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Abstract With emergencies being, unfortunately, part of our lives, it is crucial to
efficiently plan and allocate emergency response facilities that deliver effective and
timely relief to people most in need. Emergency Medical Services (EMS) allocation
problems deal with locating EMS facilities among potential sites to provide efficient
and effective services over a wide area with spatially distributed demands. It is often
problematic due to the intrinsic complexity of these problems. This paper reviews
covering models and optimization techniques for emergency response facility location
and planning in the literature from the past few decades, while emphasizing recent
developments. We introduce several typical covering models and their extensions
ordered from simple to complex, including Location Set Covering Problem (LSCP),
Maximal Covering Location Problem (MCLP), Double Standard Model (DSM), Max-
imum Expected Covering Location Problem (MEXCLP), and Maximum Availability
Location Problem (MALP) models. In addition, recent developments on hypercube
queuing models, dynamic allocation models, gradual covering models, and coopera-
tive covering models are also presented in this paper. The corresponding optimization
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techniques to solve these models, including heuristic algorithms, simulation, and exact
methods, are summarized.

Keywords Emergency facility location - Modeling and optimization - Mathematical
modeling - Covering model - Genetic algorithm - Tabu search - Simulation

1 Introduction

In the past few decades, the Emergency Medical Services (EMS) systems have drawn a
great deal of attention from researchers. In the EMS systems, response time is a critical
factor when making decisions on the system configurations that affect life or death care.
If the emergency response system cannot provide service promptly, people’s lives are
jeopardized. While the public expects availability of EMS facilities to provide timely
services, this expectation is hard to realize due to limited available resources and other
factors such as stringent governmental budget. Therefore, efficiently locating available
emergency response facilities becomes an important issue.

Most recently, researchers proposed more realistic models for locating and plan-
ning emergency response facilities, including hypercube queuing models, dynamic
models, gradual covering models, and cooperative covering models. However, little
work has been done to summarize the optimization techniques to solve these models.
This motivates us to review covering models, with emphasis on recent developments,
and optimization techniques for emergency facility location and planning from the
mathematical methods and operations research perspective.

Traditionally, emergency facility location problems deal with decisions from two
aspects: which sites should be selected as depots for facilities and how many facili-
ties should be placed in each depot, given demand points and potential facility sites.
Plenty of models have been developed to solve facility location problems. Most of
these models simplify the facility location problems by treating emergency calls gen-
erated from discrete demand points. These models can be divided into three broad
groups: (1) covering models, which emphasize providing coverage for emergency
calls within a predefined distance standard; (2) p-median models, which minimize
the total or average service distance for all demand points; and (3) p-center models,
which aim to minimize the maximum service distance for all demand points. Covering
models are concern with covering demands, and in most covering models, demand
is said to be covered when it can be reached within a predefined distance standard
by at least one facility. However, p-center and p-median models place stress on the
distance between demand points and their nearest facilities. Among the three groups,
the covering models are most prevalent and thus are intensively reviewed in this paper.

According to the literature, the first emergency facility location covering model
was the Location Set Covering Problem (LSCP), proposed by Toregas et al. (1971).
The LSCP is a mandatory covering model and its objective is to find the minimum
number of facilities to cover all demand points. However, full coverage is hard to
achieve in reality due to the limited resources. For a demand point far away from
the others, it probably cannot be covered within the predefined distance standard.
A few years later, the first maximum deterministic covering model was proposed by
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Church and ReVelle (1974), named the Maximal Covering Location Problem (MCLP).
Given a limited number of facilities, this model aims to maximize the demand cover-
age. The LSCP and MCLP have a common shortcoming; once a facility is called for
service, demand points under its coverage are not covered by it any more. In the litera-
ture, there are two strands of research on overcoming this drawback. One is to provide
multiple coverage, such as the Double Standard Model (DSM), proposed by Gendreau
etal. (1997). The DSM aims to allocate facilities among potential sites to provide full
coverage within a longer distance standard while maximizing coverage within a shorter
distance standard. The other strand is to explicitly consider the busy probabilities and
reliabilities of facilities as represented by the Maximum Expected Covering Loca-
tion Problem (MEXCLP) and the Maximum Availability Location Problem (MALP),
proposed by Daskin (1983) and ReVelle and Hogan (1989), respectively.

The strong assumptions in the MEXCLP, such as independent facilities and same
busy probability for all facilities, are relaxed in hypercube queuing models. Hyper-
cube queuing models provide more accurate presentation of real systems. Along with
the development of information technologies, the dynamic allocation models are pro-
posed to solve real time facility location and allocation problems as represented by the
Dynamic Double Standard Model (DDSM’) and the Dynamically Available Coverage
Location (DACL) model, proposed by Gendreau et al. (2001) and Rajagopalan et al.
(2008), respectively.

Recently, researchers proposed gradual covering models to relax the assumption
that a demand point is covered when it can be reached within a predefined distance
standard by at least one facility. In the literature, various mathematical functions are
proposed to model the gradual decline of coverage along with the increase of the
distance. In some of the covering models, only one facility, namely the nearest one,
determines whether a demand point is covered. The cooperative coverage models,
which study the cooperative behavior of different facilities, are proposed to relax this
“individual coverage” assumption.

Various optimization techniques were developed to solve the proposed models. This
paper reviews three main categories of these techniques: heuristic algorithms, simula-
tion, and exact methods. The common heuristic algorithms used are Genetic Algorithm
(GA), Tabu Search (TS), Lagrangian Relaxation (LR), Simulated Annealing (SA), Ant
Colony Optimization (ACO), and Local Search heuristics. Simulation is usually used
to evaluate the performance of a system or combine it with heuristic algorithms to
provide near optimal solutions. Ambulance location models are mostly formulated
as integer programming problems, and Branch and Bound (B&B) algorithms can be
applied to obtain optimal solutions.

This paper concentrates on the mathematical models and their recent extensions for
EMS facility location and planning, as well as main optimization techniques applied
to these models. For past surveys on facility location problems, one may refer to the
following literatures: Daskin et al. (1988), ReVelle (1989), ReVelle (1991), Schilling
etal. (1993), Daskin (1995), Marianov and ReVelle (1995), Owen and Daskin (1998),
Marianov and Serra (2002), Berman and Krass (2002), Brotcorne et al. (2003), Green
and Kolesar (2004), Goldberg (2004) and Cordeau et al. (2007).
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The rest of this paper is organized as follows: covering models are introduced in
detail in Sects. 2 and 3 reviews the optimization techniques used to solve these models,
and Sect. 4 concludes the review with a discussion of directions for future research.

2 Covering models for emergency facility location and planning

In most of the covering models, a demand is covered if at least one EMS facility
can serve the emergency call within a predefined distance standard. The standard was
specified in the EMS Act of 1973, which required that in urban areas 95% of requests
should be reached within 10 min and in rural areas, calls should be reached within 30
min or less. Because of this Act, covering models are widely used and have been stud-
ied for several decades. Most of these models are well known. We use the following
notations to describe the models.

