. The cumulative data retrieval time depends on N. In order to
evaluate data retrieval time, data are sequentially requested for
1000 potential facility locations. The cumulative data retrieval time
according to the number of requests made for each data source is
given in Fig. 3. The Geocoding service is the fastest while the Pop-
ulation data service is the slowest. It should be noted that the Pop-
ulation data service returns a large data set for each request (size of
the data set varies) while the Geocoding service returns a few data
items. The slope of data retrieval time curve is larger than one for
the Competitors and Population services because the cumulative
data time is affected by size of the return data set and QoS issues.
The QoS issues in the form of sudden spikes in data retrieval time
most profoundly can be observed for the Population data service.

In order to gain insights in QoS characteristics of each service,
more detailed studies on QoS evaluation have been conducted.
QoS is measured by the response time (i.e. the average time in
which service responded to requests made by DA) and the percent-
age of failed request. The request is qualified as a failed request if
no response or empty data was returned. The QoS measures are
evaluated over the period of 24 h, and the results are summarized
in Table 3.
Table 3
QoS measures.

Measure Geocoding service Competi

Failed requests (%) 0 15.1
Average response time (s) 0.16 1.14

Table 4
Comparison of model solving algorithms.

N P r = 5 r = 10

Z(SR)/Z(H) Z(SR)/Z(DS)a Z(H)/Z(DS)a Z(SR)/Z(H) Z

20 2 1 1 1 1 1
4 1 1 1 1 1

50 5 1 1 1 1 0
10 1 0.99 0.99 1 0

100 10 0.99 0.97 0.97 0.97 0
20 0.99 0.96 0.97 0.97 0

200 20 0.99 0.93 0.93 0.96 0
40 0.99 0.94 0.94 0.96 0

Z(SR) – denotes the aggregated facility goodness indicator obtained using SR.
Z(H) – denotes the aggregated facility goodness indicator obtained using H.
Z(DS) – denotes the aggregated facility goodness indicator obtained using DS with TDS =

a Averaged over cases when DS yield the optimal result within the time limit TDS = 5
These results show that QoS varies considerably. The fastest is
the Geocoding service. It also has no failed requests and is able
to geocode all of the addresses tested. The Real estate service has
fast response time while there is a large number of failed requests.
The failures were caused by missing data. The average real estate
price was used as a substitute. For the Competitor service, request
failures were caused both by missing data and network related er-
rors. In the former case, potential facility locations were excluded
from further modeling, and requests were retried in the latter case.
The most unstable was the Population data service. The response
time of this service was long, and it returned results only in
46.5% percent of all cases on the first attempt. This service also
was the only service, which was not available for prolonged peri-
ods of times. The total data gathering time for 200 alternative loca-
tions is about 30 minutes. From the decision-modeling perspective,
missing data and low availability are the most undesirable charac-
teristics of data sources.

The response time for the Competitor data service and the Pop-
ulation data service substantially depends on the coverage radius r.
For instance, The Competitor data service has the average response
time of 0.76 s for r = 5 and 1.9 for r = 15.

5.3. Facility location results

Using the gathered data, the facility location problem is solved
using both heuristic and optimal model-solving algorithms. For the
given dimensions of the facility location problem, the model solv-
ing time for SR is negligible, and it is within 1 min for H. However,
the model solving time can be very long for DS. Therefore, the time
limit TDS is imposed for DS and the optimal solution occasionally is
not found within the specified time limit. For each experimental
cell, the model-solving is performed for ten different randomly
generated sets of candidate facility locations (the sets are drawn
from the initial list of 1000 addresses). DS yielded the optimal solu-
tion within the set time limit TDS = 1 hour for all cases with N < 200
though the optimal solution was not found in majority of cases
with N = 200. If the time limit is increased up to five hours, the
optimal solution was not found only for three cases.

