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Abstract— Crises such as pandemics, natural disasters, and
mass casualty incidents place immense pressure on emergency
medical services to ensure rapid and effective patient care.
Optimized ambulance routing is essential for these operations,
as it directly influences response times, patient survival rates,
and the overall resilience of healthcare systems. This study
proposes a hybrid approach combining the Non-Dominated
Sorting Genetic Algorithm III and automated machine learning,
specifically the Tree-Based Pipeline Optimization Tool, to solve
the priority-oriented ambulance routing problem. The Non-
Dominated Sorting Genetic Algorithm III is used to minimize
treatment completion times and prioritize critically ill patients,
while the Tree-Based Pipeline Optimization Tool automates the
generation of predictive models for probabilistic routing factors
such as patient priority and traffic conditions. By integrating
the optimization capabilities of evolutionary algorithms with
machine learning, the proposed method improves both opera-
tional efficiency and equitable healthcare delivery. Experimental
results show that the hybrid approach outperforms traditional
methods in optimizing ambulance routes and prioritizing pa-
tients effectively.

Keywords
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I. INTRODUCTION
In emergency healthcare systems, the Ambulance Routing

Problem (ARP) is crucial, as effective decision-making can
significantly impact patient outcomes. Global crises such
as the COVID-19 pandemic, natural disasters, and terrorist
attacks have highlighted the growing importance of efficient
ambulance routing to ensure timely medical intervention and
optimal resource use. Medical transport, particularly during
emergencies, faces a unique set of challenges. These real-
time operational challenges in EMS management primarily
involve dispatching and routing, both of which are critical to
ensuring effective emergency responses [29]. Dispatching is
essential as it ensures that the most appropriate Emergency
Medical Services (EMS) vehicles are selected based on the
nature and location of emergency calls, directly impacting
the speed and suitability of medical intervention. Routing is
equally vital, as it determines the precise path an ambulance
should take to reach the patient, minimizing costs and max-
imizing the efficient use of resources, which can ultimately
save lives. The dynamic nature of these decisions, combined
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with the urgency of medical care underscores the need for
optimized and adaptable solutions in EMSs.

In response, researchers have directed significant atten-
tion toward developing innovative, sustainable solutions to
overcome the challenges faced in this field, aiming to make
emergency healthcare operations more effective and lifesav-
ing outcomes more accessible. Our previous research [11],
conducted by A. Haddad along with T. Tlili, I. Nouaouri,
and S. Krichen, contributed to the field by applying the Non-
Dominated Sorting Genetic Algorithm III (NSGA-III) as a
metaheuristic to address the ARP. This approach focused
on the dual objectives of minimizing total travel cost and
reducing treatment completion time. Building on this work,
the current study expands the scope of ARP by integrating
patient priority constraints, ensuring that urgency levels are
factored into routing decisions. In emergencies, prioritizing
patients based on their medical condition is crucial, as it
directly correlates with survival rates and outcomes. Patient
prioritization directly equates with survival rates, adding a
vital dimension to the problem formulation. Furthermore,
this research introduces the integration of NSGA-III with
machine learning techniques recognizing its potential as
an innovative approach in the optimization process. These
contributions advance ARP solutions by addressing both
operational complexity and the humanitarian demands of
emergency healthcare.

II. STATE OF THE ART

Optimizing healthcare systems, particularly in emergency
medical services, is crucial for improving response times,
resource allocation, and patient care. Research in this area
addresses challenges such as ambulance routing, patient
prioritization, and cost minimization, often involving mul-
tiple conflicting objectives. This section highlights recent
advancements in optimization techniques applied to EMS
and healthcare settings. For instance, [1] employed a mod-
ified grouping genetic algorithm to predict EMS demand,
optimizing ambulance locations and fleet sizes, thereby
demonstrating the robust potential of genetic approaches in
enhancing service efficiency. Similarly, [2] focused on the
location-routing problem during disaster scenarios, utilizing
NSGA-II combined with a shuffled frog leaping algorithm
to create a robust optimization framework that minimizes
relief time and costs. [3] introduced a Mixed-Integer Linear
Programming (MILP) model for ambulance routing in emer-
gencies, integrating NSGA-II and multi-objective particle
swarm optimization.
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Additionally, [10] presented a bi-objective model for
the home care routing and scheduling problem, aiming to
minimize operating costs while maximizing service levels
by considering patient preferences. This study proposed
a metaheuristic algorithm combining large neighborhood
search with multi-directional local search. Furthermore, [22]
addressed the COVID-19-induced real-time ambulance dis-
patching problem, focusing on minimizing response time,
uncovered priority emergency calls, relocation time, and
deviated ambulances. This was achieved using an improved
multi-objective evolutionary algorithm with simulated an-
nealing. [23] tackled the fair and timely distribution of
medical supplies by proposing an open vehicle routing op-
timization model that minimizes demand satisfaction rate
gaps and total delivery time. The model used a differential
evolutionary algorithm with non-dominated sorting for effec-
tive Pareto optimization, validated with real-world COVID-
19 data. [24] optimized ambulance dispatch, relocation, and
technician allocation to improve emergency response and
reduce system costs by proposing a bi-objective mathemat-
ical model. Small problems were solved using the aug-
mented epsilon-constrained method, while larger instances
were tackled using NSGA-II and multi-objective particle
swarm optimization metaheuristics. [27] proposed a two-
stage stochastic programming model to optimize ambulance
location and routing, addressing uncertainties in emergency
calls, travel times, and pathways. The model incorporates
a heterogeneous fleet and prioritizes treatment golden time,
using a progressive estimating algorithm. These approaches
demonstrate significant advancements in tackling complex,
multi-objective challenges in EMS.