—V the set of demand points;
—i the index for demand points;
—W the set of potential facility sites;
—j the index for the potential facility sites;
—t;; the distance from demand point i to the facility at site j;
—r the distance threshold for a demand point to be considered as being covered;
—W; the set of the facility sites covering demand point i, ie. {j € W;|t;; <r}
—d; the population size of demand point i;
—p the total number of available facilities;
—y; binary variable, equal to 1 if and only if demand point i is covered at least once;
—x; binary variable, equal to 1 if and only if a facility is located at site j;

2.1 Location set covering problem

The Location set covering problem (LSCP) is probably the first emergency facility
location covering model, proposed by Toregas et al. (1971). This mandatory covering
model can be formulated as follows:

LSCP:

min ij (D

jew

subject to Z xj=1, ieV )
JEW;
x;€{0,1}, jeW. 3)

In the formulation above, the objective function (1) minimizes the total number of
facilities required. Constraint (2) specifies that all the demand points must be covered
by at least one facility. Figure 1 illustrates this model with a feasible solution. There
are four potential facility sites and twelve demand points. A demand point is covered
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Fig. 1 An illustration of the LSCP. D to D, are demand points while S; to S4 are EMS facilities.
A demand point is covered by a facility if the distance between the demand point and the facility is within
r. A feasible solution is given in which S3, S4 cover all the demand points

by a facility as long as that facility can reach the demand point within the distance
standard r. In this illustration, locating facilities at site S3, S4 can cover all the demand
points, hence it is a feasible solution.

The LSCP simplifies the real world EMS facility location problem by treating
the system as static and deterministic. Specifically, the resource is considered unlim-
ited and it is assumed that a facility can serve all EMS requests from its assigned
demand points. However, it is useful on the strategic level to determine the minimum
number of facilities needed to provide full coverage. A variety of models are pro-
posed to relax one or some of the strong assumptions in the LSCP. Aly and White
(1978) studied the problem with the assumption that emergency calls are generated
in a continuous region instead of discrete points. They formulated a model to account
for stochastic response time. Daskin and Stern (1981) proposed a hierarchical ver-
sion of the LSCP (HOSC), with the objective of minimizing the number of facili-
ties providing full coverage within a distance standard first and then maximizing the
number of demand points with multiple coverage. ReVelle and Hogan (1989) for-
mulated a probabilistic version of the LSCP which required all the demand points to
be covered with « reliability level. Ball and Lin (1993) established a new version of
probabilistic LSCP. In their model, the uncovered probability of each demand point
must be below a preset value. Queuing Probabilistic Location Set Covering Problem
(QPLSCP) formulated by Marianov and ReVelle (1994) relaxed the assumption that
servers were operated independently. Shiah and Chen (2007) introduced the Ambu-
lance Allocation Capacity Model (AACM), which integrated the concept of ambulance
service capacity into the LSCP and considered the road condition and the population
distribution.
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2.2 Maximal covering location problem

The maximal covering location model was introduced by Church and ReVelle (1974),
and is known as Maximal covering location problem (MCLP). This model is presented
as follows:

MCLP:

max Zdi)’i 4)

ieV
subject to Z xj>y, L€V 5)

JEW;
D=0 ©)

jew
xj, yi €{0,1}, jeW,ieV. 7

The objective (4) is to maximize the demand coverage. Constraint (5) guarantees that
demand point i is covered only if one or more facilities are placed within the distance
standard, and constraint (6) specifies that the total number of available facilities equals
p. This model considers the demand size and uses it as the weight of each demand
point in the objective function, which makes the model more realistic. The MCLP
aims to make the best possible use of available limited resources

(Brotcorne et al. 2003).

Eaton et al. (1981, 1985, 1986) successfully applied MCLP to solve the practical
EMS vehicle location problems in Colombia, United States, and Dominican Republic.
Chung (1986) examined the applications of MCLP on other subjects, including data
abstraction, statistical classification, cognitive process modeling, etc.

There are various extensions of the MCLP. Dessouky (2006), Jia et al. (2007a) and
Jiaetal. (2007b) studied multiple quality levels and multiple quantities of the facilities
at each quality level for demand points in large scale EMS systems. Their model can
be formulated as:

max Z z ckd;yk 8

k ieV

subject to ij <p )
jew
Dxj= 0 iev, k=1.....4q (10)
jewk
xj, yelo,1} jew, ieV, k=1,...,q, (11)

where X is the importance weighting factor of demand points having the quality level
k. ylk is a binary variable, equal to 1 if and only if demand point i is covered at qual-
ity level k. Wl.k represents the set of the facility sites that can cover demand point
i at quality level k and Qi.‘ denotes the minimum number of facilities that must be
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allocated to demand point i to achieve k quality level coverage. Jia et al. (2007b) sug-
gested the number of quality levels and Q{f should be determined by population, the
weighting factor, and the emergency occurrence likelihood at each demand point, due
to the complexity of emergency incidents. The objective of this model is to maximize
demands covered at different quality levels. Constraint (9) specifies the total number
of facilities is less than p. Constraint (10) enforces y{‘ to be 0 if there are less than Qf.‘
facilities that can cover demand point i at quality level k.

Other extensions of the MCLP found in the literature are summarized as follows.
Several models studied systems in which service is provided by two distinct types
of servers, such as Tandem Equipment Allocation Model (TEAM) (Schilling et al.
1979) and Backup Double Covering Model (BDCM) (Basar et al. 2008). The models
proposed by Hogan and ReVelle (1986) are to maximize the population coverage with
more than two facilities while forcing all demand points to be covered once, known
as Backup Coverage Problem (BACOPI and BACOP?2). Schilling (1980) developed a
dynamic version of MCLP in multi-period context and used a multi-objective approach
to achieve near optimal solution. Alsalloum and Rand (2003) and Alsalloum and Rand
(2006) extended MCLP and developed Goal Programming models. They first deter-
mined locations of facilities to maximize expected demand coverage and then adjusted
the capacity of each station while meeting the minimum performance requirements.
Marianov and Serra (1998) introduced a queuing version of MCLP named the Max-
imal Covering Location-Allocation Problem (MCLAP) with constraints on waiting
time in queue. Erkut et al. (2007) incorporated a survival function into the covering
model and formulated the Maximum Survival Location Problem (MSLP). The sur-
vival function is a monotonic decreasing function, mapping response time to survival
rate. They tested their model by out-of-hospital cardiac arrest emergency.

The LSCP and MCLP have a common drawback. When a facility is called for
emergency services for one demand point, other demand points within its coverage
area will not be covered. The literature devoted to this problem can be divided into
two strands (Daskin et al. 1988): one is to provide additional coverage, such as HOSC,
BACOP1, BACOP2, and DSM (which is to be itroduced next), and the other strand
is to explicitly take into account the busy probabilities of facilities, such as QPLSCP,
MCLAP, MEXCLP and MALP. The last two models will be introduced in Sects. 2.4
and 2.6.

