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Changes in demand patterns and unexpected events are the two primary sources of delays in healthcare emer-
gency operations. To mitigate such delays, researchers proposed the movement of idle ambulances between
emergency bases as one of the effective ways to improve the areal coverage of future demands. In this study, we
have developed a model-driven decision support system that simultaneously seeks to maximize demand coverage
while minimizing travel time by optimally relocating emergency response vehicles. The developed mathematical
model partitions and prioritizes demand into four categories and continuously updates them over time.
Furthermore, it dynamically calculates the number of coverages in different regions based on the current location
of idle ambulances. Also, we developed a real-time risk assessment DSS for recommended relocations, which
could be utilized as a reference by the EMS user while implementing suggested relocation decisions. A real case
study is used to validate the proposed DSS, and its final output is compared to the existing operational policy. The
findings show that the average workload added to each ambulance due to relocations has significantly improved
the response time and coverage ratio. Compared to the existing operational policy, the developed decision
support system decreased the time to respond to calls, which was deemed to be more than to offsets the increase
in travel time due to relocation. Furthermore, the system also reduced the total working time of all ambulances
by about 9% per shift.

1. Introduction Decisions in the emergency system can be divided into three levels:

strategic, tactical, and operational. Strategic decisions include the

Emergency Medical Services (EMS) organizations are among the
most critical systems for providing community health services. They are
expected to make effective decisions and implement them rapidly while
providing services to their customers in real-time. Determining the type
and severity of incoming calls and selecting the most appropriate
ambulance to send are life-saving and time-sensitive decisions
[4,19,41,49]. These systems are under constant pressure from contrac-
tual obligations and management objectives to meet and exceed certain
levels of performance expectations. For example, according to some
emergency system standards [42], the maximum response time to
emergency calls must be within 10 min in urban areas, and 30 min in
rural areas [6].

location of ambulance stations and specifications for ambulances.
Tactical-level decisions involve standby sites location, scheduling crews,
and determining fleet policy [1,14]. Indeed, fleet management strate-
gies, such as static or dynamic policies, are decided at the tactical level.
When there is a static policy at the strategic or tactical level, the am-
bulances’ base stations and standby sites are set for various goals, such
as providing maximum coverage for a single operation, and each
ambulance returns to its home base after each mission [5]. Static models
do not provide the necessary operational flexibility [37]. At the opera-
tional level, the state of the system is continuously changing, so a de-
cision about an ambulance’s base stations needs to be modified
dynamically [15]. The state of the system can be changed by factors such
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as changes in demand patterns, the occurrence of unforeseen events, and
changes in the number of available ambulances.’ In real-time, when the
state of the system changes, the primary concern of the emergency
system is to cover the current demand points and minimize the response
time for future calls. The movement of idle ambulances between emer-
gency bases is one of the effective ways to improve the coverage of
future calls [29,33,35,53-55,59].

There are two ways to approach the dynamic relocation problem:
offline and online. In the offline approach, the system state is deter-
mined by the number of available ambulances and changes when that
number changes. Each state of the system has a compliance table that
designates the bases that must have at least one ambulance. In contrast,
the online (or real-time) approach relocates ambulances in real-time and
takes into account more dimensions of the problem than the offline
approach. In the online approach, several factors can each be considered
as a criterion for changing the system state, such as the number of
available ambulances, the demand or call rate, the relocation cost, and
the workload of ambulances. The essential component in the online
approach is making a proper decision in the shortest amount of time,
taking into account all available information. Since relocation is done to
improve coverage, this movement may be undesirable for employees
and may incur additional costs to the system. Therefore, while
improving coverage, the online approach should minimize the reloca-
tion costs and the added workload.

In this study, we present a decision support system that solves the
ambulance relocation problem based on a mathematical model with an
online approach. This system is updated based on time and changes in
the system’s state, such as relocation workload and the number of
coverages.” The decision support system determines the new location of
idle ambulances, maximizing demand coverage while taking into ac-
count the workload limitation® and the cost of relocating. The proposed
mathematical model is a two-objective model: the first goal is to maxi-
mize demand coverage, and the second goal is to minimize travel time.
When maximizing demand coverage, three time-ranges” and four types
of demand are considered. Demand is categorized based on the time
required and the degree of urgency. Maximizing the coverage of demand
points is based on the weights of their demands during the decision-
making period, and the weights of demand points are updated at each
period. When the emergency system needs relocation of ambulances,
users can enter some of the required data and rapidly decide on a new
location for ambulances. The remainder of the paper is organized as
follows. Section 2 reviews the literature related to the current problem.
Section 3 provides an overview of the problem and the system’s events.
Section 4 describes the proposed decision support system and its sub-
systems, such as the mathematical model, database, and user interface.
Section 5 compares the current policy in the eastern part of Tehran to
that proposed by our DSS using real data. Section 6 concludes the paper
and suggests future research directions.

2. Literature review

Over the past twenty years, much attention has been paid to math-
ematical models with a dynamic approach to relocating ambulances in
an emergency system. Deciding on the relocation of ambulances is an
operational decision that is fraught with uncertainty. The requirements
for advanced strategies to address this uncertainty and to consider social

1 Ambulances that are idle in bases and ambulances that have completed
their missions.

2 The number of ambulances deployed at bases that cover the demand area.

3 Ambulances make additional moves to better respond to future calls. The
additional burden on the ambulance’s employees due to relocation is workload
limitation.

4 The maximum response time to a call by an emergency base is referred to as
the time range.
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goals such as clinical outputs have posed new challenges in this field. To
respond to this uncertainty, many models have turned to dynamic ap-
proaches. Some researchers also divide a working day into several time
periods to manage fluctuations in demand and consider a location plan
for each time period. Ambulances perform relocation based on different
location plans [11,16,23,47,48,53]. There are two main ways of solving
dynamic optimization problems: offline and online. The offline tech-
nique is a posteriori in nature, requiring the solution of mathematical
programs to generate compliance tables for each potential state. The
online approach facilitates real-time decision-making to determine the
optimal relocation strategy given the system’s current state. Also, the
relocation problem can be divided into different categories.

