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Abstract—This paper presents a reliable and competent
evolutionary-based approach for improving the response time of
Emergency Medical Service (EMS) by efficiently allocating
ambulances at the base stations. As the prime objective of EMS is
to save people's lives by providing them with timely assistance,
thus increasing the chances of a person's survivability, this paper
has undertaken the problem of ambulance allocation. The work
has been implemented using the proposed mutation-based
Shuffled Frog Leaping Algorithm (mSFLA) to provide an
optimal allocation plan. The authors have altered the basic SFLA
using the concept of mutation to improve the quality of the
solution obtained and avoid being trapped in local optima.
Considering a set of assumptions, the new algorithm has been
applied for allocating 50 ambulances among 11 base stations in
Southern Delhi. The working environment of EMS, which
includes stochastic requests, travel time, and dynamic traffic
conditions, has been considered to attain accurate results. The
work has been implemented in the MATLAB simulation
environment to find an optimized allocation plan with a
minimum average response time. The authors have reduced the
average response time by 12.23% with the proposed algorithm.
The paper also compares mSFLA, Genetic Algorithm (GA), and
Particle Swarm Optimization (PSO) for the stated problem. The
algorithms are compared in terms of objective value (average
response time), convergence rate, and constancy repeatability to
conclude that mSFLA performs better than the other two
algorithms.
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I.  INTRODUCTION

Emergency Medical Service (EMS) control centers are vital
in modern health systems and act as a pre-hospital component.
EMSs provide out-of-hospital medical care and transport
activities for the victims of accidents or illnesses. It plays a
significant role in the public health system, and its ability to
respond to emergency calls can significantly impact a patient's
health and recovery [1]. Therefore, EMS control centers need
to strategize and work towards handling a significant concern
of allocating an appropriate count of ambulances to the base
stations in an area [2]. Having a suitable count of ambulances
available at the base stations will help the EMS provide a
timely response to the persons in need. This motive has
attracted many researchers to suggest solutions that prove
viable in the working environment of EMS. As per the working
procedure, an ambulance is selected and dispatched to the
demand site when the EMS control center receives a request
call. The rules set by the EMS authority help select and
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dispatch the ambulance from one of the base stations (with
ambulance availability) to serve the request. The rule may
select the nearest ambulance to the requested location or the
ambulance that will take less time to reach the location [3]-[5].
When the ambulance reaches the requested location, it may
provide first aid to the patient or resuscitation. It then takes the
patient to the hospital as per the requirement.

Research carried out to date has emphasized many issues
related to planning, working, and management activities related
to EMS using static models, dynamic models, hypercube
models, covering models, etc. To attain optimum service
performance, EMS facilities must be positioned strategically in
a specific locality. Decisions here are taken from two aspects:
selecting appropriate sites at which ambulances should be
stationed and the number of ambulances stationed at each site
[6]. However, considering densely populated cities and
countries, deciding on allotting and constructing new places for
base stations is challenging for the government. Therefore, the
authors have undertaken the problem of optimizing the
performance of EMSs by finding an optimal allocation solution
for distributing ambulances among the existing base stations
using the details regarding (1) the number of ambulances in the
fleet, (2) the location of base stations, (3) frequency of request
calls, and (4) tentative demand sites.

The remaining paper is organized as follows: Section Il
covers the literature review; Section 111 focuses on the problem
background; followed by problem formulation in Section IV.
Simulation modeling has been explained in Section V. Section
VI covers the details related to simulation, results obtained, and
discussions related to the same. Finally, the paper is concluded
in Section VII.

Il. LITERTAURE REVIEW

Out of all the literature available on this domain, the
authors have cited works primarily focusing on optimizing
ambulance allocation. Ambulance allocation is the distribution
of ambulances to the base stations based on specific criteria
[7]. The base station is an area where the ambulances are in
standby mode. They are dispatched from the base station when
they have to serve any request. However, deciding the
locations for positioning the base station is out of the scope of
this work. Our work primarily focuses on finding the allocation
plan for ambulances at the existing base stations. Many
researchers have extensively explored the EMS field to
improve the service level provided to society. The research in
the field of EMS needs the answer to the following two
queries: (1) the optimization criterion that can be used as the
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best proxy for health outcomes, and (2) the model that is apt to
be used for designing EMS systems handling a mixed territory
comprising urban and rural areas. The work of many authors
has covered the answer to the first query. In work put forward
by [8]-[10], the authors have tried to determine the attribute
that should be measured to assess the performance of EMS.