2.3 Double standard model (DSM)

The double standard model (DSM), proposed by Gendreau et al. (1997), uses two
distance standards r and ro, (r; < ).

DSM:
max > diyi2 (12)
ieV
subjectto D x; =1, i€V (13)
JEWi2
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Dldivi = a ) d; (14)

eV eV

yi2 <vyi1, i€V (15)
D xjZyi+ya i€V (16)
JEWi1

Doxi=p (17)
jew

Xj =< pj, jew (18)
yit, yi2 €{0,1}, i€V (19)
x; integer, j e W, (20)

where y;1 and y;, are binary variables, equal to 1 if and only if demand point i is
covered at least once and twice within ry, respectively; W;; and W;; represent the
sets of facility sites that can cover demand point i within r; and r», respectively. The
objective of the DSM is to maximize the demands that are covered at least twice within
r1. Constraint (13) and (14) express the coverage requirements that all demands must
be covered within 7, and a proportion « of the total demands that must be covered
within rq. Constraint (15) imposes that a demand point cannot be covered twice if it is
not covered at least once. Constraint (15) and (16) together ensure the demand point i
is covered twice only if there are two or more facilities within ;. Constraint (17) and
(18) limit the number of facilities at each facility site. DSM considers the demand size
at each demand point and relaxes the assumption that only one facility can be sited at
each facility site. Figure 2 illustrates the DSM and a feasible solution of this model.
The positions of demand points and potential sites are the same as those in Fig. 1. To
maximize demands covered twice within rq, an additional EMS facility is placed at
site S7.

Doerner et al. (2005) and Doerner and Hartl (2008) developed their models based
on the DSM, augmenting penalty terms to the objective function to avoid unmet cov-
erage requirements and uneven workload. Specifically, for each demand point i, the
workload w; per EMS facility assigned within r, is computed as w; = 21#12% If
the ratio exceeds a given standard wy, a penalty term M (w; — wo) is subtracted from
the objective function. The model can be formulated as follows:

max D d;yi — My fi — Mafs — M3 f3 2D
ieV
subject to (15)—(20),
h=[{iev: D x=0 (22)
J€Wi2

- diy;
fr = a — min (a, M) (23)

ZieV di
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Fig.2 The illustration of the Double Coverage Facility Location Problem. The positions of demand points
and potential sites are the same as those in Fig. 1. To maximize demands covered twice within r, additional
EMS facility is placed at site Sy

fy= D (wi —wo)" (24)

ieV

/1 is amodified Eq. 13 to compute the number of uncovered demand points within the
large distance standard r;. f> is a modified Eq. 14 to compute the differences between
the actual coverage within r; and the predetermined proportion «. f3 is the penalty
term for facilities workload exceeding a given standard. By assigning different values
of My, M, and M3, decision makers can determine the relative importance of these
soft constraints.

2.4 Maximum expected covering location problem (MEXCLP)

In the MEXCLP introduced by Daskin (1983), all facilities are assumed to have the
same busy probability and operate independently. The model can be formulated as
follows:

MEXCLP:
P
max > > di(1 - q)g" 'y (25)
ieV k=1
p
subjectto > x; = > yi, i€V (26)
jeWw; k=1
> xj<p 27)
jeWw
yik€f{0,1}, ieVk=1,....p (28)
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x; integer, je€ W, 29)

where y;i is a binary variable, equal to 1 if and only if demand point i is covered by
at least k facilities. The objective of this model is to maximize the expected coverage
given a limited number of facilities. The left-hand side of constratint (26) represents
the total number of facilities covering demand point i within r, while the right-hand
side is the number of times that demand point i is covered. Since the objective is for
maximization, constraint (26) and (27) will be satisfied as equalities (Brotcorne et al.
2003). As with the DSM, the MEXCLP also allows for more than one facility at one
site. The MEXCLP has two strong assumptions: independent facilities and the same
busy probabilities of facilities. However, in reality, demands are not evenly distributed
temporally and spatially, and thus the busy probability varies from facility to facility.
In the following years, many researchers attempted to relax these assumptions and
built more practical models.

Repede and Bernardo (1994) made some extensions to the MEXCLP to incorpo-
rate temporal varying demands into the model named the TIMEXCLP. Their model,
together with a simulation model, were used to evaluate alternative plans for ambu-
lance deployment in Louisville, Kentucky, and yielded increased coverage from 84%
to 95% and 36% decrease in response time compared to the previous system. The
TIMEXCLP can be formulated as follows:

TIMEXCLP:
r Pt
max 3> @i a0 (aF7") e (30)
eV k=1
Pt
subjectto D xj; = D ik i€V 1T 31)
JeEWiy k=1
DoXjasp t=T (32)
jew
Viky €{0,1}, ieV, k=1,...,p, t<T (33)
xj; integer, je W, t<T, (34)

where p; is the number of available ambulances at time period 7. g; is the system-wide
busy fraction at time period ¢ for a fleet size of p;. d;; is the demand size generated
at demand point i during time period ¢. y;x ; is a decision variable, equal to 1 if and
only if demand point i is covered by at least k ambulances during time period ¢ covers
demand point i. x;, is the number of ambulance located at site j during the time
period ¢. W; ; is the set of facilities that cover demand point i during the time period
¢ within r. Equatios (30)—(34) have similar meaning with Eqs. 25-29, respectively.
There are other extensions of the MEXCLP found in the literature. Saydam and
McKnew (1985) used a separable programming approach to reformulate the MEXCLP
into a nonlinear form. Fujiwaraetal. (1987, 1988) applied the MEXCLP to locate EMS
in Bangkok and the near optimal solutions obtained from the model were further ana-
lyzed by simulation. Rajagopalan et al. (2007) developed several heuristic algorithms,
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including GA, TS, SA and hybridized hill climbing, to optimize the MEXCLP. The
performance of these algorithms was compared and analyzed using ANOVA. Sorensen
and Church (2010) formulated Local Reliability based MEXCLP (LR-MEXCLP) with
the same objective as the MEXCLP, while incorporating local reliability estimation.
The assumptions in the MEXCLP make models easier to build and solve. However,
they lack an accurate estimation of the expected coverage. Some researchers resorted
to hypercube queuing models to obtain better estimation of the expected coverage.