There are two major streams in the extant literature that aim to
improve emergency management system services: One focuses on the
demand aspect in order to maximize demand coverage. The other fo-
cuses on the costs associated with ambulance relocation. Both of these
streams employ different objective functions and constraints in mathe-
matical models to achieve their goals. In the context of demand areas,
the majority of studies have had a primary goal of improved coverage;
different models have used different approaches to reach this goal. In
Table 1, we describe the reviewed studies by their approach (real-time
or offline) and the dimensions they use to address the relocation
problem.

2.1. Online approach

The first redeployment model to use an online approach was pro-
posed by Gendreau et al. (a) [28]. They presented a model that uses two
time-ranges. Two types of constraints are considered in this model: the
absolute covering constraint, which seeks to cover all demand points by
at least one ambulance within a longer time range; and the relative
covering constraint, which seeks to cover a proportion a of the total
demand within a shorter time range. The model tries to maximize the
coverage of demand in the shortest time by at least two ambulances. It
then seeks to minimize the cost of the system due to relocation.

Anderson and Varbrand [3] developed an algorithm for ambulance
relocation and automatic dispatching to minimize travel time. Their
algorithm was based on a new quantitative preparedness measure that
determines the system’s ability to serve patients by available ambu-
lances at present and future. They used a tree-search heuristic to solve
the model.

Naoum-Sawaya and Elhedhli [46] developed a two-stage stochastic
optimization model for the relocation problem. In the first stage, am-
bulances are assigned to bases to minimize the number of relocations.
Then, in the second stage, ambulances are assigned to calls. This step
minimizes the number of calls that are not served within an appropriate
time. Similarly, Mason [39] provided a real-time multi-view
generalized-cover repositioning model (RtMvGcRM) by proposing an
objective function with two parts: the first part seeks to maximize the
overall coverage obtained from the redeployment of ambulances; the
second part, as in [28], seeks to minimize the penalty for redeploying an
ambulance from its current base to a new base. They have developed
their model in a real-time online optimization system called Optima
Live.

As mentioned earlier, the challenge for most relocation models is to
gain an accurate understanding of all the details of the system and to
have an algorithm that takes a short time to determine further actions.
To address this challenge, Jagtenberg et al. [30] proposed a polynomial-
time heuristic algorithm. They presented the model proposed in [51]
with a dynamic approach that aims to minimize the expected fraction of
late arrivals. Then, they compared their obtained results to the common
method (a static solution) of the emergency management system.

Moeini et al. [43] developed a model based on [28] by dividing the
demand points into points that require a single ambulance and points
that require two ambulances. In some cases, a demand area needs to be
covered by more than one vehicle. They classified high-emergency
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Table 1
Classification of recent literature on dynamic relocation, based on problem characteristics and approaches.
Demand side EMS side
Author Year Real- Offline  Real-Time Aspects Coverage Demand EMS Workload Interactive
time improvement prioritization cost limitation DSs
RC NV CR AW NC RRARR #of Type”
Levels”
Gendreauetal. 2001  +/ v v v v v
(a)
Gendreau etal. 2006 v Vv
(b)
Andersson and 2007 v v
Varbrand
Nair and 2009 v v v
Miller-Hooks
Naoum- 2013 \/ \/ \/ \/
Sawaya and
Elhedhli
Mason 2013 \/ \/ \/ \/ \/
Maleki et al. 2014 v v
Jagtenberg 2015 4/ v v
et al.
Moeini et al. 2015 4/ v v 2 Static v v
van Barneveld 2015 4/ v v
et al. (a)
Bélanger et al. 2016 v v v v
Sudtachat etal. 2016 / Vv
(a)
van Barneveld 2017 Vv v \/
et al. (b)
Enayati et al. 2018  +/ v v v/ v
(a)
Enayati et al. 2018 4/ Vv Vv v
®)
van Barneveld 2018 v v
et al. (c)
Carvalho et al. 2020 \/ \/ \/ \/
Sudtachatetal. 2020 v v
(b)
This study 2021 v v Vv Vv Vv Vv v 4 Dynamic 4/ v v

@ Number of levels, determined by the number of ambulances necessary and the severity of the emergency.
b The demand is either constant (i.e., static) or changes over time over time (dynamic).

demand into two categories depending on the number of ambulances
necessary. Additionally, their model’s demand is static and does not
change over time. They implemented their approach in a sparsely
populated region of France. Additionally, our algorithm categorizes
demand into four groups based on the amount of time required, the
number of ambulances required, and the severity of the emergency. Our
model’s demand is dynamic and changes over time. In another study,
Van Barneveld et al. (a) [7] proposed a dynamic relocation problem,
focusing on rural areas and considering a limited number of vehicles.
Their model is formulated based on a discrete-time Markov decision
process; at each time step, a relocation policy decides on the movement
of all idle ambulances.

Bélanger et al. [13] compared four strategies for fleet management.
All strategies were based on the double standard model proposed by
Gendreau et al. [27]. They classified strategies based on permission to
relocate (moving idle ambulances between bases)- multi-period or dy-
namic planning and repositioning plan (determining the location after
completing the mission). They concluded that the best performance in
service delivery is provided if a dynamic approach is used and ambu-
lances are allowed to have relocation and repositioning. Enayati et al.
(a) [24] presented a two-step model for real-time relocation by taking
into account the workload limitation. In the first step, it seeks to maxi-
mize demand coverage; in the second step, it minimizes the total travel
time. Enayati et al. (b) [25] also presented a two-stage stochastic integer
model to integrate dispatching and relocation policies. In the first stage,
ambulances are assigned to new locations; in the second stage, they
respond to a different call-in scenario. Carvalho et al. [18] developed a

mixed-integer programming model to integrate relocation and ambu-
lance dispatching decisions. Their approach uses a time-preparedness
measure to evaluate the system’s ability to manage emergencies. This
criterion is taken from the criterion introduced by [34], with a time
dimension t added to it.

