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Abstract

Emergency medical services (EMS) face critical challenges in efficiently allocating and routing ambulances to minimize
response times, particularly in scenarios where high-risk patients must be prioritized under limited resources. This study
investigates an ambulance routing problem (ARP) with patient triage priority, where the objective is to jointly assign
ambulances to patients and determine their routes so as to minimize total travel time, defined as the sum of the ambulance-
to-patient and patient-to-hospital travel times. A mixed-integer linear programming (MILP) model is proposed that integrates
assignment and routing decisions, while capturing realistic EMS operational constraints such as patient prioritization and
heterogeneous travel times. The proposed MILP is formulated as a multi-criteria optimization problem that prioritizes the
transportation service of red-code patients while minimizing total travel time. To address the computational complexity of
solving large-scale ARP instances, a metaheuristic based on Tabu Search (TS) is developed, incorporating a set of problem-
specific local search operators. To evaluate the effectiveness of the MILP model and TS algorithm, a new set of benchmark
instances is generated for the ARP with triage-based patient priority. Computational experiments demonstrate that the MILP
model solves small-scale instances (up to 40 patients) optimally in less than one minute, but requires up to 32 minutes to
solve large-scale instances (up to 150 patients) and more than 5 hours for instances up to 250 patients. The proposed TS
algorithm finds optimal solutions for 20 of the 39 benchmark instances and achieves an average optimality gap below 0.7%
in the remaining 19 instances, while requiring less than 42 seconds, on average, to solve the largest instances.
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1 Introduction

The efficient operation of Emergency Medical Services
(EMYS) is essential for public health, as improving patient
flow can save lives and enhance patient outcomes [6, 16].
When an emergency call is received, dispatchers must
rapidly determine which ambulance should be dispatched
and which hospital to transport the patient to, with the
objective of minimizing the time until definitive care is
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provided [1, 20]. These decisions are further complicated
by multiple operational constraints (e.g., high-priority
emergency incidents). Typically, EMS systems follow
simple dispatching rules such as assigning the closest
available ambulance, but such myopic strategies can
often be suboptimal [11]. Figure 1 illustrates the typical
EMS workflow in four steps: 1) the call center receives an
emergency call, 2) the dispatcher assigns an ambulance,
3) the ambulance travels to the patient, and 4) the patient
is transported to the nearest hospital. For the third step,
operations research provides powerful optimization tools
for addressing the ambulance routing problem (ARP), with
the potential to significantly improve the response time
performance [19].

Despite the extensive literature on the ARP, most existing
models rely on weighted objective functions to represent
patient priority, which may allow lower-priority patients
to be served before higher-priority patients [9, 34], while
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Fig. 1 Four steps in the ambulance-routing process

other models do not explicitly enforce patient triage-based
prioritization [17]. Furthermore, several studies treat the
assignment and routing decisions as separate optimization
tasks [2]. This study investigates the ARP under triage-based
patient prioritization [2, 9]. The basic ARP can be viewed
as a variant of the vehicle routing problem with pickup
and delivery [5], which is itself an A/P-hard problem.
Given a set of emergency incidents (i.e., patient location
and severity) and a fleet of ambulances (i.e., positioned
at base stations or strategic locations), the objective is to
efficiently allocate ambulances to patients to minimize total
travel time while satisfying critical operational constraints.
In the investigated ARP with triage-based patient priority,
patients are categorized into red-code patients who require
immediate transportation to a hospital and green-code
patients whose conditions are less urgent and can tolerate
longer waiting times. A hard constraint of the particular ARP
is that, at any stage, no green-code patient may be scheduled
for transportation while an unassigned red-code patient is
still awaiting service. Although other ARP formulations
assign different weights to patient groups to reflect their
urgency, they may still produce solutions in which green-
code patients are served while red-code patients remain
unserved [9, 17, 34]. Such an outcome is not permitted in
the proposed ARP formulation.

A mixed integer linear programming (MILP) formulation
is proposed to solve the ARP with patient triage priority. The
proposed MILP jointly optimizes the ambulance-to-patient
and patient-to-hospital assignments across the ambulance
fleet. The model ensures that each ambulance transports no
more than one patient at a time, in accordance with stan-
dard EMS protocols. Although the MILP provides an exact
optimization framework for the ARP and produces opti-
mal solutions for small instances — making it valuable for
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evaluating heuristic methods and quantifying the benefit of
optimization — it becomes computationally prohibitive for
large-scale instances. To efficiently solve larger problem
instances, a hybrid metaheuristic based on Tabu search (TS)
[10, 13] and large neighborhood search (LNS) [27, 28] is
proposed for the ARP.

In EMS operations, rapid decision-making is critical;
therefore, generating high-quality routing decisions within a
short time is essential. The proposed TS constructs an initial
feasible solution, then iteratively improves it by exploring
neighboring solutions using seven problem-specific search
operators designed for the ARP. To avoid cycling and get-
ting trapped in local optima, the proposed TS uses a tabu
list that temporarily forbids reversing recent moves, and
employs aspiration criteria to allow certain tabu moves if
they produce significantly improved solutions [14]. To fur-
ther enhance search diversification, LNS is applied to par-
tially destroy and repair the current solution.

The main contributions of this study are threefold. First,
we formulate a novel MILP allocation model for ambu-
lance routing with single-patient assignments, incorporat-
ing realistic EMS-specific operational considerations. The
proposed model jointly assigns patients to ambulances and
ambulances to hospitals while prioritizing urgent patients
over non-urgent patients through differentiated weight-
ing of travel times to and from each patient category.
Although the literature contains numerous studies address-
ing problems that appear to be similar, to the best of our
knowledge, none of them considers the problem under the
same assumptions, objectives, and prioritization strategy
presented in this study. Second, we develop a specialized
hybrid adaptive TS (HATS) algorithm that produces high-
quality solutions for medium- and large-scale instances
within practical computational times, particularly when the
MILP model cannot provide a solution within an accept-
able time limit. Third, a new benchmark dataset for the
ARP with triage-based patient priority is generated to eval-
uate the effectiveness of the MILP model and the efficiency
of the HATS algorithm.

The remainder of this paper is organized as follows.
Section 2 reviews the literature on ARP and highlights the
research gap addressed by this study. Section 3 defines the
proposed problem and presents the MILP formulation with
all parameters, decision variables, and constraints. Section 4
describes the proposed HATS algorithm in detail, includ-
ing solution representation, neighborhood structure with the
LNS component, and the diversification mechanism. Sec-
tion 5 compares the performance of the MILP and HATS
approaches on the proposed benchmark instances, and dis-
cusses the obtained results. Section 6 concludes the paper
and outlines directions for future research.
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2 Related Work

The literature recognizes ambulance route optimization as a
key opportunity for improving EMS performance [4]. Three
main variants of ARP have been studied in the literature: (i)
the basic ARP, in which an ambulance picks up a patient and
returns to its starting location [29]; (ii) the capacitated ARP,
where hospitals and ambulances have limited capacities
[33]; and (iii) the ARP with time windows, in which ambu-
lances must arrive within predefined time intervals [24].
Several studies classify patients according to their severity
and assign weighted priorities accordingly [25, 29, 34]. Fur-
thermore, some ARP models assume a homogeneous ambu-
lance fleet, in which patients receive first aid by medical
personnel before being transported to the hospital [15]. In
contrast, other ARP models consider a heterogencous fleet
of ambulances equipped with special equipment and staffed
by trained personnel to transport patients requiring different
levels of care [31].

