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Abstract: In this study, we examine the emergency medical transportation system in the Sri Lankan
public health service and develop an efficient routing framework for inter-hospital patient transfers,
where patients are moved between hospitals according to clinical requirements and hospital capability
levels. In this transfer process, medical experts emphasize that the minimum risk time of each patient
should not be exceeded. To address this problem, we propose a mixed-integer programming (MIP)
model and test it on random instances with up to 25 patients. Computational results showed that the
MIP approach fails to obtain a feasible solution within a 300-second time limit. To solve real-world
cases with up to 132 patients, we propose three heuristic approaches. The first is a two-phase method
that combines machine learning with a simplified MIP model that reduces the feasible region (ML-MIP).
The second heuristic, TP-VRP, is also a two-phase approach in which patient—hospital assignments
are determined in the first phase, and the remaining problem is solved as a vehicle routing problem
with time windows (VRP-TW) in the second phase. The third heuristic, RCPSP-VRP, combines a
resource-constrained project scheduling problem for hospital assignments with the VRP-TW solution
approach used in the second method. On 15 tested real-world instances, TP-VRP and RCPSP-VRP
obtained feasible solutions for all cases, whereas MIP and ML-MIP failed to obtain feasible solutions
for 8 out of 15 instances within 300 seconds. Compared to MIP, RCPSP-VRP also reduced average
runtime by approximately 98.3% on the seven instances where both methods yielded feasible solutions,
and achieved equal or better objective values, improving two instances.

Keywords: inter-hospital ambulance routing problem; minimum risk time; mixed integer
programming; machine learning; vehicle routing problem with time windows
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1. Introduction

Emergency medical transportation systems (EMTSs) encompass a range of services, including
ambulance dispatching, routing, and tracking, aimed at providing immediate medical assistance to
individuals in emergency situations. The existing literature on EMTS focuses on optimizing response
times, resource allocation, and overall system efficiency [1]. Several studies have explored various
aspects, such as dispatch protocols [1], ambulance routing optimization [2], and dynamic resource
allocation strategies [3]. One critical component of EMTS is the rapid response to emergencies,
which involves picking up patients and transporting them to hospitals. However, the inter-hospital
EMTS, which entails transferring patients between hospitals, has been relatively under-explored in
healthcare optimization. In this paper, we propose solution methods for optimization problems arising
in inter-hospital emergency medical transportation in Sri Lanka.

The ambulance routing problem (ARP) involves determining efficient routes for ambulances to
reach emergency locations, considering factors such as traffic congestion, geographic constraints, and
patient priority. The ARP is a specialized type of vehicle routing problem (VRP) tailored to the unique
needs of emergency services. Techniques developed for solving the VRP are often adapted to the ARP,
incorporating real-time data such as incident locations and ambulance availability to make dynamic
routing decisions. Accordingly, the ARP inherits concepts and methodologies from the broader field of
vehicle routing.

Researchers have used different optimization techniques to address the ARP, including mathematical
models, heuristic algorithms, and simulation-based approaches [1,4]. Real-time data, such as traffic
information and ambulance availability, has also been integrated to dynamically update routing plans.
In some previous studies, the ARP has been generalized as a VRP with pickup and delivery or an open
vehicle routing problem [5]. Fundamentally, the performance of an EMTS depends on how efficiently
the ARP is solved. Talarico et al. [4] considered the ARP in a disaster-response scenario with a large
number of injured patients requiring medical assistance simultaneously. In this scenario, ambulances are
used to transport both medical personnel and patients, providing on-site aid to mildly injured individuals
while transporting severely injured patients to hospitals.

Other researchers [6] have investigated the green ARP, which adapts to the requirements of the home
health care (HHC) centers. In this context, ambulances serve patients with varying requirements within
an HHC network. Based on these settings, they proposed an approach to minimize the total traveling
cost and greenhouse gases emitted by ambulances.

Recent work has also examined dynamic ambulance routing under richer operational settings. For
example, Zidi et al. [7] combined k-means++ clustering with a time-variant multi-objective strength
Pareto evolutionary algorithm 2 (SPEA2) for a dynamic ambulance routing problem, highlighting the
importance of fast re-optimization under changing demand. This line of work is highly relevant to
our setting, but it addresses emergency dispatching with dynamic incident arrivals rather than planned
inter-hospital transfers with explicit bed compatibility and mandatory-transfer subsets.

The inter-hospital setting considered in this paper differs from standard emergency ARP settings
in four structural aspects: (1) hospital-level compatibility, where each patient can only be assigned to
hospitals with sufficient care level; (i) bed-level receiving capacity, where receiving capacity is modeled
as individual destination beds; (iii) mandatory-transfer subset, where a subset of patients must be served
due to clinical urgency or carry-over from previous days; and (iv) centralized scheduled dispatching,
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where all ambulances start from a central depot and scheduled-transfer requests are optimized jointly
each day. These characteristics create a tightly coupled selection—assignment—scheduling—routing
problem that classical ARP formulations, which focus only on dispatching or routing, do not capture.

We refer to this optimization problem as the inter-hospital ambulance routing problem (IH-ARP).
Because IH-ARP simultaneously integrates patient selection, bed assignment, ambulance scheduling,
and routing under a clinically motivated min—max objective, it requires a tailored solution framework.
The methodological contribution of this study therefore lies in decomposing the problem into well-
understood subproblems that can be solved efficiently, while adapting the resulting heuristics to the
specific characteristics of the Sri Lankan scheduled-transfer setting.

Our contributions are summarized as follows:

e We formulate IH-ARP as a MIP model that integrates patient selection, patient-bed assignment,
ambulance scheduling, and routing while minimizing the worst patient delay (maximum tardiness)
relative to MRT.

e We propose three decomposition-based heuristics (ML-MIP, TP-VRP, and RCPSP-VRP) for larger
instances where the full MIP becomes computationally difficult.

e We provide computational evidence on both random and real-world instances from Colombo
district, and we analyze the strengths and limitations of each method.

Many ambulance routing studies have adopted generic metaheuristic approaches. Compared to
such methods, the present decomposition strategy offers three practical advantages. First, it keeps
hospital-level feasibility explicit at the assignment stage rather than repairing infeasible routes afterward.
Second, it preserves clinical interpretability because the controlling quantity remains tardiness relative
to MRT. Third, it enables modular extensions, such as replacing the routing module with a robust
VRP-TW solver or embedding rolling-horizon updates when operational disruptions occur. However,
other metaheuristics can be attractive for dynamic or highly stochastic settings, although they often
require extensive parameter calibration and may provide less transparent clinical guarantees.