2.2. Offline approach

Gendreau et al. (b) [26] mentioned that executing online models
after each dispatch of an ambulance may be time-consuming. They
presented the Maximal Expected Coverage Relocation Problem model
(MECRP) as the first offline approach model by taking advantage of the
Maximal Covering Location Problem Model (MCLP) introduced by [22].
This model is a dynamic probabilistic model that seeks to maximize
coverage in all system states. The criterion for changing the state of the
system is the number of available ambulances, and in each state, the
location of ambulances is determined.

To evaluate the benefits of relocation, Nair and Miller-Hooks [45]
proposed a multi-objective, probabilistic, integer model, based on [52].
After the ambulance bases have been identified for each state of the
system, the next issue is specifying the movement of the ambulances.
Some ambulances become free and need to go to a new base. Some idle
ambulances also need to change their bases due to system changes. After
presenting the MECRP model, Gendreau et al. (b) [26] proposed the use
of transportation planning models to solve this problem. After deter-
mining the location of ambulances using the MECRP model, Maleki et al.
[38] proposed a “generalized assignment model” and ‘“generalized
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bottleneck assignment model” to solve the movement problem. The first
model minimizes the total travel time; the second model minimizes the
maximum travel time. Sudtachat et al. (a) [58] present a model with
nested compliance tables as an integer programming model to maximize
coverage. They perform their policy based on the Markov-chain model
proposed by [2]. One of the challenges in the offline approach is the
number of types of vehicles. If there is more than one type of vehicle in
the problem, the problem becomes complicated. Van Barneveld et al. (b)
[9] considered a system that includes two types of vehicles. They used an
integer linear programming model to determine the location of ambu-
lances; the inputs of this model use the outputs of a Hypercube model.
Their model is a developed model of [26,40].

Van Barneveld et al. (c) [10] combined the methodology developed
by [8,30] to provide an operational analysis of the dynamic ambulance
relocation process. In this study, they examined the effect of the fre-
quency of redeployment-decision moments and the performance crite-
rion on the quality of the distribution strategy. Sudtachat et al. (b) [57]
presented the maximum realized covering the relocation and districting
problem. In this case, they first converted the regions into districts and
then considered an independent relocation strategy for each district. An
optimal nested-compliance model was applied to determine the offline
relocation program of each district. They compared their approach with
the model provided by Batta et al. [12].

2.3. The contribution of the study

In this study, we have extended the online approach to the ambu-
lance relocation problem in the following directions:

e Since ambulance relocation is an operational decision and may be
repeated several times during a work shift, in this study, we have
proposed an online decision support system that makes suggestions
based on a mathematical model.

e When covering constraints are formulated in the mathematical
models, three questions must be considered:

a. What is the current number of coverages of demand points in
different ranges?

b. How many coverages will be increased by relocations to demand
points?

c. How many coverages will be decreased by relocations away from
demand points?

All of the models proposed in previous studies answer only question b
in their coverage constraints. They are technically capable of responding
to all of them. However, they did not do so since they had no intention of
using those numbers in future analysis. In our study, the number of
coverages in various time ranges serves as the primary input to our final
DSS, which is utilized to quantify the risk associated with demand zones
(see Table 4).

e We developed a DSS for use in real-time risk assessment of recom-
mended relocations (RRARR). The important features for predicting
distinct types of demand are found in RRARR. The risk value of each
zone is then determined in each feature. Zones are classified from
very high to very low risk. Finally, relocation decisions are ranked
according to their risk. That is, after running the model, the user is
offered with the priority of picking any recommended relocation.

Table 1 provides a multi-dimensional classification of the recent
literature on the dynamic relocation approach, providing specifics on
the problem characteristics and solution approaches. The very last row
in Table 1 illustrates the proposed study and its coverage as it is
compared to the extant literature. The real-time aspects column in
Table 1 attempts to differentiate these papers based on the parameters
that continuously change in response to changing system states. These
parameters include relocation costs (RC) - number of vehicles (NV) - call
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rate (CR) - ambulance workload (AW) - number of coverages (NC) and
real-time risk assessment for recommended relocations (RRARR).

3. Problem overview

The eastern region is one of the high-demand areas in Tehran, the
capital city in Iran. It covers an area of 170 km? and has a population of
about 3 million. With 30 ambulances and 30 base stations, this area
should cover an average of 19 calls per hour. The most important
problem of the emergency system in the eastern area is the inability to
cover all the demands within their required time ranges. The approach
used by the emergency system in this area is a static approach. To tackle
this problem, we offer an online relocation decision support system that
is model-driven. In this context, these three events change the state of
the system: the arrival of a call and the assignment of an ambulance to it;
a busy ambulance completes its mission; and idle ambulances are relo-
cated. We have defined four types of demand based on the required time
range to respond to calls and the degree of urgency as follows (in the
following categories, it is assumed that the r; < ry < r3):

1. Most Urgent - Case 1: Calls that must be covered by one ambulance
within a maximum of r; minutes.

2. Most Urgent - Case 2: Calls that must be covered by two ambulances
within a maximum of r; minutes.

3. Urgent - Calls that must be covered by an ambulance within a
maximum of ry minutes.

4. Not Urgent - Calls that must be covered by an ambulance within a
maximum of r3 minutes.

When a call arrives, it is first assessed in terms of urgency and then
assigned to one of the four defined types of demand. After assigning
ambulances to calls and changing the system state (which results in a
reduction in the number of available ambulances), the ambulances are
relocated. In this paper, relocation decisions are made through a model-
driven decision support system. This is a description of the events pre-
sented in this model to relocate the ambulances:

1. These events change the system state. The state of the system can
change due to one or more of the following events:

e A call arrives, and an ambulance is assigned to it, which decreases
the number of available ambulances.

e A busy ambulance completes its mission, which increases the
number of available ambulances.

e Idle ambulances are relocated.