Many models exist in literature like Location Set Covering
Problem (LSCP), Maximal Covering Location Problem
(MCLP), Maximum Expected Covering Location Problem
(MEXCLP), and Double Standard Model (DSM) for solving
the facility location problem that has considered area covered
by EMS as a significant attribute for proposing allocation
plans. Similarly, some papers in the literature have considered
service distance as an attribute for evaluating the performance
of EMSs. In addition, the background of many articles has
validated response time as a significant factor for gaining better
insight into the operational performance of EMS. Some works
have demonstrated that the patient's mortality and recovery
rates are highly influenced by the response time [11]-[14].
Using the same objective in this paper, the authors have
considered response time as the prime attribute for estimating
and improving the medical service provided by EMS.

EMS operates in an uncertain environment in terms of
demand rate, travel time, and response time. The effect of such
an uncertain environment on the working of EMS was studied
using a simulation-based evaluation method by Unliyurt and
Tuncer [15]. Different authors have used various algorithms to
attain optimized ambulance allocation plans. A data-driven
approach was used to allocate and dynamically relocate the
complete fleet of ambulances, using a mixed-integer linear
formulation to solve the problem of ambulance allocation [16].
Firooze et al. proposed an optimizing model for allocating the
ambulances to the base stations, considering the capacity of
every base station, travel time, and service time of ambulances
[17]. The authors [10], [18] proposed a new model by
integrating survival functions with a motive to capture different
categories of patients. The conditions faced by the EMS
organization are dynamic in terms of variation in travel time,
frequency of requests, speed of ambulances, and coverage of
areas while fulfilling the requests. The critical issue of the
impact of spatial randomness of demand has been considered
in very few studies failing to obtain appropriate solutions. The
covering models may not be suitable because the spatial
distribution of demands may or may not be covered entirely,
violating the assumption of the all-or-nothing binary coverage
[19]. In 2018, an adjusted queuing solution for ambulance
allocation was proposed by considering a heterogeneous spatial
distribution of demands in urban and rural areas [20]. Although
this solution helped overcome the overstaffing problem, it
ignored the definite spatial distribution of demand in each area.
In another solution by Chen et al., the authors used various
shapes and sizes of grid systems to overcome the problem of
the spatial distribution of demand [21]. However, obtaining a
probability density function for request calls in a specific grid
is challenging [22]. Moreover, a grid area holds no importance
until it is classified as an area with a high frequency of request
calls, a hospital, or a community resulting in an unstable
demand distribution in the grid.
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Considering these factors, Degel et al. proposed a time-
dependent ambulance allocation model to improve the quality
of emergency services [23]. In another work, the authors used a
robust optimization approach to improve the functioning of
EMS, considering the spatial demand characteristics and
uncertain travel time to the requested site [24]. Geroliminis et
al. presented a model and a heuristic solution for the optimal
deployment of ambulances. They integrated a location model,
Genetic Algorithm (GA), and hypercube model for their work
[25]. The work by [26] used GA to propose an optimized
solution for ambulance deployment. Later, a simulation model
incorporating a Gaussian-process-based search algorithm was
proposed to attain an optimal allocation plan for ambulances
[27]. The authors in [28] handled the emergency department's
overcrowding problem by using game theory-based
optimization to propose a new optimized allocation plan for
ambulances to reduce patient waiting and treatment time.
Similarly, many authors [29]-[31] have used Particle Swarm
Optimization (PSO) algorithm to achieve an optimized
ambulance allocation plan for ambulances. Work was proposed
by the authors [32], where a solution for optimally allocating
the ambulances was proposed using Jumping PSO. Ant Colony
Optimization (ACO) was also used for deploying and
redeploying ambulances by [33], [34]. Another algorithm
called Shuffled Frog Leaping Algorithm (SFLA) has been used
in some works to explore the field of EMS. The authors [35],
[36] used SFLA to optimize the working of EMS. SFLA has
also been used in different domains for optimally allocating
resources [37], [38]. However, there is a dearth of research
papers where SFLA is used in the context of EMS.