The remainder of this paper is organized as follows: Section 2 reviews the most closely related
literature. Section 3 presents the real-world background and problem setting. Section 4 introduces the
notation and the MIP model. Section 5 describes the proposed heuristic approaches. Section 6 reports
the experimental setup and computational results on both random and real-world instances. Finally,
Section 7 concludes the paper and discusses directions for future research.

2. Related work

The literature most closely related to IH-ARP lies at the intersection of ambulance routing, vehicle
routing with time windows, healthcare transfer planning, and optimization under uncertainty. Standard
ARP studies typically prioritize rapid incident response or ambulance redeployment [1, 2], whereas
our setting concerns planned inter-hospital transfers in which requests are known before dispatch
and hospital receiving capacity is an explicit component of the decision problem. Disaster-response
ambulance routing [4] and dynamic home-healthcare routing [6] both motivate timeliness-aware models,
but neither captures the combination of bed-level compatibility, mandatory-transfer requests, and
centralized same-day dispatching considered here.

From a VRP perspective, IH-ARP is also distinct from classical VRP-TW and pickup-and-delivery
models. Transferring a patient from an origin hospital to an admissible receiving bed creates a coupled
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assignment-routing structure: before route construction, each patient must be matched to a feasible
destination bed, and this match changes both the subsequent route cost and the attainable tardiness.
Existing VRP-TW methods [8,9] provide strong routing technology for the second stage of our heuristics,
but they do not directly model patient-to-bed assignment or the mandatory-transfer subset.

Uncertainty-aware optimization is also relevant. Robust and stochastic ambulance planning has been
studied under uncertain demand locations, traffic conditions, and service availability [10, 11]. Likewise,
stochastic and robust VRP variants address travel-time or demand uncertainty through recourse actions
or uncertainty sets. Our model is deterministic because the scheduled-transfer problem is solved on
a short daily planning horizon using prevalidated bed availability and a fixed ambulance pool. This
assumption is most reasonable when traffic conditions are stable enough to allow reliable travel-time
estimation and when bed confirmations are made before dispatch. In practice, however, a bed may
become unavailable or an ambulance may break down after the plan has been computed, in which case
a deterministic plan can degrade quickly. For this reason, the proposed framework should be interpreted
as a baseline day-ahead scheduler that can be extended with robust assignment buffers, rolling-horizon
re-optimization, or two-stage recourse decisions.

More specifically, a two-stage stochastic extension could assign patients and reserve tentative routes
in the first stage, and then revise the realized routing plan after observing travel-time or bed-availability
scenarios. A robust optimization variant could instead protect the TP-VRP or RCPSP-VRP assignment
modules against interval uncertainty in travel times and receiving capacity by optimizing against the
worst case within calibrated uncertainty sets. These extensions are natural next steps because the
decomposition structure already separates assignment and routing decisions, making them amenable to
scenario-based or robust replacements without changing the overall problem definition.

3. Problem description

Public health is one of the major services provided free of charge to the people of Sri Lanka.
Currently, the medical transportation system within the public health service is undergoing improvement.
These efforts aim to achieve several objectives, including ensuring high-quality healthcare that meets
patient requirements, minimizing potential risks, and responding rapidly to emergency situations.

3.1. Healthcare background in Sri Lanka

In Sri Lanka, each regional healthcare community is organized around its nearest hospital. However,
hospital capabilities vary by location, for example, between urban and rural areas. Based on their
available facilities, hospitals in Sri Lanka can be broadly categorized into six levels.

National hospitals: Level 1

Teaching hospitals: Level 2
Provincial/district general hospitals: Level 3
Base hospitals: Level 4

Divisional hospitals: Level 5

Primary medical care units: Level 6.

As the level number increases, the availability of space, specialist personnel, intensive care, and surgical
facilities decreases. Patients are typically admitted to the nearest hospital or to a hospital at the preferred
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level of care. In most cases, patients seek treatment at their nearest accessible hospital. However,
based on the recommendations of medical experts, patients may be transferred to higher-level hospitals
with better facilities, depending on their current condition. Transfers from higher-level hospitals to
lower-level hospitals are uncommon.

In this study, we focus on the Colombo district, which has the highest population density in Sri
Lanka. There are 45 hospitals in this region, covering all levels listed above.

3.2. Transfer process

Patient transfers can be categorized into two types: immediately incurred transfers (II'Ts) and
scheduled transfers (STs). An IIT refers to a patient transfer caused by an unpredictable event such as
an accident. Each hospital in Sri Lanka is equipped with one or more ambulances for emergency use,
enabling it to handle IIT cases effectively. In the ST setting, patients requiring transfer are identified in
advance. Information such as candidate hospitals, travel times between hospitals, and other medical
recommendations for each patient is also determined in advance, typically on the day before routing.
Unlike IIT cases, ambulances for ST cases in Sri Lanka are dispatched from a central depot with a fixed
fleet size.

Centralized dispatching in ST scenarios allows more efficient ambulance allocation. Consequently,
solving the corresponding optimization problem has become an important part of the Sri Lankan EMTS.
The target patients for ST are those who cannot receive adequate treatment at their current hospitals. ST
demand may not be fully satisfied because of the capacity constraints of receiving hospitals or the limited
availability of ambulances. From these requests, a subset is selected and scheduled at predetermined
start times each day. As a result, the optimization problem is solved on a daily basis.

In both ST and IIT scenarios, medical experts recommend that the minimum risk time (MRT) for
each patient should not be exceeded. MRT refers to the latest allowable time by which a patient should
arrive at the receiving hospital, beyond which the patient’s condition may deteriorate. Accordingly,
MRT is a critical factor in this case study. Therefore, the ARP in Sri Lanka involves a time-window
constraint for each patient transfer.

The operational distinction between IIT and ST is central to this study. In the Sri Lankan EMTS,
IIT cases are event-driven, geographically uncertain, and dispatched immediately by hospital-based
emergency fleets. By contrast, ST cases are planned requests collected before daily dispatching, and
they are handled jointly by a dedicated fleet that starts from a central depot. Because these two transfer
types use separate ambulance systems in Sri Lanka, their associated optimization problems are largely
independent. This separation allows us to focus on the ST setting without explicitly modeling random
emergency arrivals. At the same time, centralized dispatching creates strong interactions among patient-
specific constraints: Each selected patient competes for the same ambulance pool while also requiring a
clinically admissible receiving bed and an arrival time that does not exceed the patient’s MRT.

In this study, we therefore focus on the ST scenario and develop an optimization-based solution
framework for the inter-hospital ambulance routing system.