The objective functions of most existing ARP models aim
to improve service quality for patients. Common objective
functions include minimizing routing costs [32], average
response time [23, 30], average waiting time [8, 26], and the
latest service completion time [29]. Several mathematical
optimization models have been proposed to solve the ARP
to optimality. However, these approaches often suffer from
scalability limitations due to the inherent complexity of the
ARP, making them unsuitable for efficiently solving large-
scale instances. Consequently, heuristic and metaheuristic
approaches have been proposed to efficiently obtain near-
optimal, and in some cases optimal, solutions for large-scale
ARP instances.

Talarico et al. [29] proposed two mathematical
formulations that generate ambulance route plans by
minimizing the latest service completion time among
patients awaiting assistance. Krauss [18] proposed a
branch-and-price algorithm for a static ambulance routing
problem in an urban EMS environment, with the objective
of minimizing weighted patient waiting times while
accounting for ambulance diversion and reassignment.
Rabbani et al. [25] investigated an ambulance routing model
with multiple patients and a limited ambulance fleet. They
proposed a MILP formulation to minimize the latest service
completion time while prioritizing severely injured patients
(i.e., red-code patients). In addition, they developed two
metaheuristic solution approaches (i.e., genetic algorithm
and particle swarm optimization) to generate solutions
efficiently.

Tlili et al. [32] proposed a genetic algorithm to determine
the optimal ambulance routes while minimizing operational
costs. Similarly, a particle swarm optimization algorithm
was proposed to minimize the total response time and the

patient waiting time [33]. Two TS algorithms were proposed
in [34] to address the ARP with time windows and were
compared with a mathematical model, demonstrating their
computational efficiency. Aringhieri et al. [3] investigated
the problem of determining optimal patient transportation
routes while incorporating fairness criteria into the
optimization process. They proposed a hybrid algorithm
that combines machine learning with neighborhood search
techniques to efficiently solve large-scale instances.

3 Ambulance Routing Problem with Patient
Triage Priority

3.1 Problem Description

The objective of the proposed ARP is to determine the
optimal routes for a fleet of d ambulances to provide
emergency assistance to a set of n patients. Each ambulance
transports at most one patient at a time to a hospital. Priority
is given to red-code patients, who require immediate
transportation to a hospital, over green-code patients,
whose conditions are less urgent and can tolerate longer
waiting times. The notation used for the ARP with patient
triage priority is summarized in Table 1. Let K denote the
set of d available ambulances that are ready to respond
to emergency incidents. Let I be the set of /4 hospitals
to which patients may be transported. Let I = Ir U I
denote the set of n patients requiring transportation to a
hospital, partitioned into the set of red-code patients, /r and
the set of green-code patients, ;. Let Ig denote the set of
starting locations for each ambulance & € K. Furthermore,
I =1IcUIyUIg denotes the set of all nodes, and let
A={@,j)|i€ls,jelc}U{(i,5)]i€lc,j € In}
denote the set of feasible directed arcs. The travel time
required for an ambulance to travel from node i to node
j is denoted by ¢;; > 0. Each patient i € I is associated
with a service time S;." We assume that: (1) the capacity
of hospitals is enough to accommodate all patients; (2)
each ambulance transports one patient at a time; and (3) the
ambulance must finish its route at a hospital.

3.2 Mathematical Formulation

Using the notation presented in Table 1, the MILP model
for the ARP with patient triage priority is formulated as fol-
lows. Specifically, the model uses a binary decision variable

! For simplicity, in our experiments we assume that S; = 0. In prac-
tice, the call center can assign a pre-defined estimated service time to
each incident, according to the type of incident, by looking at available
tables of estimated service times per incident type that should be pre-
pared by analyzing historical data.
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Table 1 Notation used to model the ARP with patient triage priority

Sets and indices:

K={12,...,d}

Ir={1,2,...,7}

Ie={r+1,r+2,...,n}

Ic ={1,2,...,n}

Ig={n+1,n+2,
..,n+h}

Is={n+h+1,n+h
+2,...,n+h+d}

I=IcUlgUlg

A={(,j)|i€ls,jelc}
U{(i,j)li€lc,jeln}

Parameters:

i, P2, P > 0

i, ps,p§ >0

ti

S

w1, w2, w3, ws >0

Decision variables:

Set of d ambulances.

Set of r red-code patients.

Set of n — 7 green-code patients.
Set of n patients (Ic = Ir U Ig).
Set of / hospitals.

Set of d ambulance starting positions (one per ambulance).

Set of all nodes.

Set of feasible directed arcs.

Priority weights for red-code patients.
Priority weights for green-code patients.

Travel time from node i to node ;.
Service time of patient i.

Weights for the four components of the multi-criteria function.

Binary variable equal to 1 if ambulance k travels directly from node i to node j, and 0 otherwise.

The number of times that ambulance k enters node i, for ¢ € I,k € K. Defined as a continuous variable, but
it will take binary values at any feasible solution. Therefore, y;1 equals 1 if ambulance & enters node i, and 0

The number of times that ambulance k exits node i, for ¢ € I, k € K. Defined as a continuous variable, but
it will take binary values at any feasible solution. Therefore, z;; equals 1 if ambulance £ exits node 7, and 0

wijr € {0,1}
wik € [0,0.1M] Arrival time of ambulance & at node i.
Yik € [07 OO)

otherwise.
zik € [0, 00)

otherwise.
Y; € [0, 00)

integer values at any feasible solution.
Z; € [O, OO)

The total number of ambulances that enter node i, for 7 € I. Defined as a continuous variable, it will take

The total number of ambulances that exit node i, for ¢ € I. Defined as a continuous variable, it will take
integer values at any feasible solution.

%45k, which is equal to the value of 1 if ambulance £ travels
directly from node i to node j and the value of 0 otherwise.
It also employs a continuous variable w;; to represent the
arrival time of ambulance k at node i. In addition, the model
employs the auxiliary variables y;;, and z;x, which are equal
to 1 if ambulance k enters and exits node 7, respectively, and
0 otherwise. Finally, let Y; denote the total number of ambu-
lances entering node i (i.e., ¥; = Zke K Yix). Similarly, let
Zi =>4 ck %ik denote the total number of ambulances
leaving node i. Note that for patient nodes ¢ € I, the vari-
ables Y; and Z; can only take the values 0 or 1 in any feasible
solution (i.e., each patient is visited by at most one ambu-
lance), whereas for hospital nodes i € Iy, Y; can be as large
as d (more than one ambulance can go to the same hospital).
The variables Y;, Z;, y;x, and z;, are defined as sums of the
binary variable x;;. This is because these expressions take
integer values whenever the underlying binary variables are

@ Springer

integer-valued (i.e., whenever a feasible solution is obtained),
and therefore they may be declared as continuous variables
without changing the feasible set or the optimal solution.
This relaxation removes unnecessary integrality constraints,
thereby improving the performance of the solver.