2. The system is updated based on each event.

e When a call arrives, the required covering time and the degree of
urgency are determined, and the call is placed in one of the four
demand categories. When calculating which ambulance to
dispatch to the scene, all idle ambulances at their bases and all
ambulances that have completed their missions and are returning
to their bases are considered. An ambulance is dispatched to the
scene based on the closest available ambulance within the required
time range of the call. If there is no ambulance in the required time
range, the closest available ambulance in the next range is
considered. After dispatching, dynamic parameters of the problem
are updated, such as the number of coverages of demand points at
different time ranges. These parameters are used in the criteria for
the relocation of ambulances in the system.

e After an ambulance completes its mission, if the system needs to
relocate ambulances according to the relocation criteria, the
ambulance will first be assigned to the closest base as an idle
ambulance, and then the relocation will be performed.

e In case of relocation of ambulances, first, the ambulances will be
deployed at their new bases, and then the dynamic parameters will
be updated.
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3. If relocation of ambulances is needed, determine relocation based on
the mathematical model.

If either of these two criteria is met, the system will relocate
ambulances:

e Atleast four demand points in r; and at least two demand points in r,
have no coverage, or
e At least 60 min have elapsed since the last relocation.

Following the case of Bélanger et al. [13], we set out these criteria for
relocation. The first criterion is defined based on the different system
conditions such as fleet capacity and the volume of demand. This is to
ensure that the increase in the number of movements can be justified by
the obtained improvement. The second criterion guarantees that the
number of uncovered areas will always be at an acceptable level. That is,
the movements should not be so low that there is no improvement in
demand coverage.

4. If there is system relocation, execute the ambulance relocation, and
update the system.

The following assumptions are also considered in the designed
model:

The demand region of the problem is divided into sub-zones with
approximately equal areas. This method has been utilized to simplify
the problem, mathematical modeling, and finally discover a solution
in a fair amount of time.

The basis of coverage by base stations in the required time ranges is
the fastest path from the base to the demand point.

Each demand point can create four types of calls, and demands that
require more than one ambulance are considered as two-ambulance
demands. The two-ambulance demands are defined only in radius r1.
The demands in the mathematical model are considered based on
historical data. To be more specific, the EMS user sets the initial
values of parameters at the start of each shift based on the predicted
values obtained using time series and machine learning approaches.
Then, during each shift, the demand parameter will be incrementally
modified to account for the unexpected percentage of demand.

The working hours of the emergency system are divided into two 12-
h shifts.

All demands are covered by one type of vehicle.

In the next section, we provide an explanation of the proposed DSS
architecture along with the specifics of the mathematical formulation
and the underlying workflow of the process model.

4. Proposed DSS architecture

This section describes the architecture of the DSS and its compo-
nents: the mathematical model, the user interface, and the database.
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Implementing and operationalizing this system involved three main
steps: mathematical model design, database design, and user interface
design. We prototyped our system using Excel and the final imple-
mentation was done using C++ on the .NET framework. Also, while
developing decision support systems, the choice of programming lan-
guage and platforms largely depends on the type of mathematical model
solver. These solvers use the Application Programming Interface (API)
libraries to interface with programming languages. API libraries provide
a platform for stand-alone and web-based interactions. To solve the
mathematical model and communicate with the.NET framework, we
used GAMS 25.1.2 and the CPLEX solver. Fig. 1 shows the association
between system components and the DSS architecture.

4.1. Mathematical model

We have developed an integer linear programming model for the
relocation problem. This model is multi-objective; in addition to maxi-
mizing the coverage of demand points in different time ranges, the
model minimizes travel time due to relocation. This model also prevents
movements of ambulances that would violate workload. Table 3 shows
the notation for the mathematical model’s indices, parameters, and
decision variables.

4.1.1. Objective functions and constraints

To cover the demand points by the base stations, three time-ranges of
7 min, 15 min, and 25 min have been considered. Each base station
covers several demand points in different ranges. During relocation, the
new locations are determined in such a way that the coverage of demand
points by the bases is maximized. According to historical data, the
proportional call volume of demand zones varies throughout the day,
and coverage maximization should be tailored to the areas’ demand
priorities. For example, during a shift period, the priority of some points
may be covered within a 7-min time range. But some areas may need
more coverage within a 15-min range. Therefore, the objective function
(1) is defined to maximize the coverage of demand points according to
their coverage priority. The objective function (2) seeks to move the
available ambulances in the shortest possible time so that the move has
the least cost for the emergency system.

maxy " (d}, X} +d; X} +d} Z;+d;, W) @
ieN
min Z Z Z Y}; ijij (2)

keK fEM jifeM

subject to:

0utY YN VL, GH =Y Y > YL, CiHy > X! +X? VieN

keK feM jAfeM keK feM jAfeM
3)

255 3D SETICEIE 3) 9 SRV EE A

keKfeM jAfeM keK feM jAfeM
()]

Solver

GAMS AP

Database
o Static/constant data
o Dynamic data
o Result data

DSS

C++ (.NET Framework)
Visual Studio

User Interface
CLR (.NET Framework)
Visual Studio

Fig. 1. High-level architecture of the proposed DSS.
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Constraints (3), (4), and (5) are coverage constraints that are
formulated based on the six steps described in Section 2.3. These con-
straints respectively consider the number of coverages in ry, 1o, and r3
minutes at time t, the number of coverages increased, and the number of
coverages decreased due to relocation, simultaneously. In constraint (3),
if (X;* = X = 1), ambulance relocation should be performed in such a
way that at least two ambulances cover the desired demand point in r;
minutes. Also, in constraints (4) and (5), if the variables Z and W are one,
the outcome of the coverage should be such that at least one ambulance
in the ry and r3 minutes covers the demand areas. Constraint (6) ensures
that at least two ambulances are assigned to a demand point if at least
one ambulance is assigned to it.

Constraint (7) considers the number of ambulances located at each
base, the number of ambulances entering it, and the number of ambu-
lances leaving it; this constraint prevents a violation of the maximum
number of ambulances in each base. Constraint (8) refers to the relo-
cation workload of ambulances in work shifts. Parameter $ represents
the accumulated relocation time of each ambulance at the current time t.
This constraint ensures that the relocation time of ambulances will not
exceed the maximum allowed accumulated relocation time. The
parameter (Up will be computed dynamically according to Eq. (15):

_rt

U, T

(15)

Constraint (9) avoids round trips between two bases. This constraint
is a nonlinear inequality; to linearize it, we add the three inequalities
below.