3.3. Objective and mandatory transfers

The objective of [H-ARP is to minimize the maximum tardiness. This min—max criterion is motivated
by discussions with practitioners, who emphasized that, in the scheduled-transfer process, avoiding
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extremely late transfers is the most critical operational target: Reducing one patient’s very large delay is
operationally more important than slightly improving several transfers that are already safe. Alternative
criteria, such as total tardiness or weighted tardiness, are also relevant and could be examined in future
sensitivity analyses, but they may obscure extreme outcomes for the most time-critical patients.

Among the patient-transfer requests, we distinguish a mandatory-transfer subset that must be served.
This subset may represent patients prioritized because of clinical urgency, referral rules, or carry-over
obligations from previous days. In addition, actual deployment decisions remain subject to physician
approval and patient consent. Although these considerations are not modeled as decision variables, they
motivate the mandatory-service constraints and reinforce the interpretation of the computed plan as a
decision-support tool rather than an autonomous dispatch rule.

4. Mathematical programming

We first formulate a MIP model for the patient transfer system that minimizes the maximum tardiness
relative to MRT. A fixed number of ambulances is available at the depot. Depending on the transfer
demand, all ambulances may be occupied at some times, whereas at others, some ambulances may
remain idle.

In IH-ARP, we are given a set of patients Vi = {1,2,...,m} located at lower-level hospitals and
requiring transfer to higher-level hospitals, a set of receiving beds Vy = {m + 1,m+2,...,m + n}, and a
set of ambulances K = {1, 2, ..., kn.}. Figure 1 illustrates the placement of patients and receiving beds
across hospitals. Receiving capacity is modeled at the bed level, so each selected patient is transferred
from the origin hospital to an individual bed in a higher-level hospital. The ambulance depot is denoted
by 0. Each patient i € V; is associated with an MRT d; and requires a bed at level /; or better, where a
smaller level indicates higher capability. Similarly, each bed j € V; is associated with its hospital level
[;. Multiple patients and multiple beds may belong to the same hospital; see, for example, the hospital
on the left in Figure 1.

Level-4 hospital Level-2 (receiving) hospital

G 8,
4%\”&”
o

r-é o 6] Qﬂ@ﬂ%
T 5

iz ‘v‘blmm

[ Z YT =Y (‘b
Level 4  Level 3 Level 2 Level 4 Level4
patient patient patient bed bed
Level 2 Level 2 Level 2
Can be Need to be Can receive 2 bed bed bed
treated transferred patients up to Can receive 3 patients up to level 2
here level 4

Figure 1. An example of patients and receiving beds.

If patient i is selected, the patient must be transferred to a bed j whose hospital level satisfies [; < [;.
The arrival time at the receiving hospital should not exceed the patient’s MRT d;; otherwise, positive

Journal of Industrial and Management Optimization Volume 22, Issue 6, 2843-2865.



2849

tardiness is incurred. A subset F' C V represents mandatory-transfer patients who must be transferred
because of urgent medical needs or carry-over from previous days.

We denote by c;; the travel time from the origin hospital of patient i € V, to bed j € V; in a receiving
hospital. Similarly, c; denotes the return travel time from bed j € Vj to the origin hospital of patient
i € V. The travel times from the depot to the origin hospital of patient i € V and from bed j € V; to the
depot are denoted by c(; and c o, respectively.

All ambulances are assumed to have homogeneous travel times. According to the situation in Sri
Lanka, the number of patients requiring transfer typically exceeds the number of available beds at each
level /', thatis, {i e Vi | ; =T} > {je Vallj =T}

Input data, including travel times, bed availabilities, service times, and ambulance availability, are
treated as deterministic. This approximation is reasonable for short day-ahead planning horizons, in
which receiving hospitals confirm available beds before dispatch, and travel times are based on stable
historical or map-based estimates. Nevertheless, it may understate operational risk when congestion,
emergency admissions, or ambulance breakdowns occur. In practice, a simple contingency mechanism
is to re-optimize the second-stage routing problem in a rolling horizon whenever a disruption invalidates
the current plan, while preserving transfers that have already begun.

The objective of IH-ARP is to construct an ambulance routing plan that minimizes the maximum
tardiness over all transferred patients. For clarity, the tardiness 7; of patient i relative to MRT d; is
defined as

T, = maX{O, a; — dl'},

where ¢; is the arrival time of patient i at the assigned receiving bed. The maximum tardiness is then
defined by

Thax = Max ;.
i€eVy
Thus, the model limits the worst violation of the clinically recommended latest arrival time.
From the input data, we construct a directed graph G = (V, E), where

o V={0}JUV,UVy,
® E=EqUE4U{0,)]je ViUl 0)]ieVaU{(0,0)}, where

- Esd = {(l’]) | l € Vs’j € Vdalj < ll}
- Ess={(,)D]i€Vy je Vi)

In the model, the arc (0, 0) represents an ambulance that remains idle at the depot and is not dispatched
for patient transfers. We use cqn to denote the total travel time over all arcs, that is, cam = X jer Cij-

We now introduce the decision variables used in the model. The binary variable x; indicates whether
ambulance k traverses arc (i, j). We use g, to denote the departure time associated with patient i, g; to
denote the arrival time at bed j, and T}, to denote the maximum tardiness.

Table 1 summarizes the main notations used throughout the paper, including notations introduced in
later sections.

With these input and variables, IH-ARP is formulated as follows:

min T “4.1)
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Table 1. Notation list.

input data
Vs set of patients requiring transfer
Va set of receiving beds
K
F

set of ambulances stationed at the central depot
mandatory-transfer subset of patients
l;,l;  care level required by patient i / offered by bed j
d; minimum risk time (MRT) of patient i
Cij travel time on arc (i, j)
decision variables
X% 1 if ambulance k traverses arc (i, j); O otherwise

qi dispatch or service-start time associated with node i

Vij 1 if patient i is assigned to bed j; O otherwise

Zis 1 if patient i occupies an ambulance at time #; 0 otherwise
T tardiness of patient i relative to MRT

T.x maximum tardiness over all transferred patients

s.t. ij,.k - Zx,,.k VieVVke K  (4.2)
i€V i€V
PIPRETES VieV,\F  (43)
keK jeVy
> xp=1 VieF  (44)
keK jeVy
PRTES VieVs (45
keK i€V

> xw=1 VkeK  (46)
i€V,U{0}
g0 =0 4.7)
q;=qi+cij— (1 = Xijp)Csum Y(i, j) € Eqgs U Eyq, Yk € K (4.8)
Thax = qi + Z Z CijXijk — di = Coum [1 - Z Z Xijk] Yie Vg 4.9)
keK jeVy kek jeVy

g2 0 VieV (4.10)
Toax > 0 4.11)
Xij € {0, 1} VG, j) € E,Yke K. (4.12)

Constraints (4.2) enforce flow conservation. Constraints (4.3) and (4.4) ensure that patients in F' must
be transferred, whereas all other patients can be assigned to at most one bed. Constraints (4.5) enforce
that each receiving bed is matched with exactly one transferred patient. This equality is intentional
because the planning process predefines the set of active receiving beds for the day, and these active
beds are required to be fully utilized. Constraint (4.6) states that each ambulance departs from the depot,
and (4.7) sets the start time. Constraints (4.8) define arrival times at each location. Constraints (4.9)
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ensure that 7y,,x captures delays beyond MRT d;. Constraints (4.10)—(4.12) define the domains of the
decision variables.