The optimization problem is formulated as a maximi-
zation of a weighted sum of four components, f1, f2, fs,
and fy4, each reflecting a particular aspect of performance.
The first component f; represents the weighted number of
patients assigned to ambulances, defined as follows:

fi= ZP{%Yi‘F ZP?Yi (1)

i€lr i€lg

where pft and p{’ are the reward weights of assigning red-
code and green-code patients, respectively, contributing
to f1. By setting pff >> p§ the model strongly prioritizes
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red-code patients over green-code patients. The second
component f represents the negative weighted travel time
from ambulance starting locations to patients, defined as
follows:

L=-pF> > S tymap-pF >, DYtk
keK e [g: i€lr k€K e Ig: i€la 2)
(i,5) € A (i,j) € A

where plf and p§ are the penalty weights associated with
travel times when traveling from an ambulance starting
location to a red-code and green-code patient, respectively,
contributing to f». By setting pl > pS' the model empha-
sizes responding more quickly to red-code patients. The
third component f3 represents the negative weighted travel
time from patients to hospitals, defined as follows:

fs=—p§ Z Z Z tij@ijr — P§ Z Z Z tijTijk
keK i€ lIp: J€n k€K e lg: i€ln 3)
(i,7) e A (i,7) e A

where pZ and p§ are the penalty weights associated with the
travel time from red-code and green-code patient, respec-
tively, to a hospital, contributing to f3. By setting p& > p§’
the model emphasizes transporting red-code patients to
hospitals faster. Note that the combination of f, and f3
minimizes the total ambulance travel time (that is, if we set
pht = p¥ = plt = p§¢ > 0 and wy = w3 > 0). Finally, the
fourth component fy represents the negative sum of arrival
times at hospitals, defined as follows:

f4:_z szk 4)

keK ic€ly

which encourages ambulances to complete their assigned
routes as early as possible. This component also takes into
account the estimated service times S; at patients, which is
not taken into account when minimizing travel times.

For each objective component fi, fo, f3, and fy is
associated with a weight wy,ws, w3, and wy, respectively,
to construct a single aggregate objective. By choosing
w1 > we > w3 > wy, We impose a lexicographic prior-
ity: the first component f; (number of patients served,
weighted by their priority) is maximized first and foremost;
the subsequent terms then act as tie-breakers in descend-
ing order of importance. For example, we can choose
w; =108, wy =102, wy =1, wy =10"% and p{% =10,
p$ =1, pft =5, p§ =1, plt =5, p§ = 1, which effec-
tively enforces maximizing the number of patients served
(especially red-code patients) as the primary goal, then
minimizing travel time from start to patient, then mini-
mizing travel time from patient to hospital, and finally
minimizing the sum of arrival times at hospitals.

The objective of the proposed MILP is defined as follows:

4
max E wi fis
i=1

subject to:

Yike = Z Tjik, Viel kekK,
Jel:(ji)eA

= > ik VielLkeK,
JEI:(i,j)€A

Yo=Yy, Viel,
keK

Z; = sz Viel,

keK
Yik = Zik, Vi ch,kEK,
zik <0, Vie Ig\{n+h+k}, k€K,

Z; <1, VieIgUlIc,

Z; =Y, Vi€ I,
Y, =0, Vi€ Ig,
Z;=0, Vie Iy,

Y; <d, Vie Iy,

Yiks 2ik < 1, Vi € I,Vk € K,

Wik + S +ti; —wjir < (1 —xi5)M, V(i,j) € A, Vk € K,
wip < My, Yi€e IcUIg, k€ K,

wir =0, Vi € Ig,Vk € K,

ziik €{0,1}, V(i,7) € Ak € K,

Yik, 2ik € [0,00), Vi€ Ik € K,

wik € [0,0.1M],Vi € I,k € K,

Y, Z; €10,00), Vi €1,

)

(6)

()

®)

)

(10)
(11)
(12)
(13)
(14)
(15)
(16)
(17)
(18)
(19)
(20)
@)
(22)
(23)

24
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where constraints Eqs. 6 and 7 define y;; and z;; in terms
of the x variables, as the number of times that ambulance
k enters and exits node i, respectively, and in combination
with constraint Eq. 17, the following are true: v, is 1 if
and only if ambulance & enters node i along some incom-
ing arc (i.e., k travels from some node j to i), and z; is 1
if and only if ambulance £ exits node i along some outgo-
ing arc. Constraint Eq. 8 provides the number of ambu-
lances entering node i, whereas constraint Eq. 9 provides
the number of ambulances exiting node i. Constraint Eq.
10 ensures that the same ambulance enters and exits each
patient node, constraint Eq. 11 ensures that only ambu-
lance £ is allowed to exit node n + h + k, constraint Eq.
12 ensures that no more than one ambulance can depart
from any starting node or patient node, and together with
constraint Eq. 11, they ensure that at most one ambulance
can leave the starting node and at most one ambulance
can leave any given patient node, preventing in this way
two different ambulances from serving the same patient.
Constraint Eq. 13 ensures that the number of ambulances
entering and exiting each patient node is the same, and
together with constraint Eq. 12, they preserve the flow
conservation at each patient node: if an ambulance enters a
patient node i (meaning Y; = 1), it must also exit that node
(Z; = 1), and vice versa (if a patient is not visited, noth-
ing enters or exits that node). Constraints Eqs. 12 and 13
imply that ¥; <1 for all patient nodes, which guarantees
that each patient node is entered by at most one ambulance
(no patient is served twice). Constraints Eqgs. 14 and 15
prevent any ambulance from entering a start node or exit-
ing a hospital node, respectively. Constraint Eq. 16 allows
multiple ambulances to enter the same hospital node. Con-
straint Eq. 17 ensures that each ambulance may visit (enter
and exit) each node at most once. Constraint Eq. 18 rep-
resents time-continuity as follows: if ambulance k travels
from node i to node j (i.e., x;;% = 1), then it ensures that
the arrival time wj; at node j is at least w;, + .S; + t45.
Here, S; is the service time at node i (which is nonzero
if i is a patient node, representing the on-scene time to
stabilize and load the patient), and ¢;; is the travel time
from i to j. Note that the use of the M term renders the
constraint inactive (satisfied trivially) whenever x;;;, = 0.
Constraint Eq. 19 ensures that the arrival time w;j, is set to
zero whenever ambulance k does not actually enter node i.
Constraint Eq. 20 initializes all ambulances’ start times: it
sets w; = 0 at time zero for each ambulance & and for all
starting locations ¢ € Ig. Finally, constraints Eqgs. 21-24
specify the domains of the decision variables.

There are some obvious variations of the above formu-
lation, which may be preferred by different practitioners,
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according to different policies. From this point onward, we
will refer to MILP-1 as the formulation defined by Eqgs. 5—
24, with Eq. 5 as the objective function, corresponding to
the weighted sum of the four component objectives f1—f4
introduced earlier by Egs. 1-4.