0y <Y VkeKf#jeM (16)
H <Y, VkeKf#jeM an
0y 2Yi+Yy—1 VkeKf#jeM (18)
Hy=YxYy, VkeKf#jeM 19)

Inequalities (16) and (17) ensure that nﬁk will be zero if either ijk or
Y]fk are zero. Inequality (18) ensures that quk will take value one if both
binary variables are set to 1. Constraint (10) ensures that an ambulance
can be moved from a base if it is located at that base. In some critical
situations, the number of available ambulances may be low, and it may
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Table 3
Summary of notation for the mathematical model.

Sets & indices

ie{l,2,.., Demand Zones
N}
Bhfe{l,2,,... Base Stations
M}
ke{1,2,.., Available Ambulances
K}
te (0,7 Current time in the shift
Constant parameters
P; Maximum number of ambulances that can be located at base station
J
Iy, T2, T3 Time ranges to cover demand zones (r; < 1z < r3)
7 Maximum allowed relocation workload for each ambulance in a
shift (hours)
H;y Binary parameter: 1 if demand point i is accessible from base station
j in r; minutes
Sij Binary parameter: 1 if demand point i is accessible from base station
j in r; minutes
R; Binary parameter: 1 if demand point i is accessible from base station
j in r3 minutes
By Travel time between base stations f and j in the shortest path
Cy Binary parameter: 1 if travel from base station f to j is allowed
A,y Ao Weights of objective functions 1 and 2
Dynamic parameters
di! Proportional call volume of the most urgent demands at the point i
for one ambulance at time ¢
di? Proportional call volume of the most urgent demands at the point i
for two ambulances at time ¢
di° Proportional call volume of the urgent demands at the point i for
one ambulance at time t
di* Proportional call volume of the non-urgent demands at the point i
for one ambulance at time ¢
Vie Number of ambulances located at base station j at time t
Oy Number of ambulances covering point i in r; minutes at time t
E; Number of ambulances covering point i in r, minutes at time ¢
Qi Number of ambulances covering point i in 3 minutes at time ¢
Lif Binary parameter: 1 if ambulance k is located at base station f at
time t
U, Maximum allowed accumulated relocation time of each ambulance
at time t
N Accumulated relocation time of ambulance k at time ¢

Decision variables
k

Yy Binary variable: 1 if ambulance k moves from base station f to j,
0 otherwise

X! Binary variable: 1 if demand point i is covered at least one time inr;
minutes, 0 otherwise

X2 Binary variable: 1 if demand point i is covered at least two times in
r; minutes, 0 otherwise

Z; Binary variable: 1 if demand point i is covered at least one time in r,
minutes, 0 otherwise

w; Binary variable: 1 if demand point i is covered at least one time inrs
minutes, 0 otherwise

qﬁk Binary variable: 1 if the product of Yﬁk and ijk is equal to 1; 0 if at

least one of them is equal to 0

not be possible to provide coverage in the minimum time for some de-
mand points. Under these conditions, constraint (11) forces the model to
allocate at least one ambulance in ry or rz minutes. Constraint (12)
prevents an ambulance from being assigned to more than one base
station. Finally, constraints (13) and (14) state types of the decision
variables must all be binary.

4.2. DSS process model

To implement the mathematical model in the decision support sys-
tem, we need to design a process model. This model is the basis of the
DSS database design and user interface design. The developed database
consists of three kinds of data: constant data, which does not change
during model execution; dynamic data, which changes as the system
state changes; and result data, which is generated from the combination
of constant and dynamic data. In fact, result data is a kind of dynamic
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data. These three types of data are related to each other, based on the
developed process model shown in Fig. 2.

The user interface is designed based on the process model. The user
first enters the working hours, then the system work shift is determined.
According to the current working hour and shift, the parameter U; is
calculated, then it is called along with the demand weights. Also, if the
model has the first run in the current work shift, ambulances have zero
relocation workload (f' = 0). Otherwise, their relocation workload will
be called from the last run.

In addition to working hours, the user must assign available ambu-
lances to base stations in the user interface environment according to
emergency system information. By determining the location of ambu-
lances, the parameter kat is called, and according to Eq. (20), the
parameter Vj; is calculated.

NLy =V, W=jeM1e(0,7) (20)

kek

By calculating the total number of ambulances at each base station
and calling the coverage parameters in each time range, the number of
each demand point’s coverages is calculated based on Eq. (21), (22), and
(23).

a) if Hj=1thenO; =V, Yie€N,jeM,t€(0,T)
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a) if Ry=1thenQ; =V, VieN,jeM,t€(0,T)
b) Zsz:Qit VieN,t€(0,T)

jen

(23)

The parameters Oy, Ej, and Q; are virtual parameters that represent
the number of coverages created by base station j for the demand point i
inr, rg, and r3 minutes, respectively. After that, the constant parameters
of the model are called and the model will be executed. By displaying the
results, the user can select the desired movements and apply them to the
system. If the user wants to continue running the model in the current
shift, the relocation workload of ambulances that have been relocated
will be updated according to Eq. (24). Otherwise, if the user wants to
continue in the next shift, the parameter g’ will be zero.

a)ifY/’]lethen VkeK,f£jeM 2

b) /}Lnexlmn :ﬁ;las( run +Bﬁ Yk € K,f;é‘] c M,I c (O,T)

The user interface environment is displayed in Fig. 3. Although we
have used the C++ programming language in the .Net framework to
develop the decision support system, this language does not allow us to
build the user interface. Therefore, in the .Net framework in the Visual
Studio environment, the Common Language Runtime (CLR) tool has
been used to design the user interface.