5. Heuristic approaches

The model proposed in Section 4 is deterministic and should therefore be interpreted as a baseline
planning tool rather than as a fully robust real-time control policy. A natural stochastic extension would
treat uncertain travel times or bed cancellations in a second stage with recourse, whereas a robust
extension would protect the assignment and routing decisions against bounded uncertainty in c;; or
active-bed availability. However, even in its deterministic form, model (4.1)—(4.12) becomes difficult
to solve with a commercial MIP solver on medium-to-large instances, as shown by the experimental
results in Section 6.

Accordingly, this section presents three decomposition-based heuristic approaches—ML-MIP, TP-
VRP, and RCPSP-VRP—for obtaining high-quality solutions to instances with up to 132 patients.
Beyond their computational role, these frameworks also provide a natural basis for future extensions to
on-site uncertainty: TP-VRP can incorporate robust assignment costs or scenario-dependent feasibility
checks, and RCPSP-VRP can account for uncertainty through protected processing times or ambulance-
capacity buffers.

In the first approach, ML-MIP, we fix the set of patients to be transferred and solve the remaining
problem using a simplified MIP model. The second and third approaches, TP-VRP and RCPSP-VRP,
share the same overall structure: In the first phase, patients are assigned to suitable hospitals, and in the
second phase, ambulance routes are constructed to minimize the maximum tardiness of the system.

These three heuristics play different roles. ML-MIP serves as a learning-assisted reduction of the
original decision space; TP-VRP is the simplest decomposition baseline with an explicit assignment
parameter; and RCPSP-VRP is our most competitive approach because it anticipates ambulance scarcity
already in the assignment stage. We therefore regard the latter as the strongest practical method, while
the first two methods provide interpretable baselines and help explain which modeling ingredients are
most valuable.

5.1. Approach using machine learning

The first heuristic approach, ML-MIP, utilizes machine learning to identify patients for transfer. In
the first phase, we apply binary classification to distinguish between patients who are assigned and
those who are not. The receiving hospitals of the assigned patients are not determined at this stage.
We test several classification algorithms, including logistic regression (LR) [12], gradient boosting
(GB) [13], random forest (RF) [14], support vector machines (SVM) [15], and artificial neural networks
(ANNSs) [16].

We select the classifier with the highest accuracy to determine the patients to be transferred. To
construct the training data, we solve 50 small-scale instances using the MIP model (4.1)—(4.12) and use
the resulting patient-selection decisions as labels. Let y; denote the predicted probability for each test
sample i € V, \ F. Using these probabilities, we define a subset of patients V| by taking all patients in F
together with the |Vy4| — |F| patients in Vi \ F that have the largest values of ;. Thus, after the first phase,
the selected set contains at most as many patients as there are available beds.

Let V" and E’ denote the node and arc sets induced by V_:
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o V' ={0JUVUV,,

o E'=E,UE| U{0,))|jeV}U{G,0) i€ Vg U{(0,0)}, where
- E =G, )0ieV,jeVal; <1}
- Ey ={G, ) 1ie Vs je Vi

In the second phase, we solve the following MIP based on the graph (V’, E’):

min T (5.1)
St Xk= ) i Vje V. VkeK (5.2)
eV’ eV’
> xp=1 VieV (5.3)
keK jeVy
DY xip=1 Vje Vy (5.4)
keK i€V}
> xou =1 Vk e K (5.5)
i€VIU{0}
qo =0 (5.6)
qj 2 gi + ¢ij — (1 = Xi)Csum V(i, j) € Ej, UE, ,Vke K (5.7)
Toax 2 i+ ) > cijXize — d VieV, (5.8)
keK jeVq
gi >0 VieV’ (5.9)
Thax 20 (5.10)
X € {0, 1) V(. j) € E' Yk € K. (5.11)

Model (5.1)—(5.11) is a simplified version of the original model (4.1)—(4.12) obtained by fixing the
selected patients. Because all patients in V are required to be transferred, one of constraints (5.3) and
(5.4) is redundant. We nevertheless retain both constraints for ease of comparison with the original
model and for readability. By treating the selected patients as fixed input, the feasible region is reduced,
which accelerates computation while preserving the routing and assignment decisions for the preselected
patients.

Algorithm 1 summarizes ML-MIP. Its computational complexity is dominated by the second-stage
MIP model, while the prediction stage is negligible once the classifier is trained. Hence, ML-MIP is
attractive only when fixing the selection variables removes enough combinatorial difficulty to compensate
for a possible classification error.

5.2. Approach based on transportation problem

In the second approach, TP-VRP, patients are assigned to hospitals in the first phase using a modified
assignment cost ¢;; that combines the travel time ¢;; between patient i and receiving bed j with the
patient’s MRT d; as follows:

ci; = cij— ad; (i, j) € Eqa, (5.12)
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Algorithm 1 ML-MIP heuristic.

Train candidate binary classifiers on solved small instances.

Select the classifier with the best validation accuracy.

Predict transfer probabilities y; fori € Vi \ F.

Build V] from F and the highest-probability patients until [V| = [V4|.
Solve the reduced MIP on (V’, E").

Output: the best feasible reduced-model solution.

AN A R

where « is a parameter determined through preliminary empirical testing. If « is set to 0, the modified
assignment cost reduces to the original travel cost. Conversely, if « is assigned a large value, patients
with smaller MRT values are favored more strongly in the assignment stage.

We use the minus sign in (5.12) so that smaller MRT values effectively receive higher priority in the
assignment stage. The tested values a € {0,0.5, 1, 1.5,2, co} were chosen to span the spectrum from
pure distance minimization (@ = 0) to urgency-dominated assignment (¢ — o). In practice, @ = 0
performed best on average (see the results in Section 6), which suggests that explicit routing feasibility
in the second phase already captures much of the urgency effect.