To express the weighted multi-criteria values in Eq. 5 in
terms of total travel time values (that are more meaning-
ful to practitioners or decision-makers), a simpler objective
function that is a linear combination of the total travel time
and total hospital arrival time is defined as follows:

min Z Z tijxijk—i-ez Z Wik

(25)
kEK (i,j)€A keEK icly

subject to the constraints defined in Eqs. 624, and two
additional constraints:

Zezl;? Y; > min{r, d} (26)
> Y > min{n,d} 27)

iclc

where the first term (i.e., > ycpc D>o(i jyea tij®ijn) of the
objective functionin Eq. 25 is the total travel time of all ambu-
lances (from start to patient to hospital for each used ambu-
lance), whereas the second term (i.e., Dy cx > icr,, Wik)
is the sum of all arrival times at hospitals (i.e., the times
at which each ambulance finishes its route at a hospital),
¢ is a small positive constant (i.e., ¢ = 10~%) ensuring that
the minimization of the total travel time is the dominant
objective, and minimizing the sum of arrival times acts as a
secondary objective. In other words, the lexicographic hier-
archy of the multi-criteria objective in Eq. 5 is replicated in
Eq. 25 by this weighted sum with a small constant e. Fur-
thermore, the additional constraints Eqs. 26 and 27 ensure,
respectively, the priority for all red-code patients and that
each available ambulance will serve one patient, whenever
sufficient ambulances are present. We will refer to MILP-2
as the formulation with Eq. 25 as the objective function,
subject to constraints Egs. 6-24 and 26-27.

Furthermore, since minimizing travel time is more
meaningful to most decision makers, all the experi-
ments reported in Sect. 5 that use the MILP formulation
were performed using MILP-2. In the corresponding
tables of results, we will report the values of only the
first and dominant component objective of Eq. 25, i.c.,
Y okeK Z(i,j)eA tijTijk, which is the total travel time of
all ambulances, and refrain from reporting the second
component objective, for the following reasons. Firstly,
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the first term is the dominant term, and with e = 1079,
even rounding the value of Eq. 25 with both terms to 2
decimal places would match the value of the first term,
as given in the tables. Secondly, the second term acts as a
tie-breaker in cases of two solutions with identical values
in the first term, and is essentially used for technical pur-
poses, so that when combined with constraints Egs. 18 and
19, the choice of w;; values is such that the idle waiting
times at all stages are minimized (to zero).

Finally, a third formulation (MILP-3) can be obtained by
using

4
max qu; fi (28)
i=2

as the objective function, subject to constraints Eqs. 624 and
26-27. This third formulation avoids the use of f1, as given
by Eq. 1, while still giving different priorities on choosing
faster routes for red-code versus green-code patients and for
different route segments.

It should be emphasized that both the number of patients n
and the number of red-code patients » may be greater than, equal
to, or less than the number of available ambulances, d. In other
words, all three MILP variations are feasible no matter whether
ornot d < r, and no matter whether ornotd < n.Ifd > n, all
patients will be served in the initial optimization planning (that
is, by running one of the MILPs once). If » < d < n, all red-
code patients will be served in the first-stage optimization plan
(first run of one of the MILPs). However, some green-code
patients will remain unserved. In this case, re-optimization is
needed to schedule these patients, which can be achieved by
rerunning the model, after removing all patients planned to be
served in the first stage, while changing ambulances’ starting
positions to the hospital nodes to which they are scheduled to
transfer the patients in the previous stage. If d < r, some red-
code patients and all green-code patients will remain unserved.

In any case, if d < n, some patients will remain unserved
after the first stage of optimization. We can then apply multi-
stage optimization with [%] stages, by removing patients
served in previous stages and adjusting ambulance starting
positions, until all patients are assigned, as discussed above.

Note that, in all of our experiments reported in Sect. 5,
for simplicity, we present the results of only the first stage of
optimization, corresponding to one run of the MILP-2 (and
similarly for the metaheuristic). If d > n, this optimizes the
whole system, whereas if d < n, results correspond to the

first optimization stage only. Note that, for our purposes,
this is enough to compare the performance of the algorithm,
since further stages of one instance simply correspond to a
separate instance of smaller size.

Although the focus of this paper is on the first stage
of optimization, for the sake of completeness, in Sect.
5.5 we present an example which requires three stages of
optimization.

4 Hybrid Adaptive Tabu Search
Metaheuristic

In an ideal setting, an exact MILP solver, such as the one
proposed in Sect. 3.2, identifies the provably optimal assign-
ment of ambulances to patients and the corresponding rout-
ing decisions. However, as the problem size increases (e.g.,
due to a larger number of patients, ambulances, or hospi-
tals), the MILP approach becomes computationally expen-
sive, often requiring excessive computation time to obtain
an optimal solution.

To efficiently solve the ARP with patient triage, a hybrid
metaheuristic combining TS [12, 14] and the LNS [27, 28],
is proposed. In LNS, a solution is partially destroyed using
destroy operators and subsequently reconstructed using
repair operators. This enables multiple neighborhood
structures to be explored within the same search process
in an adaptive manner, where the performance of each
neighborhood is monitored and its selection probability is
dynamically adjusted accordingly. TS is a powerful meta-
heuristic that guides local search operators toward prom-
ising regions of the search space containing high-quality
solutions. Starting from an initial solution, TS explores
its neighborhood and applies the best move at each itera-
tion. A memory structure, known as the tabu list, is used
to prevent the search from cycling back to recently visited
solutions [10, 13]. Specifically, recently performed moves
are stored in the tabu list, and they remain prohibited for
a predefined number of iterations, referred to as the tabu
tenure. The tabu status of a move is overridden if the aspi-
ration criterion is satisfied.

The proposed HATS algorithm consists of the follow-
ing main features: (a) seven problem-specific local search
operators; (b) adaptive neighborhood control; (c) reactive
control of the tabu tenure; and (d) diversification mecha-
nism based on the Shaw destroy-repair operator [28]. Algo-
rithm 1 outlines the overall HATS algorithm for the ARP.
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: Initialize tabu list 7L

: Initialize tabu tenure #¢

: Let O™ be the best-so-far solution

: Let f(Q) be the objective value of solution Q
: Let i be the iteration counter

: Let s be the stagnation counter

O < GeneratelnitialSolution

0" <0

i< 0,s <0

10: while (termination condition not met) do

11:  Compute tabu tenure bounds #7,,;, and 2,4
12: S < generate neighborhood structure

13:  for each move m € S do

N N N T

14: if m not tabu or aspiration criterion is met then
15: score <— update score of m

16: if score > max score then

17: max score <« score, O™ < Apply m on Q
18: end if

19: end if

20:  end for

21: Q< QO™

22:  Update T'L with move made by m
23: Adjust the tabu tenure tt,,;, < tt < ttyax
24:  if (i mod Dgr == 0) then

25: O <« ApplyDestroyRepairOperator
26:  end if

27:  if (s > S1) then

28: random < U(0, 1)