=0, Vi 2D . . . .
b) ZM 0j=0i VieN,1€(0.T) Based on the designed user interface, the user must first specify the
Je . - - -
working hours and location of available ambulances at the base stations.
. . . After running the model, the user can select some of the results provided
a) if Sy=1thenE; =V, YieN,jeM,te(0,T) 8 ’ esults p
b E—E VieN 0T (22) by the model and apply them to the system. After applying the results,
) ZM i =Eq ViEN1€(0,T) the user will continue to run the model either in the current shift or in
JE . . . .
the next shift. To select each of these states, the required options in the
user interface are considered.
Calculate
> —_—
U[
Yes
Insert Determining First r_ Determining
Start | =¥ working | the work shift PP Ru: - IBA =0 > the location Call Calculate call
hour ? —» of le > V'I > vV
ambulances f / it
‘ No 1
> Call ﬂ k N
from last run
Call
—> 1 2 3 .
dr'/ H dit ) dil H dir
B
Calculate Call
X —
> canHy o O O 19) —> w0, | > B
' A&B i /
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Create L2 b > Caleulate Call Show model’s
- > call S;; reate: £ by ——»  cal E — | > Run | >
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N Ry G Oy L @) Ly catQ, —» —> P T
Call 1 it it J
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Fig. 3. Screenshot of the graphical user interface.
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Fig. 2. A process model of the proposed DSS.
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Fig. 4. Spatial demand distribution for the 48 demand zones in the eastern area of Tehran

4.3. Real-time risk assessment for relocation decisions

The user must implement all, some, or none of the recommended
relocations each time the model is run. We designed the real-time risk
assessment DSS to serve as a clear and broad guidance for this decision.
RRARR identifies critical characteristics for forecasting various demand
types (i.e., Table 4). The notations for the RRARR indices and parame-
ters are shown in Table 5. The RRARR is developed in the following
manner:

Step 1. Select one or more of the characteristics shown in Table 4 (i =
1,.., 1.

Step 2: Determine the importance weight (w;) of selected features

using Best-Worst-Method [50].

Step 3: Subdivide the study area into sub-zones (j = 1,.., |J|).

Step 4. Assign the selected features to one of the following categories:
1) a feature of historical data in which we do not have access to earlier
statistics but only to the current value. For instance, imagine “Pollution
level” is one of our selected features and we lack access to historical data
for this value.

2) A feature of historical data that makes prior statistics accessible 3)
DSS output is available in real-time. If the chosen feature comes within
category 2 of the preceding step, utilize the following formulas to
determine the variance of each element and then the normalized risk.
Otherwise, go to Step 6. It is important to provide the time unit for the
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Table 4
List of important features for in risk determination of different zones.
Feature name Feature type (Obj/ Reference
Subj)
Historical Month/Season Time (Obj) [21,56]
data Day of week Time (Obj) [21,56,60]
Time of the day Time (Obj) [56]
Holiday Time (Obj) [21,60]
Special events Event (Subj) [21]
# Weekdays population Socioeconomic [31]
(Obj)
#Holiday and night population ~ Socioeconomic [31]
(Obj)
% of senior residents (65 and Socioeconomic [32]
older) (Obj)
Special place Location (Subj) Interview
Traffic flow Location (Obj) [32]
% Road crash Location (Obj) [44]
Pollution level Location (Obj) Interview
Unusual call volume Random (Subj) Interview
DSS data # Coverage by idle Model output
ambulances in r; range for (Obj)
each zone
# Coverage by idle Model output
ambulances in r, range for (Obj)
each zone
# Coverage by idle Model output
ambulances in r3 range for (Obj)
each zone
Table 5
Notations for the RRARR.
A i€l,.,|I| Features
Sets & indices jet, . i Zones
w; Weight of selected feature i
Parameters Vary Variance of feature i for zone j
NRy Normalized value of variance of feature i for zone j
TR; Total risk of zone j

features prior to computing the variance. For instance, we can use the
month as the time unit to determine the degree of pollution in each zone.
As a result, we now know the monthly variance of the pollution index for
each zone.

Step 5. If the selected feature falls into category 2 of the previous step,
calculate the variance of each element and then calculate the normalized
risk using the following formulas. Otherwise, go to Step 6.

Note that the time unit for the features should be specified before
calculating the variance. For example, we can consider month as a time
unit to calculate the Pollution level for each zone. So, in this case, we
have the variance value of the pollution index for each zone per month.

MaxVar; = Max(Var;) Viel (25)
—_——
between alljel
Var;
NR; = — vieljel 26
Y MaxVar; rehje (26)

Step 6. Use the corresponding formulas to find the normalized value
for the features belong to categories 1 and 3. Positive criteria are the
ones that the higher value is the better in terms of minimizing the risk
such as the number of coverages by idle ambulances in r; range for each
zone. However, the negative criteria are the ones that the lower value is
equivalent to less risk on the demand side such as pollution level or
percentage of senior residents who are 65 and older in any zone.

Positive Criteria—Negative Criteria 27)

MinCn'mn'rm Criterion

Criterion

Value
M axCriterion

Value

Step 7. Calculate the overall risk for each zone by multiplying the
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normalized risk of the selected feature (or elements of that feature if it
has more than one dimension) by the following formula:

|7]
TR, = [[wiNR; Vi€ (28)
i=1
Step 8. Calculate the maximum and minimum risk scores for each
zone. Then, determine the range of possible scores. We utilize this range
to determine the incremental value required to create four distinct levels
of urgency as a guideline.

MaxTR = Max(TR,,TR,, ..., TR; 1, TR)) (29)

MinTR = Min(TR,,TR,, ..., TR;_, TR;) (30)

Range = MaxTR — MinTR (€28)
R

o= “de (32)

Each zone will be assigned one of the following levels of urgency
based on their total risk score:

L. jthzone is a “Low risk” zone if TR; € [MinTR, MinTR + a)

1I. jthzone is a “Medium risk” zone if TR; € [MinTR + o, MinTR + 2a)
III. jthzone is a “High risk” zone if TR; € [MinTR + 2a,MinTR + 3a)
V. j‘hzone is a “Very High risk” zone if TR; € [MinTR + 3a, MaxTR]

Step 9. Finally, suppose the DSS runs the model and makes some
recommendations for improving the coverage rat by relocations. We
propose the following guidelines for implementing the recommended
relocation decisions (i.e., Table 6). We classify actions in Table 6 into
five categories: Highest Priority (HTP), High Priority (HP), Medium
Priority (MP), Low Priority (LP), and Lowest Priority (LP) (LTP).