Using a binary variable y;;, where y;; = 1 indicates that patient i is assigned to receiving bed j, the
first phase can be formulated as follows:

min > vy (5.13)
(i,))€EEw

s.t. Zy,-j <1 VieV.\F (5.14)
Jj€Va
Divi=1 Vie F (5.15)
JEVa
D=1 VjeV, (5.16)
ieVs
vij €10, 1} Y(i, ) € Ex. (5.17)

Constraints (5.14) and (5.15) play the same roles as constraints (4.3) and (4.4), respectively: Patients
outside F can be assigned to at most one bed, whereas patients in F must be assigned to exactly one
bed. Constraints (5.16) ensure that hospital capacity is fully utilized, and constraints (5.17) define the
domain of the decision variable.

Problem (5.13)—(5.17) has the structure of a transportation problem (TP), in which supply (patients
to be transferred) is matched to demand (hospital capacity) while minimizing transportation cost.
It can therefore be solved in polynomial time by algorithms such as the network simplex method
or the transportation algorithm [17]. To ensure that total supply equals total demand, we introduce
a dummy destination node j' representing the non-assignment of optional patients when physical
receiving capacity is insufficient. By assigning zero cost to arcs (i, j7) and adding the balance constraint
2iev. Yijt = IVl = [V4l, we keep the transportation model balanced while preserving the interpretation
that only patients assigned to real beds proceed to the second-stage routing problem. This TP structure,
together with the dummy node, makes the first phase computationally efficient.
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In the second phase, we treat the patient-bed assignments produced in the first phase as task nodes.
Each task node v;; represents the transfer of patient i to bed j. We then construct a complete directed
graph on these task nodes together with a special depot node voo. The cost on each arc (v;j, vy ) is
defined as cj» + ¢y . This graph is used as input to a vehicle routing problem with time windows
(VRP-TW), where the time window of node v;; is [0, d; + T'] for a fixed tardiness threshold 7.

VRP-TWs are well studied, and many effective algorithms and solvers are available [8]. However, our
objective, minimizing the maximum tardiness, is less standard. To exploit powerful VRP-TW solvers
such as PyVRP [9], we perform a binary search over the tardiness threshold 7. The initial bounds are set
toT"=0and TY = MmaxXiey, {max i j)eEw Cij — di}+ + tmax, Where (x); = max{0, x}. At each iteration, we
solve a VRP-TW feasibility problem with time windows [0, d; + T] at T = (T* + TY)/2. If the problem
is feasible, we update TV « T'; otherwise, we set T™ « T + 1 for integer-minute data. This process
continues until 7% = TV, which yields the minimum feasible tardiness threshold.

Algorithm 2 summarizes TP-VRP. The first phase is polynomial in the size of the assignment graph,
whereas the second phase repeatedly solves a VRP-TW feasibility problem inside a binary search over
tardiness thresholds. The overall runtime is therefore driven by the number of VRP-TW feasibility
checks and the difficulty of each routing call.

Algorithm 2 TP-VRP heuristic.

Choose @ and solve the transportation model with dummy destination j'.
Keep only patient-bed pairs assigned to real beds.
Build task nodes v;; and the induced routing graph.
Initialize tardiness bounds T and TV.
while Tt < TY do
Set T « (Tt +TY)/2].
Solve the VRP-TW feasibility problem with windows [0, d; + T1].
if feasible then
TY « T.
else
TV « T + 1.
end if
: end while
Output: the routes associated with the minimum feasible tardiness threshold.

R A S - o

—_ = = =
2R =22

5.3. Approach incorporating resource-constrained project scheduling problem

The TP-VRP approach decomposes the original model into an assignment phase and a routing phase.
However, the assignment phase completely ignores the limit on the number of ambulances, and the
parameter @ must be tuned. To address these two issues, we propose a third approach.

In this approach, we replace the TP in the first phase with a resource-constrained project scheduling
problem (RCPSP) to obtain patient-hospital assignments. A related idea appears in [18], where RCPSP
with routing extends the traditional RCPSP by incorporating the movement of resources between
activities using a limited fleet of vehicles. In our approach, we adapt the RCPSP framework to assign
patients to suitable beds while minimizing the maximum tardiness in the system.
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Let = = {0, 1,..., .} denote the time horizon, and let p = (py, p2,..., pn) denote the vector of
processing times, where p; is the processing time of patient (job) i; further details are given below. We
use the same binary variable y;; as in model (5.13)—(5.17) to represent the assignment of patient i to bed
J» and the same continuous variable g; as in model (4.1)—(4.12) to denote the departure time of patient i.
In addition, we introduce a binary variable z;; indicating whether patient i uses an ambulance at time .
The model RCPSP(p), which depends on p, is formulated as follows:

min Csumeax + Z CijYij (518)
(i,)eEsq
S.t. Tmax = q,+ pi — d,’ — Imax [1 - Zyij} VieV (519)
JEVa

D 2 < anax VieE (5.20)
i€V
qi t 1 _tmax(l _Zit)StSqi"'pi_l +tmax(1_zit) Yie VS7Vt€E (521)
q: >0 VieV, (5.22)

(5.14)-(5.17).

The objective function (5.18) is formulated as a single-objective function. The second term, representing
the total assignment cost, acts solely as a scalarized support term (with a small relative weight inherently
provided by ¢y, ) to break ties among assignments with the same maximum tardiness, thereby guiding
the solver toward more efficient routing structures.

Constraints (5.20) ensure the maximum number of ambulances used at any time in the time horizon
= does not exceed the available limit. Constraints (5.21) link ¢; and z;; through a standard big-M
linearization: when z; = 1, time ¢ must lie in the active interval [g; + 1, g; + p; — 1]; when z;; = 0, the
inequalities are relaxed by #,x.

In this study, we set p; = 2min;.; jieg,, ¢ij In p to approximate the round-trip travel time to the nearest
available bed. After solving RCPSP(p), we obtain an optimal assignment y*. Based on these patient-
bed assignments, we then determine the routes by solving VRPTW (y*) using the same second-phase
procedure as in the TP-VRP approach.

Although this approach already provides satisfactory solutions, it can be improved further. We
therefore extend it to an iterative framework.

Let Y be the set of assignment vectors generated in previous iterations, initially empty. In each
iteration, we solve RCPSP(p, Y) by adding the following constraint to RCPSP(p):

Z vij =1 Yy €Y.

(i )€E: ¥};=0

This constraint ensures that the assignment obtained in the current iteration differs from all assignments
found previously. Algorithm 3 summarizes the resulting iterative framework.

The strength of RCPSP-VRP comes from representing ambulance contention already in the
assignment phase through the resource constraints (5.20)—(5.21). This helps explain why the method is
especially effective on the largest instances, where assignment decisions that ignore ambulance scarcity
can drive the second-stage routing problem toward poor or infeasible regions.
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Algorithm 3 The iterated approach combining RCPSP and VRP-TW.

init
i

1: p < p™ where p™' = 2 min;, ; jer, Cij-

2: Y « 0.