2.5 Hypercube queuing model

The hypercube queuing model is designed for analyzing the behaviors of a multi-server
queuing system with distinguishable servers. The first hypercube queuing model was
introduced by Larson (1974). In this model, the region under investigation is assumed to
be partitioned into several cells or geographical atoms with a certain fraction of region-
wide workload. In addition, it is assumed the nearest available facility is selected to
dispatch when demands arise. The state of the system is described by facilities status
idle (0) or busy (1). By building equilibrium equations of the steady states, the prob-
ability of each state can be calculated. Thus, performance measures of the system,
such as the loss probability, fraction of dispatches and mean system travel time, can be
easily computed. This decision process is time consuming, especially when the prob-
lem size is large. Larson (1975) proposed an approximation procedure to calculate
performance measures. They claimed that the hypercube model is a special M /M /p
queuing system with a more finely structured state space. The correction factor pro-
posed in this paper has been widely used. The correction factor is developed in the
M/M/p/oo system. Letqg = A/(pu) < 1, and P; denote the steady-state probability
that exactly j severs are busy:

Pi=plg//j'Py, j=1,2,....,p—1,
P, = pPq?/p!(1 —q) Py,

p—1
Py = 1/ > P’ it+ pPg”/pl(1 - q)

i=0

They randomly selected the facilities without replacement, and let S; be the event
that exact j servers are busy, By denote the event that the kth selected facility is busy,
and F; denote the event that the kth selected facility is free. The probability that the
(k + 1)th selected server is the first available one is:

Jj=p
P{B1By...BiFi+1} = Z P {Ble.. . Bka+1|Sj} P
=0
j=p
= > P{F1|B1By... ByS;j} P {Bi|B1B, ... Bi_1S;}
=0
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...P{BiIS;} P;

S poii-k=D -1,
Sp—kp—G-=1""p—1p"’

j=p—1 .. . . P
& p—ji—tk=1)  j—1jplg/

= ——PF
Z pkp-k-D p—1lp j
— -
_ ji (P_k_l)'(P_])P_] j—k PO k(l— )
- G-bl  p! —q?7 71
Jj=k

0(p.q,k)g" (1 —q)

where

S — k= Dp — NG =R (P /phg’
(- ) (X0 (' /ivai) + prar/p!
k=0,1,....,p—1 (35)

0(p,q, k) =

)

The busy probabilities of these facilities are the same, equal to g. Assuming the facili-
ties are independent, then the probability that the first available facility is the (k + 1)th
is g¥(1 — ¢). Therefore, Q(p, ¢, k) can be interpreted as a factor which corrects the
independent argument to obtain the exact result.

After the MEXCLP was proposed, researchers endeavored to improve the model in
different directions. One of the directions is to incorporate hypercube queuing theory
since it is suitable for describing multi-server queuing systems and providing abundant
statistics data about the servers and demand points. Batta et al. (1989) proposed the
Adjusted MEXCLP (AMEXCLP), which embedded the hypercube queuing theory
into the MEXCLP and relaxed the assumption of independent busy probability by
using the correction factor derived in Larson (1975). The objective function of the
AMEXCLP can be written as follows:

P
max "> 0(p, ¢,k — Dd;(1 — )" yur, (36)

ieV k=1

note that when the correction factors are equal to 1, the AMEXCLP reduces to the
MEXCLP.

Saydam and Aytug (2003) changed the objective function of the MEXCLP into a
nonlinear form which can be formulated as follows:

max Zdi(l —q) (37)
ieV

subjectto > xj =y, i€V (38)
JEW;
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DAsp (39)
jew
xj, y; integer, jeW,ie€V, (40)

where y; denotes the number of times demand point i is covered. Hypercube methodol-
ogy was incorporated into fitness evaluations in a GA. They applied the approximation
of the hypercube model in Jarvis (1985) and used Jarvis’ procedure to determine the
server-location specific busy probabilities. By accomplishing this, Saydam and Aytug
changed the Eq.37 into:

Sdif1-1]4 | (41)

ieV jew;

Compared with the solutions from Daskin (1983), this hybrid GA can yield better
solutions in reasonable computational time. In addition, they pointed out the empiri-
cal *optimal’ solutions in Daskin (1983) tended to over or underestimate the coverage
rate.

Besides providing accurate estimation of expected coverage, hypercube queuing
theory was adopted to locate EMS facilities under different situations. Takeda et al.
(2007) used hypercube queuing models to analyze the effects of ambulance decen-
tralization in Campinas, Brazil. They made some assumptions, including independent
Poisson arrivals, independent severs, and fixed dispatching preference. Specifically,
they divided the whole city into five non-overlapping areas and each area was treated
as two atoms for generating basic and advanced requests, respectively. And there were
ten ambulances in the system among which two were advanced ambulances. Demand
rate of each atom and service time were derived from historical data. For each atom,
the dispatching preference of ambulances was fixed. The results of their experiments
showed that as a large number of ambulances were decentralized, the performance
measures of the system, such as the response time and workload, were improved.
However, the total decentralization did not yield satisfactory results. McLay (2009)
proposed the MEXCLP?2 to efficiently deploy two types of medical units to serve
multiple types of customers. A hypercube queuing model is developed to analyze the
dependencies between facilities within the same type and dependencies of facilities
among different types.

The first study to investigate the application of hypercube queuing models in the
deployment of EMS facilities on highway is Mendonca and Morabito (2001). They
adopted the model in Larson (1974) and made some changes. Upon an emergency,
the center dispatches the first preference facility if it is available, otherwise the next
facility on this list is dispatched. If the first preference facility and the backup facility
are busy, the call is transferred into other systems. In other words, the call is lost. Their
model successfully reduced the unbalanced workloads. Based on their previous work,
Tannoni and Morabito (2007) considered more complex situation where the calls and
servers were of different types. According to the nature of the calls, different types
and numbers of facilities were dispatched. After that, they embedded their model into
a GA to optimize response areas of each facility in lannoni et al. (2008). Iannoni
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et al. (2009) optimized not only the districting coverage areas of facilities but also the
facility locations along the highway.

Geroliminis et al. (2004) combined the MCLP and the hypercube queuing the-
ory and formulated the Stochastic Hybrid Queuing Location Model (SHQLM). By
placing p servers among potential sites, this model aims to minimize mean response
time while forcing a minimum predefined level of coverage to be satisfied. Geroliminis
etal. (2006) developed a generalized hypercube model (GHM) in which demands were
temporal and spatial varying and the service time was server and emergency speci-
fied. Other studies on hypercube queuing models for locating EMS facilities include
Larson and Odoni (1981), McKnew (1983), Brandeau and Larson (1986), Burwell
(1986), ReVelle (1989), Goldberg et al. (1990b), Goldberg and Szidarovszky (1991),
Burwell et al. (1993), Zaki et al. (1997), and Chan (2001). For a detailed review of
these models, one may refer to Goldberg (2004).