29: if (random > Rp) then

30: O <« GenerateRandomSolution
31: else

32: QO < GeneratePerturbedSolution(Q*)
33: end if

34 s <0

35: TL <@

36:  endif

37:  if (f(Q) is better f(Q*)) then

38: 0* <~ Q0

39: s <0

40:  else

41: s «—s+1

42:  endif

43: i<« i+1

44: end while
45: OUTPUT: O* %ARP Solution

4.1 Objective Function

For the proposed HATS implementation, Eq. 5 corresponding
to the objective function of MILP-1 is adopted using the follow-
ing parameter values: w; = 108, wo = w3 =1, wy = 1076,
pE =10, and p§ = pf = p§ = plt = p§ = 1. This choice
of parameter values makes the HATS results directly compa-
rable to those obtained using MILP-2, where Eq. 25 serves
as the objective with ¢ = 1075, With the selected parameter
values, MILP-1 and MILP-2 are expected to produce identical
solutions.
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4.2 Generation of Initial Solution

Each candidate solution Q for the ARP with patient tri-
age is represented as an ordered collection of d ambulance
assignment triples, @ = (Q1, Q2, ..., Q4), where d denotes
the number of available ambulances. Specifically, for each
ambulance £, the solution stores a triple Qi = (sk, Pk, hi),
where sy, € Ig is the starting location, py, € Ic U {—1} isthe
assigned patient, and hy, € Iy U {—1} is the assigned hos-
pital. When p, = —1, the ambulance is not assigned to any
patient. Consequently, hy, = —1 indicating that no hospital is
associated with an idle ambulance.

Consider an example with d =3 ambulances:
Q = ((30,4,12), (31, 2, 18), (32,—1,—1)). This solution
corresponds to the following assignments: the first ambu-
lance will start from node 30 to pick up patient 4 and trans-
fer the patient to hospital 12, the second ambulance will start
from node 31 to pick up patient 2 and transfer the patient to
hospital 18, and the third ambulance will remain at its sta-
tion at node 32 without any assignment.

An initial feasible solution is generated using a greedy
construction procedure. The solution is constructed
incrementally by assigning one patient until all eligible
patients (up to min{n,d} patients) have been assigned
to ambulances. Initially, all the red-code patients (i.e.,
IR) are assigned to the available ambulances (subject to
ambulance availability), followed by the assignment of
the green-code patients (i.e., I). Each patient is assigned
to the closest available ambulance and subsequently to
the nearest hospital, thereby minimizing the total travel
time.

4.3 Neighborhood Structure

Starting from an initial feasible solution, the proposed
HATS algorithm explores neighboring solutions gener-
ated using seven problem-specific local search operators.
The feasibility of all neighboring solutions generated by
the local search operators is strictly maintained. Specifi-
cally, a local search move is considered feasible if and
only if it satisfies the following constraints: (a) no patient
can be assigned to more than one ambulance; (b) each
ambulance can carry at most one patient; and (c) each
ambulance route must consist of a valid sequence (i.e.,
from a starting location to the patient and then to a hos-
pital). Each feasible neighboring solution is subsequently
evaluated, and the best candidate is selected to replace
the current solution.
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In every iteration of HATS, the following search opera-
tors are applied:

1. The create route operator assigns a patient py
to an idle ambulance k. For each idle ambulance,
this move first considers any unassigned red-code
patients; if none are available, it then considers unas-
signed green-code patients. It selects a patient-hospi-
tal pair that minimizes the total travel time, effectively
dispatching ambulance &k to the closest available
patient and sending that patient to the nearest hos-
pital hj. Applying the operator transforms the triple
(sg,—1,—1) into (sk,pk, hx), and results in the addi-
tion of arcs (sg, px) and (pg, hi).

2. The remove route operator removes an existing
route assignment from an ambulance, thereby making
that ambulance idle. It does so by selecting an ambu-
lance k, removing its current patient-hospital assign-
ment (s, Pk, hi), marking patient py as unassigned,
and allowing ambulance & to be assigned to a differ-
ent patient. Applying the operator transforms the triple
(Sk, Pk, hi) into (s, —1, —1), and results in the deletion
of arcs (s, pr) and (pg, hi).

3. The two way patient swap operator exchanges
the patients assigned between two ambulances. Sup-
pose that ambulance £ is assigned to transfer patient py
to the nearest hospital hj and ambulance / is assigned
to transfer patient p; to the nearest hospital h;. After the
swap, ambulance £ will serve patient p; and ambulance
[ will serve patient p; with both ambulances retaining
their original starting location (i.e., s; and s;), and their
closest hospitals (i.e., iy and h;). Applying the opera-
tor transforms the two triples (s, pr, hi) and (s;, pr, hy)
into (sg, pi, hy) and (s;, pk, hi ), respectively, and results
in the deletion of arcs (sk,px) and (s;,p;); and in the
addition of arcs (s, p;) and (s, p)-

4. The three way patient swap operator selects
three assigned patients py, p;, and p,, and performs a
cyclic swap rotation in both directions. When applied
in the counter-clockwise direction the rotation trans-
forms the three triples (sg,pk,hr), (si,pi,h;) and
(S¢:Pgs hq) into (sk, pi, M), (s1,pq, hq) and (sq, pr, Ik ),
respectively; and results in the deletion of arcs (s, px),
(s1,p1), and (sq, pq), and in the addition of arcs (s, pi),
(s1,pq), and (sq, pr). Applying the operator in the clock-
wise direction the rotation transforms the three triples
(Sk, Pk, Pi), (81,01, ) and (Sq,pq, hq) into (sy,pq, hg)>
(1, k., hi) and (sq, pi, hy), respectively; and results in
the deletion of arcs (sk, px), (s1,p1), and (sq,Dp4), and
in the addition of arcs (sg,pq), (S1,0k), and (sq,D1)-
Note that the corresponding nearest hospitals for each
patient are also swapped during the rotations as in the

two way patient swap operator. The rotation
direction leading to the best result is selected.

5. The ejection operator selects two assigned patients py
and p;, and one unassigned patient p,. A cyclic rotation is
performed by replacing p; with py, and p, with p;. The corre-
sponding closest hospitals for each patient are also swapped
during the rotation. Applying the operator transforms the
three triples (s, pr, hk), (1,01, hi) and (Sq, —1,—1) into
(sks—1,—1), (s1,pk, i) and (sq,pr, hy), respectively;
and results in the deletion of arcs (s, pr), (51, p1), and in
the addition of arcs (s, py) and (s4, pr).

6. The swap ambulances operator exchanges both the
assigned patients and hospitals between two ambulances.
Suppose that ambulance £ starting from sy, transfers patient
pr, to hospital hy, and ambulance / starting from s; trans-
fers patient p; to hospital ;. After the swap, the ambu-
lance starting from s will be assigned to transfer patient
p; to hospital h;, and the ambulance starting from s; will
be assigned to transfer patient py, to hospital hy. Applying
the operator transforms the two triples (s, pr, hx) and
(s1,p1, ) into (s;, pr, hi) and (s, pr, hy); and results in
the deletion of arcs (s, pr) and (s;, p;); and in the addi-
tion of arcs (sk, p;) and (s;, px).