Research by Elbeltagi et al. [38] indicated that SFLA is a
better optimization technique than other evolutionary
algorithms such as PSO, ACO, GA, and memetic algorithms.
SFLA is a memetic metaheuristic algorithm proposed by
Eusuff and Lansey in 2003. This algorithm combines the
benefit of the social behavior-based PSO algorithm and
genetic-based memetic algorithm. It performs similarly to PSO
and surpasses GA in terms of quality of solution, consistency,
and processing time. It is considered an efficient and fast
algorithm as it can quickly converge to global optima with
small population size. However, in some cases, traditional
SFLA traps in local optima. To avoid this issue, the authors
have proposed mutation-based SFLA (mSFLA) by
incorporating the concept of mutation into the working of
SFLA.

Considering the previous studies focusing on improvising
EMS, most works have used simplified assumptions to come
up with a result, while others fail to provide a mutual
comparison of models. Computer simulation has proved to be
the best way to assess the validation of different processes. Due
to the lack of operational data or to avoid ample computation
time, many simulation models oversimplify the actual
operation. However, the simulation model should consider all
the processes, sub-processes, and real-time conditions to find
accurate results. The actual operation of the system should be
considered while deriving the parameters for the simulation
model. Therefore, in this work, the authors have proposed and
used a simulation-optimization framework with mSFLA as the
optimization component for ambulance allocation. The work
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considers the spatial distribution of demands and other
uncertainty factors associated with the environment of EMS.
To verify and validate the suitability of mSFLA, the algorithm
is executed in the MATLAB environment to compare the
results with PSO and GA.

I1l. PROBLEM BACKGROUND

In India, EMS refers to the ambulance service provided for
on-the-spot treatment by paramedics or transporting sick or
accident victims to the hospital. Despite being an essential
component of society, a fully encompassing definition of EMS
is impossible as it does not have a strong representation at the
federal level owing to numerous local agencies providing EMS
to the public. EMS agencies are classified into three categories
based on the tasks they perform.

1) EMS that handles scheduled medical transport,

2) EMS that handles emergent inter-facility transport, and

3) EMS agencies that primarily handle 102-based
emergency calls with or without transport.

In this study, the authors have focused on the third
category that deals mainly with the optimized use of
ambulances. In terms of population and vehicle density across
any country, extensive growth is visible. With an increase in
vehicle density, accidents (fatal and non-fatal) have also
increased, thus, raising the concern of providing medical
facilities at the location of the accident. Therefore, when an
accident occurs at any location, an ambulance or hospital
should be within reach in the shortest duration possible. Since
setting up hospitals in every area is impossible, ambulances
can be strategically deployed so that on-the-spot treatment and
transportation can be provided to accident victims at the
earliest. Centralized Accident and Trauma Services (CATS) is
an autonomous body of government in Delhi, India, that
provides EMS to the victims of accidents and trauma with an
ART of approximately 13 minutes. CATS has deployed 50
ambulances at 11 base stations covering the southern portion of
Delhi. The area of Southern Delhi is approximately 857 square
kilometers and comprises four districts South West Delhi,
South East Delhi, New Delhi, and South Delhi. The high
frequency of request calls from Southern Delhi motivated the
authors to select and work upon the data of this region to
allocate and dispatch ambulances for handling accidents and
reducing the casualty rate.

IV. PROBLEM FORMULATION

The problem of allocating ambulances involves distributing
a specific count of ambulances (A) in the fleet among the base
stations (B) in such a way that the performance of EMS in
terms of response time is improved while serving the requests
generated from numerous demand points (D). The solution for
the distribution of ambulances among the base stations is
represented by an integer variable a;, where i ¢ B specifies the
exact count of ambulances placed at different base stations.
Thus,

Considering the real-world scenario, the authors have
assumed that at an instant, only 'p' ambulances are available out
of 'A’ ambulances to handle the requests as the other
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ambulances are busy handling the patients or are on their way
back to the base station. The number of ambulances available
at each base station 'i' is denoted as a;(p). To indicate the
availability or non-availability of an ambulance at the base
statio 'i', a binary variable x;(p) is used. Values 1 and 0 for x;(p)
indicate availability or non-availability at a particular base
station. The mathematical formulation for minimizing ART is
as follows.

min RT = ZiED Vj * tl] (1)

subject to the constraints.

Yiep ai(p) =P )
YXa =A 3
xi(p) < ai(p) (4)
ai(p) 20 (%) xi(p) = 0 (6)
xi(p) € (0,1) (7

In the objective function shown in Equation 1, v; indicates
the arrival rate of request calls per hour and t; denotes the
travel time from location i (base station) to location j (demand
spot). As stated if 'p' ambulances are available out of A
ambulances, Constraint (2) checks that the total ambulances
available at each base station are equal to the total number of
ambulances present in the system at the same instant.
Constraint (3) restricts the total count of ambulances to A. The
fulfillment of requests is constrained by the presence of a
certain number of ambulances at the base station by
Constraints (4)-(6). Constraint (7) restricts the value of the
variable.