5. Computational experiments

The case study is related to the eastern part of Tehran in Iran, with a
population of 3 million people and an area of 170 km?2. Thirty ambu-
lances are stationed at thirty bases to answer calls. We have divided this
area into 48 areas with approximately equal ranges, according to Fig. 4.
The data includes 14,000 calls over a one-month period. The statistical
summary of the collected data is shown in Table 7. The model is
executed on a laptop with an Intel Core i5-4200M 2.50 GHz processor
with 6 GB RAM running the operating system Windows 10 Enterprise
(64-bit). The maximum run time is 40 s.

We simulated our proposed DSS (RRP) for one week using real data
to quantify the potential benefits of policies recommended by the DSS
over the static policy (SP). The results of our model and the static policy
will be compared using five performance criteria: average number of
ambulances available to cover calls (ANAA); average coverage rate
(ACR); average response time (ART); average workload of each ambu-
lance in one shift (AWA); and total working time of all ambulances in
one shift (TWAA).

Table 6
Priority guidelines for relocation decisions.

Destination zone

“Low “Medium “High “Very High
risk” risk” risk” risk”
“Low risk” MP HP HTP HTP
Medium LP MP HP HTP
Start risk”
Zone “High risk” LTP LP MP HP
Very High LTP LTP LP MP
risk
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Table 7 Table 8
Summary statistics of the real dataset of EMS in the eastern part of Tehran, Iran. Comparison of the results for the ANAA and the ACR for each call.
di! di? di? di’ Al Calls ANAA ACR
Average number of calls per shift 179 11 30 16 236 Call type  RRP* SP %Improvement ~ RRP* SP %Improvement
Call arrival rate per hour 14 1 3 1 19 1
d; 1.32 0.84 57% 88% 61% 44%
Dispatch to hospital 93% 100% 39% 1% 81% .
1spateh fo hospita ° ° ° ° ° di? 2 153 31% 82%  55%  49%
di2 2.4 1.91  26% 90%  73%  23%
. d,{‘ 2.93 2.46 19% 100% 88% 14%
5.1. Proposed approach and obtained results AllCalls 1.6 112 54% 89% 73% 2%

The model implementation process is based on the four steps
described in Section 3. Some data, such as call arrival time, call type, and
call request area are fixed in both our approach and the static approach.
Calls enter the system at specific times and from specific demand areas.
After entering the call, the number of ambulances in the required time
range is determined by the parameters Oy, E;; and Q. If the number of
available ambulances covers the number of required ambulances, it
means that the call will be responded to within the required range.
Otherwise, the nearest ambulances will respond to the call in the next
time range. Also, in this process, the dependence of demand coverage on
previous relocations is considered. That is, calls that we could not cover
if we had not relocated are different from other calls. After dispatch, the
ambulance has been working at the scene for some time. This time is
based on actual call data. Ambulances may then move patients to the
hospital. According to the real data, 81% of the calls have been sent to
the hospital. Also, the time of dispatch from the scene to the hospital is
considered based on the actual call data. We take the total of ambu-
lances’ work time from the moment of dispatch to completion of the
mission at the scene or hospital. Therefore, since the duration of stay on
scene and the duration of dispatch from the scene to the hospital for each
call are the same in both policies, the call response time, which is
different in our approach and the static policy (SP), is the difference in
total activity time. As stated in Section 3, we have considered two
criteria for relocating ambulances in the system. If either of these criteria
is met, the required information will be entered in the user interface, and
the new locations of the ambulances will be determined. The movement
time of ambulances in each relocation will be considered as their relo-
cation activity. We show this time by g in the mathematical model.
Also, while displaying the results, the user can select some of the pro-
vided results and apply them to the system. In this case, the ' param-
eter will be updated only for selected ambulances. The weights of
objective functions (1) and (2) are calculated to be 0.64 and 0.36,
respectively. We used the fuzzy AHP method to calculate the weight of
objectives. This approach is based on the method developed by Chang
[20]. Also, due to the non-homogeneity of the objective functions, we
first normalize the objective functions, and by assigning the calculated
weights to them, we turn the model into one with a single objective
function using the weighted sum approach. This function seeks to mini-
mize the respective gaps between the two original objective functions
and their ideal values. Eq. (33) shows the normalized single-objective
model. After model implementation, performance criteria were extrac-
ted and compared with the static policy (SP). Real data was executed for
a period of 7 days.

We performed the simulation in all work shifts (14 work shifts in
total) and calculated the performance measures in all shifts.

mas ~ (S X+ &30+ 4,2 0+d W) )
ieN

min A, + A

keK feM jEfeM

(ZE >y

" The compared results against the existing system are statistically significant.

The results displayed are the average performance measures calcu-
lated in all shifts. The first performance measure is the average number
of ambulances available for each type of call (ANAA). Using the pa-
rameters Oy, Ej, and Qy, we have calculated the ANAA each time a call is
made. Table 8 shows the results for all four types of calls. The next
performance measure is the average coverage rate (ACR). If a call’s
response time is within the required time range, it means that the call is
covered. In Table 8, we categorize the ACR by demand type and compare
them to the static policy (SP). In the SP, the ACR is calculated based on
the call response time. If the response time is within the required range,
it means the call is covered.

As Table 8 shows, real-time relocation policy has led to the optimal
performance of resources, and the availability of ambulances at each call
has improved over the static policy. In addition, 89% of calls were
covered within their required range, and 11% of calls were covered by
the closest ambulances in the next time range. This is while the ACR in
the static policy is 73%. The average response time (ART) in both pol-
icies is given in Table 9. Our policy has decreased response time by an
average of 4.4 min. According to Hakon Leknes et al. [36] and Andreas
Biirger et al. [17], reducing reaction time improves survival and hospital
release rates. In current study, the reported improvement in response
times is expected to also positively impact the discharge rate.