7. The swap assigned with unassigned opera-
tor is a combination of the create route and
remove route operators. Suppose ambulance & is
assigned to transfer patient py to hospital h; and that
p; is an unassigned patient. After the swap, the ambu-
lance will remove the assignment of patient py (e.g., a
green-code patient) and assign patient p; (e.g., a red-code
patient) to be transferred to the closest hospital h; (i.e.,
h; = arg miny,, er,, tp,,n, ). Applying the operator trans-
forms the triple (sg, pk, hi) into (sg, pi, k), and results
in the deletion of arcs (s, px) and (pg, hx); and in the
addition of arcs (sk, p;) and (pr, hy).

The selection of neighborhood moves is dynamically
weighted according to their historical performance. This
is translated as follows: neighboring moves that frequently
improve the solution have higher probabilities of being
applied than the less effective moves.

4.4 Tabu Search

The tabu list 7L used by HATS is maintained at the patient
level. For each patient, HATS records the most recent itera-
tion 7;45; at which the patient’s assignment has changed
(i.e., when an assigned patient moves from one ambulance
to another or when its status changes). At each iteration i, a
move defined from the neighborhood structure in Sect. 4.3
for a given patient is considered tabu if the following condi-
tion holds: 7 — 4;,5 < tt where #t denotes the tabu tenure.
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Unlike the classic tabu tenure, which is fixed, HATS uti-
lizes a reactive tabu tenure to effectively balance intensifica-
tion and diversification [7]. A dynamic strategy is employed
that adjusts the tabu tenure # adaptively based on search
behavior. The # value is initialized as follows:
tt = max(4, |Tr - n)), (29)
where T’ is a constant and # is the total number of patients.
The minimum and maximum tabu tenures, t¢,,,;,» and tt,,q2,
respectively, are based on the number of currently assigned
patients, and they are defined as follows:

thmin = maX(Q, |_Ap/10J), (30)

ttmar = max(8, |Ap/3]), 31)
where Ap is the number of assigned patients. When
improvements occur frequently, the tenure gradually
decreases toward tt,,;, to promote search intensification.
Conversely, frequent repetitions of tabu moves increase the
tenure toward t¢,,,4., thereby encouraging diversification.

A standard aspiration criterion is applied to the 7L as fol-
lows: a tabu move is adopted if and only if the best-so-far
solution is improved.

4.5 Large Neighborhood Search

The Shaw destroy-repair operator [28] removes and rein-
serts a cluster of patients close to each other based on travel
time. The procedure begins by randomly selecting one
ambulance assignment, i.e., Q. Subsequently, a set of Sp
ambulance assignments is generated. The patients in the
assignments are geographically close, in terms of travel
time, to the patient in the selected assignment @)y, which is
also include in the set.

The selected patients in the selected ambulance assign-
ments are removed, resulting in a partially destroyed solu-
tion with unassigned patients. The repair procedure aims to
reassign each patient to an ambulance only with moves that
yield better solution quality. This destroy—repair operator
serves as the LNS move, promoting diversification while
maintaining solution feasibility. The Shaw destroy-repair
operator is applied every Dy, iterations.

4.6 Diversification Mechanism
To further encourage exploration, the algorithm incorpo-

rates occasional restarts whenever stagnation is detected. If
no improvement is observed for Sy consecutive iterations,
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a restart is triggered. During each restart, one of two diver-
sification strategies is applied probabilistically. With prob-
ability 1 — Rp the best-so-far solution is partially perturbed
by swapping assignments. Otherwise, with probability Rp, a
completely random solution is generated from scratch, thereby
restarting the search.

5 Experiments
5.1 Experimental Setup

The experiments were conducted on a system equipped with
an Intel i5-1035G1 processor (1.00-1.19 GHz), 36 GB RAM,
and a 64-bit Windows 10 operating system. The MILP-2 for-
mulation presented in Sect. 3.2 was solved using the non-
commercial PuLP solver [21] (with Eq. 25 as the objective
and € = 10~%). The HATS termination condition was set to
500 iterations or when the best-so-far solution is not improved
for 60 consecutive iterations in two cycles of iterations. The
remaining parameters were set as follows: the tabu tenure
factor in Eq. 29 is set to T = 0.1, the Shaw destroy-repair
operator is applied every Dr = 20 iterations with a base set
to Sp = 8, stagnation limit is set to Sy, = 60, and the random
restart probability is set to Rp = 0.65. Since HATS includes
stochastic components, 30 independent runs were performed
using different random seeds.

5.2 Generation of Benchmark Instances

To evaluate the performance of the proposed MILP and HATS
algorithms, a set of benchmark instances was generated with
varying numbers of red-code patients, green-code patients,
hospitals, and ambulances. Each ARP instance was generated
by randomly sampling the locations of hospitals, ambulance
starting locations, and patient locations from a uniform dis-
tribution U> (0, Upound), Where Upounq defines the size of the
area. The travel time ¢;; corresponds to the Euclidean dis-
tance between nodes i and j. The number of patients, ambu-
lances, and hospitals were systematically varied to investigate
their effect on solver performance, resulting in 39 benchmark
instances. The characteristics for the generated ARP instances
are summarized in Table 2. All benchmark instances are pub-
licly available in the following repository: https://github.com
/Mavrovouniotis/arp_instances.

5.3 Comparative Analysis of MILP and HATS

Table 3 summarizes the optimal solutions obtained by
MILP-2 together with the mean (averaged over 30 runs) and
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Table 2 Description of the generated benchmark instances

instance n r (n—r) h d Ubound
1 20 7 13 3 30
2 20 7 13 5 10 30
3 20 12 8 6 15 30
4 20 13 7 10 25 30
5 20 20 0 8 25 30
6 23 6 17 3 11 20
7 30 10 20 3 12 40
8 30 10 20 20 40
9 30 15 15 10 23 50
10 30 20 10 15 40 50
11 34 14 20 20 50 20
12 37 8 29 17 30
13 39 11 28 5 42 30
14 47 29 18 15 56 40
15 50 10 40 7 30 50
16 50 27 23 7 30 50
17 50 27 23 7 70 50
18 50 27 23 30 70 50
19 56 13 43 12 43 40
20 64 38 26 9 80 60
21 77 42 35 23 65 60
22 89 24 65 36 40 70
23 70 30 40 15 40 50
24 70 40 30 30 90 100
25 100 20 80 10 40 100
26 100 30 70 17 45 100
27 100 30 70 17 80 100
28 100 30 70 17 120 100
29 100 30 70 40 80 100
30 100 70 30 40 80 100
31 100 30 70 40 120 100
32 100 70 30 80 80 100
33 100 70 30 80 120 100
34 104 36 68 27 54 70
35 116 38 78 45 130 100
36 150 50 100 30 100 100
37 150 50 100 30 60 100
38 152 36 116 17 48 150
39 250 43 207 32 57 160

best solutions obtained by HATS. The CPU time required
to obtain the optimum (or near-optimal) solution is reported
in seconds. For HATS, the percentage deviation (%gap)
between the best solution obtained over the 30 independent
runs and the optimal solution is also reported. Based on the
experimental results presented in Table 3, the following
observations can be made.