V. SIMULATION MODELLING

The essential processes of an EMS system are structured in
a simulation model, as shown in Fig. 1. As soon as the EMS
center receives a call after an emergency occurs, the dispatcher
selects the nearest ambulance available to serve at the accident
site. The ambulance commutes from the base station to the
requested site to locate the victim and provides on-the-spot
treatment. After assessing the victim's situation, an ambulance
transports the victim to the hospital if needed. The ambulance
crew transfers the victim to the emergency room at the
hospital. After completing the call, either at the requested site
or the hospital, the ambulance returns to the base station and
waits until assigned a new task.

An EMS system's complicated structure and process
dynamics can be effectively represented with the help of an
operational model. Fig. 2 shows the operational model
designed using the workflow of EMS to achieve the objective
of the proposed work. The emergency calls exhibit strong
randomness in dimensions of time and space as they can occur
at any time and place. Therefore, the spatiotemporal
randomness of such calls should be described quantitatively for
the correct working of the simulation model. Hence, all the
data used in the simulation should be defined accurately to
attain relevant results. A random two-dimensional variable 'r'
represents the latitude and longitude coordinates of the point
from where the request initiates. The EMS system uses these
coordinates to know the exact request location to respond to
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emergency calls. The optimization algorithm used in work
determines the state values for base stations and ambulances.
These state values act as input for the simulation model. The
state values refer to the data on the location (coordinates) of the
base station, the id of the base station, and the number of
ambulances available at that base station. Whenever a request
call arrives, the travel time between the request location 'r' and
each base station 'bs;' can be calculated using the coordinate

Vol. 13, No. 9, 2022
data of 'r, base stations, and Google distance matrix
application programming interface. This way, a list of base
stations ranked by travel time from the requested location is
obtained. Then an ambulance with the status ‘available' is
selected from the base station with the least travel time to
request location and dispatched to serve the patient. The status
of the selected ambulance is changed from 'available' to 'busy.'

Request call arrives

'

Select the base station from where the commuting
time for ambulance to the demand spot is the least

Ambulance
available?

Yes l

Dispatch the ambulance from the base station
selected; update available ambulance -1; calculate

response time.

On-scene time is recorded

|

I

Wait

Transport
the patient
to hospital?

Calculate the time taken to travel to the hospital
and time spent at the hospital

Yes

No *:

Ambulance returns to the base station; update
available ambulance +1.

Yes Anyone in

waiting

A

queue?

l No

Wait for next request call

Fig. 1. Simulation Model of EMS System.
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1
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Optimization Component

Provides ambulance allocation
plan for the base stations

Travel Time
/ Matrix

Population corresponding to
minimum average response time

travel time between demand
points and base stations

Simulation Component

Optimization Component

Fig. 2. Operational Model for the Proposed Work.

After the ambulance dispatches, the system calculates
response and delay time values. Response time is the time an
ambulance takes to reach the patient's location after the request
is initiated. As soon as the ambulance arrives at the requested
site, the simulation model records the time for on-the-spot
treatment. If the patient does not require transportation to a
hospital, the ambulance returns to the base station, and its state
changes from busy to available. Otherwise, travel and waiting
time values are calculated if the patient is transported to a
hospital. If no ambulance is available, the patient has to wait in
a queue and is served as soon as an ambulance is available. The
response time, in this case, is calculated as the sum of travel
time and waiting time. After all the requests are served in a
day, the total time taken by ambulances to reach the requested
locations (response time) is divided by the total number of
request calls received at the EMS centre to find the value of
ART. The algorithm of mSFLA has been used as an optimizing
component and works on the result of the simulation
component to find the best allocation plan for ambulances.