2.6 Maximum availability location problem (MALP)

Another probabilistic covering location model named the MALP was proposed by
ReVelle and Hogan (1989). There are two versions of the MALP. The MALP-I assumed
that the facilities had the same busy fraction g. However, in the MALP-II, the busy
fraction g; associated with demand point i was computed as the ratio of the total dura-
tion of all calls generated from demand point i to the total availability of all facilities
in W;. The objective of MALP-I is to maximize the population covered by a facility
within r at « reliability level. Demand point i is covered with reliability « only if
1-—- qz-f Wi Y/ > . Therefore to achieve « reliability coverage, the number of facili-
ties covering demand point i must satisfy > jew, Xj = flo‘%élg;“ﬁ = b The MALP-1
can be formulated as follows:

MALP-I:
max > d;vip (42)
eV
b
subjectto > x; = > yik, i€V (43)
jew; k=1
Vik+1 <VYik, 1€V, k=1,...,b—1 44)
DX =0 (45)
jew
Xj, ik €00,1), jeW,ieV, k=1,...p (46)

The left-hand side of constraint (43) is the total number of facilities than can cover
demand point i within r, and the right-hand side represents the times of demand point i
being covered and it is less than b. Because the concavity property in the MEXCLP
no longer holds in this model, constraint (44) is required (Brotcorne et al. 2003).
Constraint (45) specifies the total number of facilities equal to p.
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To relax the assumption in the MALP-I that the probability of different servers being
busy are independent, Marianov and ReVelle (1996) proposed the queuing maximal
availability location problem (Q-MALP). In their model, the arrival and service activi-
ties in the neighborhood around i were treated as a M/G/s-loss queuing system. The Q-
MALP used region-specific busy fractions, and the dependence between busy fractions
at a local neighborhood level was allowed. They calculated b;, the smallest number of
facilities that must be located to cover demand point i with reliability «, by the queuing
theory. Let s be the number of servers in the neighborhood, state k of the system be
k servers being busy, A; be the arrival rate in region i, and (1/u;) be the mean of the
service time for a single server. According to the queuing theory, P[getting into state
k]- P[getting out of state k]= 0, thatis: [ Pr—1 i +(k+ 1) Per11—[Peri+kpi Pr] =0
for states 1,2,3,...,s, and for state O u; P; — Por; = 0. Let p; = A; /i, then the prob-
ability of all servers being busy is:

~ (1/s);
L pi+ (142007 + -+ (1/sDpf

By determining P;, P»,...Ps,and Py | insequence, b; is chosen as the smallest value
of k that satisfies P, <1 — «.

Galvaoetal. (2005) developed the EMALP by integrating hypercube queuing model
into the MALP. The identical servers assumption in the MALP was relaxed. They sug-
gested that it was necessary to identify which server was located at which site. Thus
they changed the decision variable x; into x j;, which is equal to 1 if and only if facility
k is located at site j. In addition, y; is redefined as a binary variable, equal to 1 if and
only if the demand point i is covered with « reliability. This model can be formulated
as follows:

EMALP:
max Zd,-yi (47)
ieV
. P 2 jeW; Jk Y .
subject to H q; p,q,Zijk—l —a|y=>0ieV
k=1 jew; k=1
(43)
P
DD xiw=rp (49)
JEW k=1
vi,Xjk €1{0,1}, ieV, jeW, k=1,...,p (50)

Just as MALP, the objective of EMALP is to maximize the population covered with
« reliability. In constraint (48), gy is the workload of facility k; > jew; Xjk equals 1 if
facility k covers demand point &, otherwise 0; Q is the correction factor with the form
of Eq. 35; > jew: Z,’:: | X jk is the total number of facilities that can cover demand
point i. This constraint ensures that y; equal 0 if demand point i cannot be covered
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with o reliability. Constraint (49) imposes the total number of facilities sited equal
to p.

2.7 Dynamic allocation and relocation models

Static models are useful in the strategic level but lack the flexibility in the operational
level. While demands vary spatially and temporally, to maximize the coverage of
emergency calls, idle EMS facilities siting in low demand areas are needed to move
to busier areas. In other words, decision makers need to re-deploy facilities to provide
better coverage. As early as the 1970s, Scott (1971) and Wesolowsky and Truscott
(1976) studied dynamic location-allocation facility problems. Later, some research-
ers incorporated temporal and spatial varying demands into their dynamic location
models. Recently, the real time facility redeployment problem was thoroughly stud-
ied and various models were proposed. Maxwell et al. (2009a) classified research on
dynamic allocation problems into three categories: (1) solving the model in real-time
(see Gendreau et al. 2001; Rajagopalan et al. 2005; Rajagopalan and Saydam 2005;
Nair and Miller-Hooks 2006; Rajagopalan et al. 2008), (2) using the optimal facility
position computed in advance (see Gendreau et al. 2006), (3) incorporating system
randomness into the model, either by modeling the problem as a Markov decision
process (see Berman 1981a,b,c; Zhang et al. 2008; Restrepo 2008; Maxwell et al.
2009a,b) or make decisions under particular system configurations (see Andersson
and Vaerband 2007; Andersson 2005).

Gendreau et al. (2001) appears to be the first to consider real time EMS facility
redeployment. Based on their previous work in the DSM, they introduced new vari-
ables and parameters to reflect the dynamic nature of the new model, named DDSM’.
X jk is a binary variable, equal to 1 if and only if facility k is located at site j. M ; i
represents the penalty related to the relocation of facility k from its current site to site
Jj at time ¢. The problem is solved at each instant r when a request for facility arises.
This model can be written as:

DDSM':

p
max Zdi)’iz — Z ZM;kxjk (51

ieV JEW k=1
P
subject to Z zxjk >1, ieV 52)
jEWi2 k=1
Ddiyi = d; (53)
ieV ieV
yio < vyi1, i€V (54)
P
Z Zx.ik >yit+yi2, i€V (55)
jEW[lk:l
ZXjk:l, k=1,...,p (56)
jew
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P
D xp<pj. jeWw (57)
k=1

yit, yi2 €{0,1}, ieV (58)
xjpel01), jeWk=1..p (59)

The objective of DDSM’ is to maximize the demand covered twice within 1, minus
facilities redeployment cost at time ¢. Constraint (52) and (53) express the coverage
requirement that all demands must be covered within r; and a proportion « of the
total demands that must be covered within 71. Constraint (54) imposes that a demand
point cannot be covered twice if it is not covered at least once. Constraint (54) and
(55) together ensure the demand point i is covered twice only if there are more than
two facilities within ;. Constraint (56) ensures that each facility must be placed to
one site. Constraint (57) limited the number of facilities at each site. Note the penalty
coefficients are changed over time. By assigning different values, the second item in
the objective function can restrict the movement of the same facilicy for round or long
trips.