First, MILP finds optimal solutions for all small-scale
ARP instances (i.e., instances 1-13) in less than one
minute. Although MILP obtains optimal solutions for all
benchmark instances, its CPU time increases significantly
as the number of patients and ambulances increases. For
most large-scale ARP instances (i.e., instances 20-39),

MILP requires several minutes to obtain the optimal
solution. Figures 2, 3, and 4 illustrate the optimal solutions
for ARP instances 4 (small-scale), 10 (medium-scale) and
17 (large-scale), respectively.

Second, HATS identifies the optimal solutions for 20 out
of the 39 benchmark instances within only a few seconds.
For the remaining benchmark instances, HATS consistently
produces near-optimal solutions, typically with an optimal-
ity gap below 0.5%. The CPU time of HATS remains con-
sistently low, even for large-scale instances. For example,
on the largest ARP instance (i.e., 39), HATS finds a solution
with a %gap of 1.58 within 35.72 seconds, whereas MILP
requires 19,333.05 seconds.
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Table 3 Results and comparisons of MILP against HATS. The asterisk * indicates that MILP solved the problem to optimality and bold values
indicate that HATS found the optimal solution at least once out of the 30 runs. The time for both MILP and HATS is given in seconds

MILP HATS

instance best time mean best Y%gap time

1 102.35* 2.28 102.35+0.00 102.35 0.0% 0.01

2 105.45* 8.27 105.53+0.44 105.45 0.0% 0.49

3 143.52* 5.48 143.52+0.00 143.52 0.0% 0.62

4 163.22% 10.30 163.31+0.06 163.22 0.0% 28.94
5 181.83" 8.54 182.37+1.00 181.83 0.0% 13.46
6 91.82* 6.96 91.96+0.52 91.82 0.0% 0.66

7 197.30* 10.15 197.45+0.68 197.30 0.0% 0.84

8 249.46* 11.01 251.22+1.46 249.46 0.0% 2.98

9 304.69* 16.66 308.62+4.05 304.69 0.0% 3.73
10 386.26* 28.26 386.31+0.16 386.26 0.0% 21.01
11 145.41* 36.74 146.52+0.71 145.41 0.0% 51.73
12 158.13* 9.10 158.86+0.92 158.13 0.0% 2.00
13 412.89* 22.04 412.94+0.00 412.94 0.01% 0.38
14 450.24* 261.64 452.2142.34 450.24 0.0% 80.81
15 382.36" 20.56 389.29+4.99 383.43 0.27% 6.18
16 440.65 78.56 442.20+2.94 440.65 0.0% 3.70
17 651.24* 54.23 651.24+0.00 651.24 0.0% 117.98
18 505.81" 171.38 506.03+0.71 505.81 0.0% 47.51
19 411.94* 50.51 419.34+2.84 413.26 0.32% 10.43
20 992.78* 93.36 994.27+1.16 992.78 0.0% 101.49
21 790.83* 172.70 808.66+8.09 791.68 0.10% 48.61
22 436.58™ 154.70 462.14+9.71 447.77 2.56% 16.15
23 476.42* 100.04 484.51+£5.25 476.42 0.0% 13.56
24 1404.30* 301.65 1406.20+2.50 1404.30 0.0% 107.24
25 851.93* 80.41 869.33+7.93 852.05 0.01% 9.54
26 997.90* 82.26 1035.86+19.33 1007.60 0.97% 14.12
27 1623.41* 297.36 1676.41£18.37 1643.17 1.21% 50.62
28 1946.12* 435.80 1953.29+3.36 1946.12 0.0% 120.48
29 1302.87* 458.39 1348.47+15.68 1310.23 0.56% 47.34
30 1454.67* 734.53 1477.13+£10.16 1466.54 0.81% 53.35
31 1386.25* 803.12 1393.15+7.19 1386.65 0.02% 120.69
32 1128.87* 1897.87 1174.11+23.89 1138.36 0.84% 66.58
33 1365.73* 1769.19 1378.32+6.87 1368.20 0.18% 120.70
34 726.20" 267.08 750.92+13.00 729.68 0.47% 46.15
35 1710.68™ 1718.77 1720.20+£2.99 1714.76 0.23% 120.71
36 1707.68* 833.25 1766.27+16.93 1730.92 1.36% 74.34
37 1206.43* 361.37 1240.52+16.76 1213.48 0.58% 32.13
38 1463.09* 317.24 1540.62+37.83 1479.60 1.12% 17.38
39 1570.42* 19333.05 1646.10+£26.46 1595.31 1.58% 35.72

These results have important implications for intelligent
transportation systems. In real-world EMS operations, rapid
decision-making is critical, and the ability of HATS to con-
sistently produce near-optimal solutions within seconds
makes it well suited for (near) real-time deployment. In con-
trast, the MILP model, while valuable for benchmarking,
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is less suitable for large-scale applications due to its com-
putational requirements. Nevertheless, combining the MILP
and HATS approaches in real-world EMS operations offers
both decision-support accuracy and operational scalability,
which are essential requirements for modern intelligent
transportation systems.
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Fig. 2 Illustration of the optimal solution gener-
ated by the MILP approach on the ARP problem
instance 4

Fig. 3 Illustration of the optimal solution gener-
ated by the MILP approach on the ARP problem
instance 10
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Fig. 4 Illustration of the optimal solution gener-
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5.4 Sensitivity Analysis

This section investigates how varying the three main char-
acteristics (i.e., number of patients, number of hospitals, and
number of ambulances) of the generated instances affect the
solution quality, in terms of total travel time. ARP instance
5 from Table 2 is used as the baseline case, while each char-
acteristic is varied systematically. The MILP solver was
applied to the generated ARP instances with the modified
feature values.

5.4.1 Impact of Red-Code Patients

The number of red-code patients is varied over the values
r € {0,5,10,15,18,20}, while the number of green-code
patients (n — r) changes accordingly. All generated ARP
problem instances consist of the same patient locations, 8
hospitals and 25 ambulance starting locations. The effect of
the number of red-code patients on the total travel time is
plotted in Fig. 5. The results show that the number of red-
code patients does not affect the total travel time. This is
because the number of ambulances is sufficient to serve all the
patients (both red- and green-code), and since patient loca-
tions remain unchanged, the total travel time is not affected
by the patient type. In case the number of ambulances is
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Fig. 5 Objective function against varying number of red-code patients

smaller than the number of patients, then the total travel time
will be affected since some ambulances will perform more
than one route (i.e., the multi-stage optimization scenario
demonstrated in Sect. 5.5). The effect of increasing the num-
ber of ambulances is discussed in the next subsection.
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5.4.2 Impact of Ambulance Number

The number of ambulances is varied over the values
d € {25,30,35,40} on the same set of patients and hos-
pitals. The generated ARP benchmark instances consist of
the same 20 patients (10 red-code and 10 green-code) and 8
hospitals. The effect of the number of ambulances available
on the total travel time is plotted in Fig. 6. From Fig. 6 it can
be observed that as the number of ambulances increases,
the total travel time decreases. This behavior is expected
because there are more available ambulances to transfer
patients to hospitals.
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Fig. 7 Objective function against varying number of hospitals

5.4.3 Impact of Hospital Number

The number of hospitals is varied over the values
h € {1,3,5,8} on the same set of patients and ambulance
starting locations. The generated ARP problem instances
consist of the same 20 patients (10 red-code and 10 green-
code) and 25 ambulances. The effect of the number of hos-
pitals on the total travel time is plotted in Fig. 7. From Fig. 7
it can be observed that as the number of hospitals increases,
the total travel time decreases. This behavior is expected
because the ambulances have more hospitals to which they
can transport patients.