A. Shuffled Frog Leaping Algorithm

The shuffled frog leaping algorithm helps in finding an
optimal solution. It is a memetic meta-heuristic population-
based cooperative search approach that imitates the group
behavior (jumping strategy) used by frogs to find a location
with the maximum amount of food. The algorithm incorporates
techniques for performing local searches and exchanging
global information. The frogs are randomly assigned a location
in the search space. Several groups are formed by dividing the
population of frogs, thus generating memeplexes. The
memeplexes then evolve separately in different directions

within the search space. Individual frogs can use the
information of the population's best frog (global best) or best
frog in the memeplex (local best) and change their direction.
Each frog experiences memetic evolution because they
influence each other and improve their performance to achieve
the goal. After a specific number of memetic evolutions, the
memeplexes are shuffled to generate new memeplexes,
enhancing frogs' ability to attain the best solution in search
space. Thus, PSO and Shuffled complex evolution [39] are
used for local search and integrating information from parallel
local searches in SFLA. The various steps in SFLA are
explained below.

Step 1: Population initialization and parameter setting:
Various parameters need to be set up for SFLA, such as the
size of the population, number of memeplexes and sub
memeplexes, and number of memetic evolutions. A random
population of 'N' frogs is generated to form the population. For
all the frogs in the population, the fitness value is calculated.

Step 2: Grouping: The fitness value obtained above is used
to sort the frogs in descending order of their fitness value.
These frogs are then divided into 'm' subgroups, with n frogs in
each subgroup.

Step 3: Intra-group search: From each subgroup, the frog
with the best fitness value "Xb' and worst fitness value "Xw" are
found. The worst solution in the subgroup is updated by using
Equation 8 and 9, and only one solution which is the worst in
the subgroup is updated at a sub iteration. For updating the
position of the worst frog the following equations are used

368|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

S; =rand * (X, — X,,) (8)
X, =X, + S ©)
so that

Simin < Si < Simax

where S; is the variation in the location of frog attained in a
single jump. 'rand' is a uniformly distributed random number
ranging between 0 and 1. The minimum and maximum step
sizes for frogs are represented by Simin and Sinax. The new
position of the worst frog is represented by X;, If the value of
X,, is better than X, then the value of X;, replaces the value of
X,, else the new value for X, is calculated by Equation 10 and
11.

Si=rand * (Xpg — Xy) (10)
X, = X, + S (12)

Xpg is the best frog in the current population. In case if the
value of X, is still not better than X,,,, then the value of X;, can
be calculated using

X, = g+rand(1,D)®h— g) (12)

In the above equation D represents the dimension of the
optimization problem. rand(1, D) is a random vector of D
components with each component between 0 and 1. 'g' and 'h’
represent the upper and lower boundary vectors of the decisive
variables. @ means an entry wise multiplication.

The worst frog and best frog is determined from the
subgroups attained. Repeated subgroup search is carried out for
predefined number of sub iterations. The intra group search
stops when the search has been finished by all the subgroups.

Step 4: Exchange of global information: The exchange of
global information considers reorganizing all the subgroups
into a population of N frogs. Steps 2 and 3 are used again to
sort and divide the population into subgroups. Alternate
executions of these steps are carried out until either the
termination criterion is reached or the best solution is obtained.
However, in some cases, a low diversity in the population traps
the SFLA into local optima or premature convergence.
Therefore, the concept of strong mutation is proposed in this
paper to increase the diversity in the population. This concept
works upon generating a trial mutated vector using the values
of the best solution (Xb) in each memeplex and the value of the
globally best solution (Xbg). It is crucial to ensure that the
dimension of the mutation vector and the number of
memeplexes is the same.

X;'nut = Xriand + ra(X}; - Xriand) + ra(XIl;g - Xriand) (13)
i=123....... number of memeplexes.

Here X!, represents a randomly generated vector and ra
is random number between 0 and 1. Now, the generation cost
of trial vector f(X},,,.)and target vector f(Xpg) are compared. If
the value of the former is better than the latter, then the target
vector is replaced by the trail vector in the next generation.
Thus using this step, the algorithm can be prevented from
being stuck into a local optimum, and convergence of the
algorithm to a global value can be assured.

Vol. 13, No. 9, 2022

B. Application of mSFLA to the Problem of Ambulance
Allocation

The application of mSFLA to ambulance allocation

problem is explained in this section. The steps used in the work
are as follows:

1) The coordinate data about the base stations, count of
ambulances at the base stations, total number of ambulances in
the fleet, coordinate data of demand points are defined.

2) Initial population is generated as

4]
Population = [ Aq |

A100

Ai = al"l, ailz, vee s ailN

3) The objective function is defined stating the constraints
and values.

4) Compute the fitness value for the objective function.