One of the important aspects is to pay attention to the workload
limitation due to relocation. The results show that executing the relo-
cation policy in a work shift creates an average of 13.8 min of extra
workload for each ambulance. However, by decreasing the response
time, this policy reduces the average activity of each ambulance by 24
min per shift.

This implies that implementing the relocation policy will have a
significant impact on reducing response time, hence reducing travel
time and, as a result, reducing ambulance activity. We compare the key
elements of ambulance activity in relocation policy with static policy in
Table 10 to make it clearer.

Ambulances undertake an average of 13.8 min of relocation per shift,
according to relocation policy. However, as Table 9 demonstrates, our
strategy has resulted in a 35% reduction in ambulance response time.
Indeed, as shown in Table 11, our approach has resulted in a 9%
reduction in the average overall activity of an ambulance during a single
shift when compared to the static policy. Also, this improvement can be
recognized in the total working time of all ambulances in one shift
(TWAA).

For more clarity, we provide a numerical example from our case
study: Suppose ambulance x is placed at base 1 and the EMS uses the

Bﬁ Cﬂ) — min2
(33

max, — min;

10

max, — min,
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Table 9
ART (in min) for static policy and our approach, for each type of call.
RRP* SP
Call type ART ART %Improvement
dit 6.5 9.2 29%
di? 6.5 8.8 26%
di® 12.6 17.2 27%
d;* 19.4 27.5 29%
All Calls 8.2 12.6 35%

" The compared results against the existing system are statistically significant.

Table 10
Activity components’ comparison between static and relocation policy from
EMS’s perspective.

Activity Response On Transfer to Backto  Relocation
components time scene hospital base
care
sp v v v v
RRP v v v v v

“ When a mission is over, the ambulance would either go to another base or
come back to its base in RRP.

Table 11
Comparison of results for the working time of ambulances (in minutes).
AWA TWAA
RRP* 248 7442
SP 272 8174

% Improvement 9% 9%

" The compared results against the existing system are statistically significant.

static policy. Imagine a call from demand point 4 enters the system and
ambulance x will be sent to the area to respond to the call. After the
mission is completed, the ambulance returns to the home base (base 1).
Another call is entered from an area relatively far from the first call.
Because there is no ambulance at the closest base to the demand area,
ambulance x must respond to it. But the response time is longer than the
previous call. The total activity of ambulance x to respond to two calls in
static policy is 128 min as follows (See Table 12):

We also review the response to these calls in our real-time relocation
policy. In RRP, after completing the mission in the first call, the system
decides to relocate and ambulance x is relocated to base 2. After the
second call arrives, the closest base to respond to it is base 2, and
ambulance x is dispatched to the scene at a shorter response time. The
total activity of ambulance x to respond to these calls is as follows (see
Table 13):

The total activity of ambulance x to respond to two calls in real-time
relocation policy is 99 min. Note that in this case, ambulance x is relo-
cated after completing the mission. In some cases, ambulances return to
home bases after completing the mission, and then the decision to
relocate the ambulance may be made later.

Table 12
Activity time of ambulance x in static policy (in minutes).
Static Response On scene Transfer to Back to Total
policy time care hospital base
First Call 8 15 14 15 52
Second 19 15 14 28 76
Call
Total 27 30 28 43 128
Activity

11

Table 13

Activity time of ambulance x in real-time relocation policy (in minutes).
Real-time Response On Transfer to Back to base Total
relocation time scene hospital (Relocation)
policy care
First Call 8 15 14 13 50
Second Call 6 15 14 14 49
Total Activity 14 30 28 27 99

6. Summary and conclusion

In this study, we designed and developed a mathematical model-
driven decision support system for the real-time ambulance relocation
problem. The system relocates ambulances in real-time based on a two-
objective mathematical model. In addition to seeking maximum demand
coverage, this model takes into account the relocation costs incurred by
the emergency system. On the demand side, our model defines four
types of demand; using real data, we extract the demand pattern of
demand points in different time periods, and we maximize coverage
based on the requirements of demand points in each time period. On the
EMS side, we attempt to avoid long trips and decrease the costs of the
system by defining the objective function of minimizing travel time due
to relocation. We developed a DSS that is used to analyze the risk
associated with recommended relocations in real-time. That is, when the
model has been run, the user is provided with the option of selecting any
recommended relocation and our developed DSS offer some practical
guidelines for the user in the implementation phase of relocation.

We formulated the coverage constraints based on the number of
coverages of demand points at the time of the decision, the number of
coverages increased due to relocation, and the number of coverages
decreased due to relocation. In our approach, due to the variation of the
system state, the number of coverages of demand points is calculated in
real-time and called in the model. We have implemented the developed
system in the eastern part of Tehran in Iran, using real data, and
compared it with the existing static approach. The results showed that
the proposed system has led to better management of limited resources
by improving the coverage rate and the response time. Also, the pro-
posed approach adds an average of 13.8 min of workload due to relo-
cation per shift for each ambulance. However, by decreasing the
response time, our policy reduces the travel time of ambulances and
consequently reduces their overall workload. Thus, compared to the
static policy, our policy results in a 9% decrease in the average total
working time of all ambulances per shift.

In future research, different types of ambulances can be considered.
For example, motor lances have an essential role in the initial and
temporary responses to demands. In Tehran, their temporary location is
determined based on the experience of emergency users. Our policy can
be applied to determine the temporary locations of motor lances with a
dynamic approach in future research. It can also be useful to apply
different dispatch policies and integrate dispatch decisions with relo-
cation decisions. Sensitivity analysis of relocation time criteria and
investigation of changes in performance metrics are two recommenda-
tions for future research that we did not pursue. Finally, in future
research, the use of a robust optimization approach is recommended in
order to take into account the demand uncertainty.
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