Rajagopalan et al. (2008) developed the Dynamically Available Coverage Loca-
tion (DACL) model for dynamic redeploying facilities to time-varied demands. They
divided the time horizon into clusters based on significant change of demands. The
model incorporates the hypercube theory, wit facilities working independently with
different busy probabilities. In this model, x i ; is the binary variable, equal to 1 if
and only if facility k is placed at site j at time ¢; y; ; is the binary variable, equal to 1
if and only if demand point i is covered with «; reliability at time #; W; ; is the set of
facility sites that cover demand point i at time #; p; is the number of available facilities
at time ¢ ; g ; is the busy fraction of facility k at time ¢; g; is the system-wide busy
fraction at time ¢; and d; is the demand size at demand point i at time 7. The DACL
model is presented as follows:

DACL:

T Pt
min D> Xk (60)

t=1 jeW k=1
)4 .e%_ Xjk.t 14
subject to 1 — ‘I};z v O\ pis4qr Z ijk,t — 1) —o|y,:>0, Vit
k=1 JEW; k=1
(61)
Zdi,tyi,t >c, Vi (62)
ieV
-xjk,lv yi,[ € {Oa 1}7 Vlv.]vkvt (63)

Objective (60) minimizes the number of facilities needed. Similar with Eq. 48, con-
straint (61) ensures that y; ; equals O if demand point i cannot be covered with «;
reliability at time 7. Constraint (62) specifies the lower bound of the demands covered
with o reliability at time 7.
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Gendreau et al. (2006) proposed a model named the Maximal Expected Coverage
Relocation Problem (MECRP) and provided a dynamic relocation strategy for idle
EMS facilities siting in low demand areas. The objective is to maximize the expected
demand coverage with the number of relocated facilities not exceeding a predefined
value. They tested their model in a system where the number of emergency vehicles
was relatively small. The solutions obtained from CPLEX were verified by simulation.

2.8 Gradual coverage model

Most of the covering location models are built based on an assumption that a demand
point is said to be covered if it can be reached by at least one facility within a predefined
threshold. According to this assumption if two demand points A and B are located
right inside and outside the boundaries specified by radius r, respectively, point A is
fully covered while point b is not covered at all, which is not reasonable. The grad-
ual covering models are proposed to relax this “all or nothing” assumption by using
mathematical functions to model the gradual decline of coverage along the increase of
the distance. Figure 3 presents four common coverage decay functions. For a review
on coverage decay functions, one may refer to Eiselt and Marianov (2009).
Karasakal and Karasakal (2004) developed a partial coverage version of MCLP
(MCLP-P) and applied LR to optimize it. They relaxed the “all or nothing” assump-
tion in MCLP by using a sigmoid function (as the one in Fig. 3d) to model the gradual
decline of coverage along with the distance increase. They changed a single distance
threshold into a distance range within which the coverage changed from “covered”
to “not covered”. The intermediate coverage level between full coverage and none
is called partial coverage. The model is formulated based on the classical p-median

a b
C(t) C()
r t r1 r2 r3 t
c . d
) ()
100% 100%

" r2 t 1 ot

Fig. 3 The coverage decay functions
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model. The objective is to maximize the demand coverage instead of minimizing the
total distance.The model can be written as follows:
MCLP-P:

max Z Z Cijzij (64)

ieV jeW;

subject to Z Xj=p (65)
jew
Dlzj<l i€V (66)
JeW;
zij<xj, i€V, jeW, (67)
xje{0.1}, jew (68)
zij €{0,1}, i€V,jeW, (69)

where z;; equals to 1 if and only if demand point i is partially or fully covered by an
facility at site j, W; is the set of the facilities sites that can either fully or partially
cover demand pointi. If ry < t;; < r2, Cijj = f(4;j);if t;; < r1, C;ij = 1; otherwise,
Cij = 0. f(t;) is a sigmoid function, and r; and r; are the lower bound and the upper
bound of the distance range, respectively. The objective of MCLP-P is to maximize
the coverage level. Constraint (65) specifies that total p facilities are to be placed.
Constraint (66) requires that a demand point will be covered at most once. If there is
more than one facility site that can cover demand point 7, the one that can provide the
maximal coverage will be chosen. This constraint is derived from the p-median model,
in which the closest facility is selected to provide service. Constraint (67) forces all
z;.s associated with facility site j to be 0 if no facility is placed at site j. MCLP-P
does not take the population size of the demand point into consideration.

Drezner et al. (2010) pointed out that the previous gradual coverage model may
not be the correct approach in many situations. They proposed a stochastic gradual
coverage model in which the short and long distance standards, i.e., r; and r,, are
random variables. They claimed that this generalization is suitable to address settings
where customers are heterogeneous and their sensitivity for the distance standard r{
and r, are different. It is assumed that distributions of | and r» are known, denoted as
¢, and ¢, and the coverage declined linearly along with the increase of the distance
(as in Fig. 3c). They developed the expected coverage at distance 7 as:

r o0
c(t) = Pr(n = )+ / / %@1 (", (2)dzdy
0 t

The objective of the model is to maximize the coverage, which is formulated as
Ziew dic(t;), where #; is the distance between demand point i and its closet facility.
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2.9 Cooperative coverage model

In some of the covering models discussed above, only one facility (namely the clos-
est one) determines whether a demand point is covered or not. Berman et al. (2010)
pointed out that this individual assumption might lead to solutions that require more
facilities to cover the same amount of demands. They proposed the following cov-
erage mechanism: each facility at site j emits a “signal” that decays over distance
according to a function ¢ (¢) ( which is similar to the decay function in the gradual
covering models). A demand point i receives signals from all facilities and is covered
only if the “signal” it receives exceeds a certain threshold, i.e., > jew ¢(tj) = A. The
summation is referred to as the aggregation operator in their paper, and researchers
should choose appropriate aggregation operators to represent the cooperative behav-
ior of facilities in different systems. Berman et al. (2010) formulated the Cooperative
Location Set Covering Problem (CLSCP) and the Cooperative Maximum Covering
Location Problem (CMCLP). The objective functions and constraints in the two mod-
els have similar meaning to that in the LSCP and the MCLP, respectively. Therefore
we present the two models without further explanations.

CLSCP:
min ij (70)
jew
subjectto > p(tij)x; = A, i€V (71)
jew
x; €{0,1}, jeWw. (72)
CMCLP:
max Zdi)’i (73)
eV
subjectto > p(tij)x; = Ay;, i€V (74)
jew
DX =0 (75)
jew
xj, yi€{0,1}, jeW, ieV. (76)

3 Optimization techniques

In this section, the heuristic algorithms, simulation techniques, and exact methods used
to solve EMS facility location models are presented. Heuristic algorithms are broadly
used to solve large scale problems. Simulation models are developed either to vali-
date solutions obtained from heuristic algorithms or to combine with other techniques
to improve the quality of solutions. B&B is efficient on solving small size prob-
lems since most of the problems are formulated as integer programming. Section 3.1
describes some main heuristic algorithms, including GA, TS, LR and other heuristics.
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Section 3.2 presents the application of simulation. Section 3.3 briefly reviews the exact
methods developed in literature.

3.1 Heuristics

Table 1 summarizes the main heuristic algorithms for various EMS facility location

models.

Table 1 Heuristic methods for EMS facility location models

Models Optimization techniques References

LSCP GA Aickelin (2002)

Non-unicost LSCP GA Beasley and Chu (1996)

MCLP LR Galvao and ReVelle (1996)
MCLP TS Diaz and Rodriguez (1997)
MCLP with partial coverage LR Karasakal and Karasakal (2004)
MCLP with multiple quantity GA Jia et al. (2007b)

Requirement at different LR

Quality level

Extension of MCLP
Extension of MCLP
DSM

DSM with penalty term to
the objective function
MEXCLP

MEXCLP

MEXCLP

Extension of MEXCLP
and MALP

Deployment on highway
with partial backup and
multi-dispatching

Same model with above

DDSM'!