5) Sort and divide the population into memeplexes on the
basis of the value of the fitness function. The local best
solution (X,) and the global best solution (Xy,) is defined.

6) The frog with worst solution (X,) is amended using
Equation (8) and (9) or Equation (10) and (11) depending on
the situation explained in previous section.

7) The process of mutation is applied and the result
obtained is compared with the value of X

8) The values are updated and the amended and steps
through 4 to 8 are repeated until the termination criteria is met.

9) The best solution is obtained.

VI. SIMULATION RESULTS AND DISCUSSION

A. Area of Concern

The authors have undertaken the southern portion of Delhi
to obtain an optimal allocation plan for a fleet of 50
ambulances at 11 base stations in the area. Fig. 3 and Fig. 4
show the southern portion of Delhi and base stations (BS1-
BS11) of that area. The traffic police department of Delhi
maintains records and releases a report every year stating the
details like count of accidents, locations of accidents, time at
which the accident took place, information regarding vehicles
involved in accidents, etc. To get an insight into the situation,
the authors used the report for the year 2019-2020. The report
mentions different locations in Delhi which are accident-prone
and must be taken into consideration by EMS organizations
while devising and designing any policy or strategy. However,
since an accident can occur at any location and at any point of
time, the authors invented a robust framework that can handle
any request initiated from any point in a short time.
Considering each point (latitude and longitude) as a tentative
spot for the occurrence of an accident, the authors divided
southern Delhi into 230 blocks. Each block covered an area of
approximately four kilometers square shown in Fig. 5. In every
run of the framework, random requests are generated ensuring
at least one request is initiated from each block.
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B. Results and Discussion

MATLAB environment is used to execute the work for
15000 requests and a population size of 100. To exemplify the
robustness and efficiency of mSFLA, the algorithm is executed
as the optimization component in the operational model of the
work. For implementing the mSFLA, the authors conducted
many experiments to find appropriate values for various
parameters. From the result of the experiments, the authors set
values for the parameters: number of memeplexes, number of
frogs in each memeplex, iteration count for global exploration,

Fig. 5. Tessellations of Southern Delhi.

and iteration count for local exploration, as shown in Table I.
The parameter values used for GA and PSO are shown in Table
11 and Table 111 respectively.

For comparison, similar simulations are performed using
PSO and GA as optimization components in the operational
model stated in Section V. 20 runs of simulations are
performed with each algorithm to compare the performance of
the algorithms using the metrics such as the value of the
objective  function, convergence rate, and constancy
repeatability.
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TABLE I. PARAMETERS FOR M SFLA OPTIMIZATION
Parameter Name Value
Number of frogs in each memeplex 10
Number of memeplexes 10
Iteration max; 70
Iteration max; 100
Iteration of mutation 10

TABLE Il. PARAMETERS FOR GA
Parameter Name Value
Population size 100
Number of iterations 1000
Crossover fraction 0.1
Mutation fraction 0.8

TABLE Ill.  PARAMETERS FOR PSO
Parameter Name Value
Population size 100
Number of iterations 1000
Cognitive coefficient (c1) 2
Social coefficient (c) 2
Inertia coefficient (w) 0.8

1) Convergence rate: The suitability of an algorithm for an
optimization problem can be evaluated using convergence rate
[36]. The convergence graph can also estimate an algorithm's
best, average, worst results, and standard deviation. The
convergence graph for PSO, GA, and mSFLA is shown in Fig.
6(a), 6(b), and 6(c). As stated, 20 different runs were carried
out for all three algorithms to attain the global fitness value for
the objective function. The global fitness value is the best
fitness value obtained in each iteration within the defined
population size of the algorithm. The graph illustrates that the
value of global fitness (in the best iteration/generation of every
algorithm) changed from 13.58172 to 11.9733 in the case of
PSO, 19.52089 to 11.72735 in the case of GA, and 12.93752 to
11.4127 in the case of mSFLA in 1000 iterations of each. The
graph also indicates that the PSO algorithm converged in 94,
the GA in 358, and the mSFLA in 41 iterations. The quick
convergence of mSFLA indicates that the convergence rate and
computational time of mSFLA are better than GA and PSO.