3: Set incumbent Vipcumbent S Vincumbent <— +99.

4: while the time limit is not reached do

5 Solve RCPSP(p, Y), and obtain an optimal solution y*.

6 Y <« YU{y}

7 Solve VRP-TW(y*) using binary search based on the assignments y*, and obtain an optimal set

of routes o* as well as its maximum tardiness v*.

8: For each patient i appearing in o, update p; in p as the sum of the travel time from the previous
location to i and the transfer time for i.
9: if Vipcumbent > v then
10: Vincumbent <~ v, and O incumbent € o’
11: end if

12: end while
13: OUtPUt: Vincumbent and O incumbent-

6. Computational experiments

This section describes the test instances and presents the computational results for the proposed
model and heuristic approaches.

6.1. Instance description

To evaluate the performance of the MIP model and the heuristic algorithms, we generated two types
of datasets: randomly generated instances and instances derived from real-world data.

Real-world (real) instances were constructed from operational data to reflect the complexities and
constraints of the patient transfer system in the Colombo district. This district comprises one level-1
hospital, five level-2 hospitals, one level-3 hospital, two level-4 hospitals, nine level-5 hospitals, and 27
level-6 hospitals. Random (rand) instances are synthetic datasets generated to evaluate the performance
of the MIP model and heuristic algorithms in controlled but still challenging settings. For these
instances, we randomly selected 15 to 25 patient-transfer requests from large-scale real-world instances
and retained the corresponding level-compatibility rules, travel-time matrix entries, and ambulance
counts. These random instances can be harder than some real instances because random sampling may
produce concentrated urgent requests (small MRT values) together with tight bed compatibility, thereby
increasing combinatorial difficulty.

The random-instance generation process can be summarized as follows: (i) choose a source real-
world day, (ii) sample 15-25 requests without replacement, (iii) retain the original admissible receiving
beds and ambulance count associated with that sampled subset, and (iv) verify feasibility of the
mandatory-transfer set against the active receiving beds before solving the instance. These instances
are intentionally small because they were also used to generate exact labels for ML training. We
acknowledge that this design is better suited for controlled validation than for large-scale synthetic
stress testing, and we identify broader random-instance generation as an important extension.
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Detailed information on the random and real-world instances is given in Table 2. Each instance is
denoted by “wwww-xx-yy-z,” where type = wwww specifies the instance type, m = xx indicates the
number of patients, >, b; = yy is the total receiving capacity (beds), and k,.x = z represents the number
of ambulances. For all instances, f,,,x 1s set to 480 minutes (8 working hours).

Across all tested instances, the number of patients ranges from 15 to 132, total active receiving beds
from 14 to 129, and the number of ambulances from 3 to 24. The planning horizon is one working day
(480 minutes). In the real-world data, ST requests are collected before dispatch and are paired with
expert-provided MRT values that define the latest desirable arrival times. IIT requests are not part of the
computational dataset because they are handled by a separate emergency fleet.

Table 2. Instance information.

name type m Y bj kma
rand-15-14-3 rand 15 14 3
rand-17-16-3 rand 17 16 3
rand-20-18-4 rand 20 18 4
real-24-17-4 real 24 17 4
real-24-19-5 real 24 19 5
rand-25-22-5 rand 25 22 5
rand-25-24-6 rand 25 24 6
real-25-17-4 real 25 17 4
real-25-22-5 real 25 22 5
real-26-24-6 real 26 24 6
real-45-42-9 real 45 42 9
real-70-66-14 real 70 66 14
real-76-74-16 real 76 74 16
real-80-77-16 real 80 77 16
real-96-88-19 real 96 88 19
real-96-90-22 real 96 90 22
real-96-94-22 real 96 94 22

real-110-104-22 real 110 104 22
real-126-121-23 real 126 121 23
real-132-129-24 real 132 129 24

To train the machine learning models described in Section 5.1, we constructed an additional dataset
from 50 small-scale instances, each with 15-25 patients and generated in the same way as the rand
instances. The corresponding optimal solutions were obtained from the MIP model. These instances
yielded 1236 training records, each representing an individual patient. The dataset included the following
features:

o the MRT of each patient,

e the distance from the patient to the depot,

e the distances from the patient to beds in each receiving hospital (if a receiving hospital cannot
meet the required level for the patient, the corresponding distance is set to infinity),

e the capacity of each hospital,
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e the ratio of the number of available ambulances to the total number of patients.

6.2. Implementation details

All algorithms and mathematical models were implemented in Python 3.10.7 and executed on a
PC with an 11th Gen Intel(R) Core(TM) 17-1185G7 processor (3.00 GHz) and 16 GB of memory. All
mathematical programming models were solved using Gurobi Optimizer (version 13.0.1). For the
binary classification models, we used the open-source Python library scikit-learn (version 1.3.2).
For ML-MIP, we report results for RF because it achieved the highest validation accuracy among LR,
GB, RF, SVM, and ANN. To solve the VRP-TW subproblems arising in the binary search, we used
PyVRP (version 0.9.1) with a stopping criterion that terminates the search after 10 consecutive iterations
without improvement of the incumbent solution. All computational experiments were run with a time
limit of 300 seconds.

6.3. Experimental results

We begin with the computational results for the MIP model described in Section 4. Table 3 reports
the running time (column “time”) in seconds and the corresponding objective value (column “obj™)
obtained within the time limit for the random instances. The notation “t.1.” indicates that the instance
was not solved to optimality within the time limit.

Table 3. Results obtained by MIP model on random instances.

instance time obj
rand-15-14-3 73.8 0
rand-17-16-3 tl. 20
rand-20-18-4 tl. 54
rand-25-22-5 t.1. 3
rand-25-24-6 tl. 42

The MIP model obtained a proven optimal solution for only one instance, namely the case with 15
patients and 3 ambulances. For the remaining random instances, all of which had more than 15 patients
and beds in total, the MIP model failed to prove optimality within the time limit, which motivates the
use of heuristic approaches. This table is included only to illustrate the computational capacity and
limitations of the original MIP formulation on random instances. At this stage, our goal is not to claim
strong performance on the random set but to show how quickly the exact model becomes challenging as
instance size increases, thereby motivating the need for heuristic methods in the subsequent experiments.
Because of constraints (4.5), (5.4), and (5.16), the number of transferred patients is fixed at |V in all
tested solutions; therefore, the number of non-transferred patients is m — |V;| for each instance.