DACL

Multi-objective covering-
based vehicle location model

Maximum covering model

Locate-allocate
Goal programming
Goal programming
TS

TS

Hypercube embedded GA
GA with local search

GA

TS

SA

Hybrid hill-climbing

SA

Hypercube embedded GA

Hypercube embedded GA
with local search

Parallel TS

Reactive TS

Fuzzy goal programming

GA

Alsalloum and Rand (2003)
Alsalloum and Rand (2006)
Gendreau et al. (1997)
Doerner et al. (2005)

Saydam and Aytug (2003)

Aytug and Saydam (2002)
Rajagopalan et al. (2007)

Galvao et al. (2005)

Tannoni and Morabito (2007)

Tannoni et al. (2009)
Gendreau et al. (2001)
Rajagopalan et al. (2008)

Araz et al. (2007)

Jaramillo et al. (2002)
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3.1.1 GA

GA is one of the most widely used heuristic approaches. Known as an intelligent
probabilistic search algorithm, GA has been applied to a wide range of optimization
problems. According to the principles of natural selection and survival of the fittest,
genes from the highly fit individuals will pass on to an increasing number of individ-
uals in each successive generation, which results in more fit offspring. In other words,
species evolve to become better adapted to their environment (Beasley and Chu 1996).

Beasley and Chu (1996) seem to be the first to apply GA for covering model.
Several techniques, including a crossover-fusion operator, variable mutation rate, and
a heuristic feasibility operator, were proposed to improve the performance of their
algorithm. For small size instances, their algorithm can generate optimal solutions.
For large size instances, it can provide near optimal solutions.

Aickelin (2002) used GA to solve the set covering problem. The algorithm splits
search into three distinct phases. First, it specifies permutation and other parameters.
Second, it uses diversity information to improve the solution. Finally, solutions are
post-optimized using a hill-climber heuristic method.

Inspired by Beasley and Chu (1996) and Aytug and Saydam (2002) applied GA to
solve the MEXCLP. The performance of their algorithm was compared with that of
CPLEX and Daskin’s heuristics. The results showed that GA with Local Search heuris-
tics was robust and yielded satisfactory solutions in a reasonable computational time.
They provided two techniques for generating the initial population and five crossover
operators, then conducted experiments to compare their performance. It demonstrated
that GA with ambulance swap crossover operator and random initialization overrode
others. The experimental results showed that at least one of their GAs provided optimal
or near optimal solutions. Their GA was improved by embedded hypercube queuing
model in Saydam and Aytug (2003).

Jaramillo et al. (2002) built a GA similar to the one in Beasley and Chu (1996).
Their algorithm was tested on two standard data sets. The solutions obtained from
their GA were slightly better, compared with a Lagrangian heuristic followed by a
substitution procedure. Jia et al. (2007b) used GA to solve their multi-quantity-qual-
ity model. In order to generate good-quality solutions and expedite the convergence
of their GA, they applied a greedy process in the individual initialization phase and
the crossover operation. Iannoni and Morabito (2007) embedded hypercube queuing
model into GA to determine the response district for each ambulance in a highway
segment. The hypercube model was applied to evaluate the fitness of each individual
in each generation. Iannoni et al. (2009) introduced a local search procedure into their
algorithm. By applying their hybrid GA in sequence, the location of ambulance along
the highway and the response segments of each ambulance were determined.

312 TS
TS is a local search method with a unique feature — using a memory or tabu list to
record the solution recently examined. This list avoids testing the same solution in a

given time period. At each iteration, the solution is moved to the best one among its
neighborhood regardless of whether the overall objective value is improved or not.
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By accepting worse solutions, TS can effectively escape from local optima. Arostegui
et al. (2006) and Rajagopalan et al. (2007) conducted studies to compare the per-
formance of main heuristics algorithms including TS, SA and GA in solving facility
location problems. Both of their studies showed that TS could find satisfactory solu-
tions faster with relatively small variability.

Diaz and Rodriguez (1997) developed a simple version of TS to optimize the MCLP.
Gendreau et al. (1997) proposed a TS to optimize the DSM. They combined constraints
in Egs. 13 and 14 with the objective function in a hierarchical fashion, in case of the
infeasibility of the original problem. The initial population was based on rounded solu-
tions of linear relaxation of the DSM. Gendreau et al. (2001) proposed the DDSM’
and applied parallel TS to provide ambulance deployment schedules in advance for
different scenarios. Rajagopalan et al. (2008) formulated the DACL and developed a
reactive TS with a look-ahead procedure to calculate the number of servers required to
satisfy the coverage constraints quickly. Doerner et al. (2005) modified the objective
function of the DSM, and implemented the TS in Gendreau et al. (2001) to obtain near
optimal solutions.

3.1.3 Other heuristic methods

Unlike the popular GA and TS, other heuristic methods appear to be less commonly
investigated for EMS facility location problems. By applying LR, researchers refor-
mulate models into tractable models. The most common application of LR found
in the literature is to solve the MCLP or its extensions. Galvao and ReVelle (1996)
developed a Lagrangian heuristic for the MCLP. In their algorithm, the objective of
MCLP was changed to be minimizing the minus total coverage. They applied a vertex
addition and substitution heuristics to obtain the upper bound, and built a sub-gradient
optimization algorithm to produce the lower bound. Karasakal and Karasakal (2004)
formulated the MCLP in the presence of partial coverage and developed a solution
procedure based on LR. Jia et al. (2007b) formulated the MCLP with multiple facility
quantity-of-coverage and quality-of-coverage requirements and developed a LR to
solve the model.

The LocAlloc heuristic was proposed by Cooper (1964) to solve location problems.
The procedure of the LocAlloc heuristic is to : (1) choose an initial location for each
ambulance, (2) determine the response area of each ambulance given the locations,
(3) divide the demand points into several groups with at least one ambulance in each
group and find the best ambulance location in each group, and (4) if any of the loca-
tions has changed, repeat this allocation-location process. This heuristics method uses
the property that separating phases of EMS facility location problems makes it more
tractable than combining the phases. Jia et al. (2007b) adapted the LocAlloc heu-
ristic to solve their location problem with multiple facility quantity-of-coverage and
quality-of-coverage requirement. The initial location was obtained from a greedy pro-
cess. Because the demand points need to be served at multiple coverage quality, each
demand point may belong to several groups. Within each group, the demand points are
divided into several subgroups according to the coverage quality they received from
the facility in that group. When relocating the facilities, the corresponding weights for
demand points in each subgroup are considered.
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Galvao et al. (2005) applied SA to optimize the extended MEXCLP and MALP.
The solutions obtained via SA are better than those obtained from vertex substitu-
tion. In Arostegui et al. (2006) and Rajagopalan et al. (2007), simple version of SA is
implemented to solve the MECXLP. Doerner et al. (2005) applied ACO to solve the
extended double coverage model in Eqgs. 21-24.