Another comparison result is shown in Fig. 7 and Fig. 8,
where the values of standard deviation, best, average, and
worst solutions are plotted for each algorithm. The result in
Fig. 7 indicates that the even worst solution (maximum ART)
provided by mSFLA is better than the other two algorithms'
average solutions. In addition, the average result of mSFLA is
also better, making it more efficient. The value of Standard
Deviation (stdev) for all the algorithms shown in Fig. 8 reveals
that the value of stdev i.e. 0.045331 is almost negligible in the
case of mSFLA,; therefore, it can provide the best solution in
each run.
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©
(a). Convergence Graph of PSO, (b). Convergence Graph of GA, (c).
Convergence Graph of mSFLA.
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2) Obijective function value: In this work, the objective
function minimizes the value of ART of EMS to provide a
prompt service to the people in need. The evolution graph in
Fig. 9 depicts the global fitness values of ART for PSO, GA,
and mSFLA are 11.9733 minutes, 11.72735 minutes, and
11.4127 minutes respectively.
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Fig. 9. Evolution Graph of Algorithms.
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The convergence of mMSFLA to the least value demonstrates
that the result and performance of mSFLA is better than PSO
and GA for the problem of ambulance allocation.
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3) Constancy repeatability: The performance of any
algorithm can also be measured using the concept of constancy
repeatability. Constancy repeatability of an algorithm is the
similarity rate of the results obtained by the algorithm in
different executions with the same input values [40]. To infer
the constancy and repeatability of the algorithm, the authors
plotted the fitness values obtained by all three algorithms in
twenty runs of the operational model. Fig. 10(a), 10(b), and
10(c) show that the changes in the fitness value of GA, PSO,
and mSFLA. The changes in the value of GA are from 12.34 to
11.50 minutes, in PSO are from 12.34 to 11.68 minutes, and in
mSFLA are from 11.55 to 11.41 minutes. To be more exact,
the variance of the results is calculated. The variance values are
0.043178 for PSO, 0.038826 for GA, and 0.00205 for mSFLA.
The consistency of any algorithm can be highlighted with the
value of variance ranging between 0 and 1. In the proposed
work, the variance value is between 0 and 1 for all three
algorithms stating that all the algorithms are stable and
consistent. However, the global optima results obtained by
MSFLA are close to the average value in most runs, so it
characterizes mSFLA as the most stable algorithm among the
three algorithms. In other words, it can be said that in most
cases, MSFLA will converge to global optima or near global
optima. The ambulance allocation plan for the area of Southern
Delhi provided by each algorithm is shown in Fig. 11.

VII.CONCLUSION

The performance of EMS significantly affects a country's
healthcare system as it is considered responsible for saving
people's lives. Response time is considered a key indicator to
measure the performance of EMS by evaluating the time an
ambulance takes to report at the spot from where the request
was generated. To reduce the response time of EMS, the
ambulances should be strategically allocated at the base
stations so that the commuting time of the ambulance from the
base station to the demanded spot is reduced. Considering this
motive, the authors undertook the problem of finding an
optimal allocation plan for a fleet of 50 ambulances among the

11 base stations in the southern portion of Delhi. The authors
used an operational model that showed the flow of data
between the simulation component and optimization
component. For the optimization component, the authors
proposed mSFLA that used the concept of mutation in SFLA to
avoid being trapped in local optima. mSFLA was compared
with GA and PSO using different metrics. The results shown in
Section VI help analyze the performance of mSFLA with PSO
and GA. The objective of the work to attain an allocation plan
with minimum response time is attained by mSFLA. It is able
to reduce the value of ART from 13 minutes to 11.41 minutes,
i.e., by 12.23%.

A comparison of standard deviation, best and worst
solutions of the proposed algorithm proves that mSFLA is
more effective than the other two algorithms. The small value
of 0.045331 for standard deviation signifies that mSFLA is
consistent and reliable. Quick convergence and short execution
time of mSFLA imply that it can be efficiently utilized in
optimization problems similar to ambulance allocation
problems. Moreover, mSFLA converges to a global optima
value of 11.4127 minutes at lower iterations i.e. 41 iteration
number taking less execution time than PSO and GA, which
converge to a global optima value of 11.9733 and 11.72735 in
94™ and 358" iteration number at much higher iterations.
Therefore, mSFLA appears superior to the other two
algorithms regarding the quality of solution and convergence
rapidity. This work also validates the competency of mSFLA
to other algorithms in handling problems similar to allocation
problems.

As it is impossible to consider all the possible scenarios, the
authors would like to extend the work by changing the single
objective function to a multiobjective function. In addition, the
authors will also focus on proposing an efficient strategy and
solution for dynamically allocating and relocating ambulances.
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