Parameter tuning for the second heuristic approach (TP-VRP), described in Section 5.2, was
performed over six values of @ on 15 real-world instances. The results are summarized in Table 4.
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Table 4. Results of the TP-VRP approach based on different values of a.

a=0 a=0.5 a=1 a=1.5 a=2 @ = +o00

instance time obj time obj time obj time obj time obj time obj
real-25-17-4 06 O 05 O 06 O 0.7 12 0.6 14 0.5 36
real-25-22-5 06 O 05 11 06 O 07 0 06 O 06 O
real-24-17-4 05 O 06 O 06 O 05 O 05 O 0.6 15
real-24-19-5 05 O 06 O 06 O 06 O 05 O 06 O
real-26-24-6 06 O 05 O 07 O 06 O 06 O 06 5
real-45-42-9 08 O 08 O 08 O 09 O 07 0 08 O
real-70-66-14 .1 0 1.3 0 1.3 0 1.2 0 1.3 0 .1 0
real-76-74-16 1.6 O 14 0 1.7 0 1.3 0 1.8 0 1.5 1
real-80-77-16 1.3 0 20 O 14 O 1.7 0 15 0 1.2 0
real-96-88-19 22 0 24 0 23 13 23 6 1.6 12 1.6 14
real-96-90-22 1.7 0 23 0 1.8 O 1.8 0 20 O 21 0
real-96-94-22 22 0 26 0 23 0 21 0 26 0 1.7 0
real-110-104-22 26 0 27 4 23 4 25 22 23 9 25 21
real-126-121-23 34 50 3.1 38 25 39 27 43 2.1 45 32 54
real-132-129-24 35 50 33 5l 3.0 52 32 52 34 55 32 58

The notation “a = +00” indicates that assignment priorities are determined solely by MRT, that
is, pairs are ranked by increasing d; rather than by travel time. All other notations are consistent with
Table 3. Table 4 shows that TP-VRP generally performs better for smaller values of a than for larger
ones. For readability, Table 5 also reports the best objective value for each instance and the absolute gap
of each « setting from that best value. For instance, an optimal solution for real-25-22-5 was obtained
when a € {0, 1, 1.5,2}, which indicates that the best setting of @ depends on the instance. Because
TP-VRP terminates in less than 3 seconds for any fixed value of «, far below the 300-second time limit,
we treat TP-VRP as a six-setting multi-start procedure over a € {0, 0.5, 1, 1.5, 2, +c0} and report the best
objective value together with the total running time in Table 6.

Finally, we compare the results on 15 real-world instances obtained by the proposed mixed integer
programming model (MIP) in Section 4 with those obtained by the three heuristic approaches introduced
in Section 5: ML-MIP (Section 5.1), TP-VRP (Section 5.2), and RCPSP-VRP (Section 5.3). The
notation “—" indicates that no feasible solution was found within the time limit.

To improve comparability across methods, Table 7 reports the best objective value per instance and
the absolute optimality gap of each method from that best value.

Table 6 shows that MIP and ML-MIP perform similarly in both running time and objective value.
Both approaches obtained optimal solutions for five instances with up to 70 patients. However, for
all instances with more than 70 patients, neither MIP nor ML-MIP found a feasible solution within
the 300-second time limit. This suggests that reducing the feasible region by fixing only the binary
patient-selection variables is not sufficient to improve computational performance substantially.
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Table S. Best objective value and absolute objective gaps for TP-VRP parameter settings.

absolute gap

instance best a=0 =05 a=1 a=15 a=2 a=ox
real-25-17-4 0 0 0 0 12 14 36
real-25-22-5 0 0 11 0 0 0 0
real-24-17-4 0 0 0 0 0 0 15
real-24-19-5 0 0 0 0 0 0 0
real-26-24-6 0 0 0 0 0 0 5
real-45-42-9 0 0 0 0 0 0 0
real-70-66-14 0 0 0 0 0 0 0
real-76-74-16 0 0 0 0 0 0 1
real-80-77-16 0 0 0 0 0 0 0
real-96-88-19 0 0 0 13 6 12 14
real-96-90-22 0 0 0 0 0 0 0
real-96-94-22 0 0 0 0 0 0 0
real-110-104-22 0 0 4 4 22 9 21
real-126-121-23 38 12 0 1 5 7 16
real-132-129-24 50 0 1 2 2 5 8
avg. 5.87 0.80 1.07 133 3.13  3.13 7.73
Table 6. Comparison of four approaches.

MIP ML-MIP TP-VRP RCPSP-VRP
instance time  obj time obj time obj time obj
real-25-17-4 26.1 0 254 0 3.5 0 1.7 0
real-25-22-5 tl. 33 tl. 43 36 0 1.8 0
real-24-17-4 243 0 562 0 33 0 1.2 0
real-24-19-5 67.8 0 432 0 34 0 1.4 0
real-26-24-6 tl. 42 tl. 50 36 0 1.5 0
real-45-42-9 376 0 13.1 0 48 0 2.6 0
real-70-66-14 127.7 0 61.6 O 7.3 0 5.1 0
real-76-74-16 tl. — tl. — 9.3 0 5.1 0
real-80-77-16 tl. — tl. — 9.1 0 5.0 0
real-96-88-19 tl. — tl. — 124 0 5.7 0
real-96-90-22 tl. — tl. — 1.7 0 53 0
real-96-94-22 tl. — tl. — 13.5 0 54 0
real-110-104-22 tl. — tl. — 149 0 7.6 0
real-126-121-23 tl. — tl. — 17.0 38 15.5 38
real-132-129-24 tl. — tl. — 196 50 17.2 46
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Table 7. Best objective values and method-wise absolute optimality gaps on real-world

instances.
absolute gap
instance best MIP ML-MIP TP-VRP RCPSP-VRP
real-25-17-4 0 0 0 0 0
real-25-22-5 0 33 43 0 0
real-24-17-4 0 0 0 0 0
real-24-19-5 0 0 0 0 0
real-26-24-6 0 42 50 0 0
real-45-42-9 0 0 0 0 0
real-70-66-14 0 0 0 0 0
real-76-74-16 0 — — 0 0
real-80-77-16 0 — — 0 0
real-96-88-19 0 — — 0 0
real-96-90-22 0 — — 0 0
real-96-94-22 0 — — 0 0
real-110-104-22 0 — — 0 0
real-126-121-23 38 — — 0 0
real-132-129-24 46 — — 4 0
avg. 5.60 10.71 13.29 0.27 0.00

By contrast, TP-VRP and RCPSP-VRP obtained matching or better feasible solutions in substantially
shorter time for all instances with at most 70 patients. For the six instances with 76—110 patients, both
TP-VRP and RCPSP-VRP obtained optimal solutions, whereas MIP and ML-MIP failed to find feasible
solutions within the time limit. For the two largest instances, with more than 120 patients, RCPSP-VRP
outperformed TP-VRP by achieving better objective values.