Table 4 reports ratios between the aggregated facility goodness
indicators obtained using different model solving algorithms. The
tor service Real estate service Population service

11.9 46.5
0.81 6.89

r = 15

(SR)/Z(DS)a Z(H)/Z(DS)a Z(SR)/Z(H) Z(SR)/Z(DS)a Z(H)/Z(DS)a

1 0.99 0.99 1
1 0.98 0.98 1

.96 0.96 0.97 0.94 0.97

.95 0.95 0.97 0.94 0.97

.93 0.96 0.93 0.90 0.97

.93 0.96 0.93 0.90 0.97

.91 0.95 0.96 0.94 0.97

.91 0.95 0.96 0.93 0.98

5 h.
h.



Fig. 4. Graphical representation of facility location results (shades are used to represent population density).
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results are the same regardless of the algorithm used for small val-
ues of N and r because there are a few nearby locations and con-
straint (5) has limited impact on the solution. The heuristic H
substantially outperforms the simple ranking for cases r > 5. For
the upper level values of N and r, the simple ranking yields up to
10% (averaged over ten sets of candidate locations) worse result
than the optimal result while the heuristic reduces this number
to 7%. The number of selected units usually is only a fraction of
P. That is affected by impact of competition and real estate cost
limiting incentives to open maximum number of facilities. For
the upper level values of r, there is also a limited number of candi-
date locations satisfying constraint (5).

5.4. Representation of results

The important feature of spatial data processing is an ability to
represent data graphically using various cartographical tools. Fig. 4
shows a sample facility location results for one of the cases with
N = 20, P = 4 and r = 15 (not all units are visible). The picture is ob-
tained by applying multiple layers of spatial data on each other.
Initially, the population density and competitors’ location data
are retrieved from data sources and shown in the map (the land
cost is a scalar data type and is not represented on the map). That
is followed by indicating locations of the potential facilities. After
the modeling has been completed, the final layer containing the se-
lected facilities is applied and the modeling results are represented
on the map. The figure shows that there is strong preference for
locations with high population density. Technically, the graphical
representation is created using the KML format.
6. Conclusion

The paper elaborates a facility location model based on utiliza-
tion of distributed spatial data sources. It shows that multi-criteria
facility location problems require a large amount of modeling data,
and the distributed spatial data sources are an attractive source of
data necessary for decision-making. The paper develops and tests a
computational approach for gathering the necessary data. This ap-
proach provides an end-to-end solution starting with data gather-
ing until representation of the results. The proposed data retrieval
architecture allows structuring the data retrieval process. How-
ever, it still requires involvement of a data retrieval expert and a
decision maker cannot be completely relieved from data retrieval
concerns. Given the special character of facility location, the graph-
ical representation provides the decision maker with efficient
depiction of modeling results.

The investigation shows that there are a multiple challenges to
be considered for successful utilization of distributed spatial data:

1. Availability of public data sources is limited while maintain-
ing relevant data at the enterprise is challenging mainly due
to expensive data updating and complex infrastructural
requirements;

2. there is a large number of standards and technologies used
in distributed data processing and the data retrieval process
consists of multiple interrelated steps;

3. data quality and data retrieval characteristics vary signifi-
cantly for different data sources and data gathering time
can be long, especially, for high resolution data or data
aggregated over large geographic areas. The data retrieval
process automation allows addressing QoS problems by
re-querying data sources;

4. data from external sources can be retrieved in the XML for-
mat, which can be processed with ease. However, data pro-
viders use different XML based standards (e.g., GML and
KML) which requires an extra effort to attain understanding
of the data structure. Additionally, many data sources are
poorly documented and providers occasionally modify the
data structure without a notification;

5. cartographical resources enable representation of modeling
results though combination of data representation layers
from multiple sources involving manual operations.
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The proposed facility location model can be expanded to in-
clude additional criteria subject to data availability. While majority
of existing facility location models focus on optimizing facility
location costs or travel time related measures, the proposed model
attempts to locate facilities according to a wide-range of contex-
tual characteristics. In order to deal with the computational tracta-
bility of the facility location model developed, a simple heuristic
algorithm has been proposed. The algorithm provides satisfactory
results compared to the optimal results though there are multiple
ways to improve the algorithm. This heuristic can be used during
the problem exploration phase while the direct solving can be used
already in the final decision-making phases.
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