3.2 Simulation

As noted by Marianov and ReVelle (1995), the development of EMS facility location
and relocation models is likely to be parallel with the growth of the information tech-
nologies, and therefore, simulation becomes a more powerful tool to study complex
systems. There are three applications of simulation: (1) provide insight into the imple-
mentation of policies derived from optimal or near optimal solutions, (2) evaluate and
compare performances of different optimization techniques, and (3) combine with
other methods to yield better or faster solutions.

Since the assumptions of existing queuing models usually cannot be satisfied
in practice, some researchers resorted to simulation (Repede and Bernardo 1994).
In their research, the TIMEXCLP was built and incorporated into a decision sup-
port system to assist the planners in deploying ambulances in decision periods. Their
system was implemented as follows: first, the TIMEXCLP was applied based on
the initial information to achieve a certain service level; then by using the output of
the TIMEXCLP as input data, a simulation model was implemented to obtain cov-
erage and response time for each demand point. If the planner was satisfied with
the result this location scheme would be implemented; otherwise, the TIMEXCLP
would be reformulated and this procedure would repeat until satisfactory results were
achieved.

Some researchers integrated simulation techniques with other methods. Maxwell
et al. (2009a) developed a simulation model to analyze the performance of a cur-
rent redeployment policy and incorporated this simulation model into an approximate
dynamic programming procedure to obtain allocation policies. Harewood (2002) cre-
ated a simulation model to verify the optimal solutions, conducted sensitive analy-
sis of different system configurations on performance measures, and compared the
current deployment policy and the one derived from the optimal solution of the
model.

Some simulation models were developed to support decisions on facility loca-
tion and allocation. Fujiwara et al. (1987, 1988) utilized simulation techniques to
develop effective policies for ambulance allocation in Bankok. Liu and Lee (1988)
used simulation to analyze a hospital EMS system in Taipei. Goldberg et al. (1990a)
developed a simulation model to compare two alternative sets of ambulance loca-
tions in Tucson. Zaki et al. (1997) presented a simulation model to optimize the
resource allocation and management policy in Richmond. Henderson and Mason
(2004) used the analysis software named BARTSIM to integrate geographic infor-
mation systems (GIS) into their simulation model, and provided support for deploy-
ment schedule of ambulances. GIS within BARTSIM provided spatial visualization
of different policies.
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3.3 Exact methods

Ambulance location models are mostly formulated as integer programming. The B&B
was usually applied to obtain optimal solutions for small size instances. Swoveland
et al. (1973) combined the B&B technique with simulation to optimize policies for
ambulance services. The outputs of a simulation model were used as an initial solution
in the B&B procedure. Near optimal solutions obtained by the B&B were further val-
idated by simulation models. Mannino and Sassano (1995) used the B&B to solve set
covering problems. Marianov and ReVelle (1994) proposed the QPLSCP and relaxed
it as a linear programming which is solved by the B&B. Similarly, Marianov and
ReVelle (1996) introduced the Q-MALP and used B&B to solve the linear program-
ming relaxation of this model.

4 Conclusion and discussion

With emergencies unfortunately being part of our lives, it is crucial to efficiently plan
and allocate emergency response facilities to deliver effective and timely relief to
people most in need. This paper reviewed covering models and optimization tech-
niques for emergency response facility location and planning, from the perspective
of mathematical models and operations research. The earlier studies of the covering
models are represented by the Location Set Covering Problem (LSCP) and the Maxi-
mal Coverage Location Problem (MCLP). The LSCP is a mandatory covering model
in which all the demand points are covered at least once, while the MCLP attempts
to maximize coverage, given limited resources. Both the LSCP and MCLP have a
common drawback in that once an EMS facility is dispatched to serve an emergency
call, other demands in its coverage area are not covered by it any more. In this con-
text, multiple coverage concept was introduced to handle excess demands in some
locations, such as the recent Double standard Model (DSM) that was proposed to
remedy this situation by allocating facilities among potential sites to provide full cov-
erage within a longer distance standard, and to maximize coverage within a shorter
distance standard. Another strand of research designed to overcome this drawback
is to explicitly model the busy probabilities and reliabilities of facilities. The most
frequently used probabilistic models are the Maximum Expected Covering Location
Problem (MEXCLP) and the Maximum Availability Location Problem (MALP). Fur-
ther research developed hypercube queuing models to relax the strong assumptions
in previous probabilistic models and obtain a more accurate analysis of the system.
Dynamic models were proposed to allocate facilities in real time and provide bet-
ter coverage for demands. Recently, the commonly used “all or nothing” assumption
about the coverage of demands is relaxed by gradual covering models that model the
gradual decline of coverage along with the increase of distance by mathematical func-
tions. In addition, the individual assumption that only the nearest facility determines
whether a demand point is covered or not is relaxed by cooperative covering models.

This paper further summarizes optimization techniques used to solve the above
proposed models, including heuristics, simulation, and exact methods. Genetic Algo-
rithm (GA) and Tabu Search (TS) are the most popular among all heuristics algorithms.
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Heuristic methods are usually applied to solve large scale problems. Although some-
times they cannot provide optimal solutions, they usually yield high quality solutions
in reasonable computational time. Some research developed hybrid versions of heu-
ristic methods by combining some of them. Simulation is used to either evaluate the
performance of polices derived from the solutions obtained via heuristic methods or
combined with heuristic methods to provide solutions with better quality. For small
size instances, optimal or near-optimal solutions can be obtained by exact methods.

By tracing the development of the above various models, we deem the following
research directions are worthy of further research endeavors:

— In previous research, emergency calls or demands were treated as discrete points.
All demands in an area are generated from the weighted center of this area. This
approximation may result in inaccurate representation of real world situations. It
is noteworthy to investigate the possibility of using a continuous area instead of
discrete points for demands generation.

— Inreality, emergency calls may have different priorities that require different types
and/or numbers of emergency services/vehicles. It is of interest to integrate the
concept of quality levels as well as priorities in the models.

— Most of the covering models for the EMS facility location and allocation problems
use coverage of emergency calls as an objective. Other criteria such as survival rate
may serve as a better objective that directly reflects the effectiveness of emergency
responses.

— The efficiency of the EMS facility location has been investigated thoughtfully but
the equity on the facility distribution has been overlooked. The public expect fair
access to EMS facilities. Building models to analyze the trade-off between the two
conflicting aspects become necessary.

— The recent advanced geographic information systems (GIS) techniques can be
incorporated into the models, which creates the possibility of using visualization
to evaluate relief efforts and serve as an effective tool for decision makers. The
impacts from other modern techniques/tools such as smart phones and text mes-
saging on emergency relief efforts are yet to be explored.
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