5.5 Multi-Stage Optimization

As discussed earlier, if the number of patients exceeds
the number of available ambulances (i.e., if d < n), some
patients will not be assigned an ambulance during the first
stage of optimization. In this case, we can apply multi-
stage optimization with [%] stages, where at each stage
we remove the patients scheduled to be transported to hos-
pitals in previous stages, adjust the starting positions of
ambulances to their latest locations (which typically will be
the hospitals where they will transfer their last patients in
the previous stage), solve MILP again, and repeat until all
patients are assigned an ambulance.

To illustrate this scenario, we have selected ARP instance
25, which involves 100 patients to be served by a fleet of 40
available ambulances, and applied the MILP successively
three times, as described above. The optimal solutions for
all three optimization stages are shown in Figs. 8, 9, and 10.
Specifically, the first 40 patients (including all 20 red-code
patients) are scheduled at the first stage, as shown in Fig. 8,
with objective 851.93. The next 40 green-code patients are
scheduled at the second stage (Fig. 9), with objective 1320.82.
The remaining 20 green-code patients are scheduled at the
third stage (Fig. 10), with objective 1002.03. The correspond-
ing total travel time for all three stages is 3174.78.

5.6 Dynamic Optimization

So far the optimization model assumes that all incidents are
known in advance, i.c., a static optimization problem. In
practice, emergency incidents arise dynamically, and their
severity is determined when they are reported. Accordingly,
the dynamic problem is modeled as a sequence of static
problem instances P(1), P(2), , P(¢) at time period ¢ [22].

Each static instance P(7) is generated with all the unserved
patients (either green-code or red-code) including new
patients and the unserved patients from the previous static
instance P(t —1). In practice, whenever a new patient
appears, a new problem instance is generated. In addition,
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Fig. 8 Multi-stage optimization example: Illustra-
tion of the optimal solution generated by MILP
on ARP instance 25 (stage 1 of 3)

Fig. 9 Multi-stage optimization example: Illustra-
tion of the optimal solution generated by MILP
on ARP instance 25 (stage 2 of 3)
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Fig. 10 Multi-stage optimization example: Illus-

Optimal Solution

tration of the optimal solution generated by MILP
on ARP instance 25 (stage 3 of 3)
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>mee

Red Code Patients
Green Code Patients

the available ambulances at time ¢ are included in the prob-
lem instance. Note that, even if the ambulance is assigned
to a patient but has not yet arrived at the incident it will be
considered as an available ambulance (with a new starting
position). This allows an ambulance to be assigned to a green-
code patient, but a new red-code patient may appear while the
ambulance is traveling to serve the green-code patient. Hence
the new optimal route will consider the reassignment of the
ambulance from the green-code patient to the red-code patient
because of the patient triage priority constraint. Finally, the
hospital locations are also included in the generation of the
problem instance (i.e., to complete the 7 set in Table 1).
Specifically, the goal is to obtain new optimal routes and
patient assignments as new patient incidents occur, while
satisfying all the constraints of the described ARP problem.
To illustrate a dynamic scenario, we have selected a scenario
with 10 patients (2 green-code and 8 red-code), 3 hospitals and
10 ambulances. Suppose that at time ¢ all 10 patients of the
problem instance are assigned to an ambulance as presented
in Fig. 11. If at time ¢ 4+ 1 a new red-code patient appears, i.e.,
patient 11 as shown in Fig. 12, then a new problem instance
is optimized as follows. The assigned ambulance of green-
code patient 9 is assigned to red-code patient 11 demonstrat-
ing the patient triage priority. Furthermore, if at time ¢ + 2
another red-code patient appears, i.e., patient 12 as shown in
Fig. 13, then a new problem is optimized again as follows. The

assigned ambulance of the green-code patient 10 is assigned
to red-code patient 5 and the assigned ambulance of red-code
patient 5 is reassigned to the new red-code patient 12, who is
geographically closer to the reassigned ambulance than patient
5 is, thereby minimizing the total response time at ¢ + 2.

6 Conclusion

This paper investigates the ARP with patient triage priority.
We propose a MILP model that solves the ARP to optimality
as well as a metaheuristic approach, namely HATS. Although
the MILP guarantees optimality, it becomes intractable for
large-scale instances and is therefore impractical for real-
world ARP settings. On the other hand, the proposed HATS
metaheuristic efficiently explores the solution space with
tailored search operators, and avoids getting trapped in local
optima by using occasional diversification strategies. The
proposed framework integrates strict triage-based decision
rules with joint assignment and routing optimization. The
experimental results demonstrate that HATS consistently
produces solutions with an optimality gap of only a few
percentage points, even when the MILP solver requires
several minutes to reach the optimum. Furthermore, HATS
runs in seconds for problem sizes likely to be encountered
in practice (e.g., multiple simultaneous calls).
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Fig. 11 Dynamic optimization example: Illustra- Optimal Solution
tion of the optimal solution generated by MILP Red Code Patients
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Fig. 12 Dynamic optimization example: Illustra-

Optimal Solution
tion of the optimal solution generated by MILP @ Red Code Patients
at time ¢ + 1 with the arrival of a new red-code @ Green Code Patients
patient 11 B Hospitals A
A Ambulances

4 \

,m-——-——————-}

(=]

@ Springer



International Journal of Intelligent Transportation Systems Research

Fig. 13 Dynamic optimization example: Illustra-
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Overall, both MILP and HATS approaches demonstrate
that the simultaneous use of exact optimization and advanced
metaheuristics bridges the gap between theoretical optimality
and real-world applicability in EMS systems. This dual
capability is particularly valuable for decision support in
intelligent transportation systems, where both solution quality
and computational efficiency are essential. Although the main
experimental studies on ARP assume a static environment,
which means that all incidents appear simultaneously and
optimization is performed once, we have demonstrated that
the ARP application can be easily extended to a dynamic
environment, i.e., a series of static instances in a rolling-
horizon manner that require continual re-optimization as
new information becomes available (i.e., new incidents) [37],
which better reflects real-world EMS operations.

In real-time operational EMS problems, the ambulance
dispatching problem addressed in this study is only one
of the key operational challenges. Another equally impor-
tant problem is the ambulance-relocation problem, which
involves strategically repositioning idle ambulances to wait-
ing stations in order to improve service coverage and reduce
response times [36]. However, effective relocation decisions
depend on several factors, including population density,
historical incident patterns, and geographical character-
istics, making it difficult to identify the most appropriate
waiting station locations. Machine learning techniques can
help address this challenge by identifying hidden patterns
in historical and spatial data, thereby providing valuable

recommendations to support EMS operators in their strategic
decision-making [35]. Therefore, a promising direction for
future research is to optimize both ambulance dispatching
and relocation problems simultaneously, with the ultimate
objective of further reducing ambulance response times and
improving the overall efficiency of EMS operations.
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