A concise summary of method-level performance on the 15 real-world instances is as follows: MIP
and ML-MIP each found feasible solutions for 7 of the 15 instances (46.7%) within the 300-second
time limit, whereas TP-VRP and RCPSP-VRP did so for all 15 instances (100%). The average absolute
optimality gap from the best known objective value is 10.71 for MIP, 13.29 for ML-MIP, 0.27 for
TP-VRP, and 0.00 for RCPSP-VRP. On the seven instances where MIP and RCPSP-VRP both found
feasible solutions, the average runtime decreased from 126.2 to 2.19 seconds. These figures reinforce
that the main benefit of decomposition is not only feasibility recovery but also a drastic reduction in
search effort.

For 13 of the 15 instances, the best objective value was 0, and both TP-VRP and RCPSP-VRP
reached this value quickly. Positive tardiness remains only in the two largest instances. Thus, although
a 300-second time limit is sufficient for most tested cases, longer time limits may still be useful on the
largest ones.

The prevalence of zero maximum tardiness deserves interpretation. It does not imply that the
instances are trivial; rather, it indicates that many daily scheduled-transfer cases can be completed within
all MRT limits once compatibility and routing are handled well. In such cases, the problem behaves
like a highly constrained feasibility problem, while the largest instances preserve nonzero tardiness
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and therefore discriminate more clearly between methods. A natural extension is to study secondary
objectives—for example, total travel time or total tardiness—conditional on achieving 7'y,.x = 0.

In addition to the real-world instances, random instances can be used as synthetic stress cases for
heuristic validation. Although these instances are smaller, they can still be structurally tight; this is
consistent with the observed MIP difficulty and the combinatorial coupling between compatibility and
MRT constraints.

Because the current random instances were primarily generated for exact-label creation and controlled
validation, they do not yet provide the kind of broad scalability study that a larger synthetic benchmark
set would enable. We therefore view the real-world instances as the main evidence for large-scale
performance and identify expanded synthetic testing as an important next step.

The difference in algorithm performance can be explained by analyzing the structure of the problem.
The MIP and ML-MIP models must explore a large and tightly coupled decision space, where routing,
timing, and feasibility constraints interact combinatorially. Even with a reduced number of binary
decisions, the ML-MIP model struggles to ensure feasibility as the number of patients increases.
Moreover, inaccuracies in the ML-driven patient selection may also negatively influence solver
performance. In contrast, the TP-VRP and RCPSP-VRP approaches decompose the problem more
effectively by constructing feasible routing and scheduling structures before optimization. This
decomposition significantly reduces the search space and enables faster convergence. In the TP-VRP
method, the algorithm parameter also balances the contributions of both the patient’s MRT and the
travel time in the patient-bed assignment, helping to avoid poor search directions. Additionally, the
RCPSP-VRP better captures ambulance-resource contention in the assignment phase, which explains its
superior performance for the largest two instances.

From an ablation perspective, the progression ML-MIP — TP-VRP — RCPSP-VRP is informative.
Fixing patient selection alone offers limited benefit, so the assignment/routing decomposition is the
main source of improvement. Incorporating ambulance-capacity information in the assignment phase
yields a further gain on the hardest cases, explaining the advantage of RCPSP-VRP over TP-VRP. This
interpretation clarifies which design choices are most consequential: decomposition matters more than
learning-based selection, and resource-aware assignment matters most on large instances.

The methods also differ in their sensitivity to data perturbations. ML-MIP is the most brittle because
an early misclassification can remove a clinically important patient from the reduced model. TP-VRP is
easier to re-run quickly after a bed cancellation, but it may still assign too many concurrent transfers
because ambulance contention is handled only later. RCPSP-VRP is more resilient to ambulance
scarcity, although all three methods would benefit from a rolling-horizon contingency rule in practice:
when a bed becomes unavailable or an ambulance breaks down, already started transfers are fixed, and
the remaining unserved tasks are re-optimized from the current time.

Overall scalability is governed primarily by the number of patients, but the interaction with bed
capacity and ambulance count is also important. More patients increase the assignment and routing
search spaces, tighter bed capacity intensifies competition among compatible destinations, and fewer
ambulances increase route coupling over time. This is precisely why RCPSP-VRP becomes relatively
stronger on the largest instances: it internalizes the scarce-ambulance effect before route construction.

A practical limitation of the present study is that we do not compare our approach against a wider
family of external metaheuristics. Our goal here is to compare three decomposition strategies that are
naturally aligned with the proposed MIP formulation. Expanding the benchmark set to include general-
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purpose metaheuristics or uncertainty-aware methods is an important direction for future empirical
validation.

7. Conclusions

In this study, we investigated an inter-hospital ambulance routing problem (IH-ARP) motivated
by challenges in the Sri Lankan health service system. To address it, we formulated a mixed integer
programming (MIP) model that minimizes the maximum tardiness. However, the exact model struggled
to produce feasible solutions within a realistic time limit, which motivated the development of three
heuristic approaches.

The first approach, ML-MIP, uses binary classification to identify a subset of patients to be transferred
and then solves a simplified mathematical model. The second approach, TP-VRP, decomposes the
problem into two phases: patient-to-bed assignment via a transportation problem and route construction
via a vehicle routing problem with time windows (VRP-TW) solved through binary search on tardiness.
The third approach, RCPSP-VRP, replaces the transportation problem with a resource-constrained
project scheduling problem (RCPSP) to account for ambulance availability and then improves the
solution within an iterative framework.

Our computational experiments on real-world data highlight the strengths and limitations of these
approaches. MIP and ML-MIP perform similarly across instances but fail to solve the large-scale cases
within the time limit. By contrast, TP-VRP and RCPSP-VRP match the optimal solutions found by
MIP on the instances solved to optimality, while requiring much less time. Among them, RCPSP-VRP
performs best on the largest instances, especially when the number of patients exceeds 100.

The main novelty of the work lies in the integrated IH-ARP formulation and in the problem-specific
decomposition of assignment, scheduling, and routing under an MRT-based worst-case objective. We
further clarified the deterministic assumptions, the distinction between ST and IIT operations, the role
of the parameter «, and the practical robustness implications of the proposed heuristics.

Several directions for future research remain. First, the proposed methods could be improved further,
and one promising direction is the development of an automated tuning procedure for & in TP-VRP to
improve adaptability and performance across diverse instances. Second, it would be valuable to design
algorithms that produce lower bounds for IH-ARP, especially for large-scale instances where the current
MIP lower bounds are consistently 0. Such bounds would provide stronger benchmarks for evaluating
heuristic solution quality. Finally, although this study focuses on scheduled inter-hospital transfers,
developing algorithms tailored to immediate emergency transfers is another important direction.
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