Patient prioritization is critical in healthcare optimization,
ensuring that critical cases receive prompt attention and
improving overall system performance. Studies have empha-
sized the importance of tailored strategies to enhance service
delivery. [4] developed a bi-objective model for the EMS
vehicle routing problem, prioritizing critical patients while
optimizing response times and costs using NSGA-II and a
multi-objective bees algorithm. [5] tackled the home health-
care routing and scheduling problem, which shares similar-
ities with the ARP in optimizing patient-centered transport
but differs in its focus on planned care rather than emergency
response. The research integrates patient satisfaction and
uncertainty into a fuzzy optimization framework, solved
using a new modified multi-objective version of the social
engineering optimizer. [7] addressed routing and assignment
in home health care services, balancing patient preferences,
caregiver satisfaction, and operational costs using a mixed-
integer linear programming model. Nurse scheduling was
also explored by [6], optimizing visit schedules based on
patient condition severity and time since the last visit using
an adaptive large neighborhood search algorithm. A two-
phase heuristic was introduced by [8] for a dynamic hospital
dial-a-ride problem to prioritize patient convenience in real-
time routing. [9] focused on a multi-objective maximum
availability location problem, incorporating queuing theory
to ensure population coverage reliability while minimizing

associated costs. Additionally, [12] proposed a three-phase
metaheuristic combining the Longest Processing Time (LPT)
algorithm for scheduling, the variable neighborhood descent
algorithm for routing, and a satisfaction-maximizing heuris-
tic to address home care service optimization, minimizing
travel distances and maximizing patient satisfaction. [25]
introduced a novel, model-driven decision support system for
real-time ambulance relocation, maximizing demand cover-
age, minimizing travel time, and prioritizing demand using
dynamically updated categories. These studies collectively
showcase diverse approaches that prioritize patient needs in
optimizing healthcare processes.

Despite the growing interest in the ambulance routing
problem, there is a gap in research integrating Machine
Learning (ML) techniques. Two notable studies in this area
include [13], which introduces an online optimization ap-
proach that incrementally learns uncertainties in travel times,
triage levels, treatment durations, and victim conditions
during post-disaster scenarios, and [14], which tackles the
challenge of unknown triage levels and treatment times in
mass casualty incidents by employing a dynamic learning
model to optimize ambulance routing and scheduling in real-
time. [28] addresses the ambulance dispatch problem with
a reinforcement learning-based strategy, using a multi-agent
Q-network with experience replay to dynamically assign am-
bulances to patients, demonstrating its effectiveness through
simulations and extensive experiments.
While machine learning focuses on leveraging data for pre-
dictive insights, the Internet of Things (IoT) enhances real-
time decision-making by enabling seamless data collection
and connectivity. For instance, [26] presents an IoT emer-
gency service system utilizing a real-time node rank index
algorithm to determine optimal ambulance routes, accounting
for traffic congestion and distance, thus enhancing response
times by selecting the most suitable ambulance and route.
All the aforementioned studies are summarized in table I for
a comparative overview.

In conclusion, researchers in EMS optimization have made
substantial advancements, offering promising solutions for
improving patient outcomes and healthcare efficiency. How-
ever, several challenges remain. Most studies rely on heuristic
approaches with static parameters, limiting adaptability to
real-time uncertainties like patient conditions, traffic dynam-
ics, and resource availability. While some research incorpo-
rates stochastic models, the integration of emerging technolo-
gies such as artificial intelligence and real-time data analytics
remains limited. Additionally, multi-objective optimization
often focuses on response time and cost, overlooking patient-
centric factors like service equity and dynamic prioritization.
Although IoT-based solutions exist, their integration with op-
timization models for automated, intelligent decision-making
is still underdeveloped.
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III. PROBLEM DEFINITION

In the context of the ARP, ambulances are deployed from
centralized medical hubs—such as hospitals or Points of Care
(PoCs), to reach patients distributed across a geographical
area. These patients are categorized based on the severity of
their conditions. Figure 1 illustrates a representative POARP
scenario. It includes:

• A central hospital, functioning both as the dispatch point
and final destination for all ambulances;

• Multiple patients, with high-priority patients marked in
red and lower-priority patients in green; and

• Several ambulance routes, each depicting how a vehicle
is assigned to serve different patients.

Fig. 1. Schematic illustration of the POARP

A. Mathematical Model

The mathematical model presented below builds upon
our latest formulation [11]. In this updated formulation, we
introduce a new objective function designed to respect patient
priorities. This enhancement aligns with the goal of optimizing
the routing of ambulances to patients while considering
multiple objectives simultaneously. The model incorporates
three distinct objectives:

Minimization of Total Travel Cost: This objective mini-
mizes the overall travel cost incurred by all ambulances during
the routing process. The goal is to reduce the cost associated
with ambulance movement between patients and a PoC. This
is achieved by minimizing the total distance. The objective is
formulated as:

min
∑︁
𝑖∈𝐴

∑︁
𝑗∈𝐴

∑︁
𝑘=1

𝑐𝑖 𝑗𝑥𝑖 𝑗𝑘

where 𝑐𝑖 𝑗 represents the travel cost between nodes 𝑖 and
𝑗 , and 𝑥𝑖 𝑗𝑘 is a binary decision variable indicating whether
ambulance 𝑘 travels from node 𝑖 to node 𝑗 .

Minimization of Completion Time Across Patient Pri-
orities: The second objective considers patient priorities,
introducing a weighted approach to minimize the completion
time for red-code (high-priority) and green-code (lower-
priority) patients. Red and green code patients are prioritized
based on the severity of their medical needs, and the objective

seeks to ensure that these patients receive prompt treatment.
This objective can be expressed as:

min𝑤𝑔 · 𝐸𝑔 + 𝑤𝑟 · 𝐸𝑟

𝐸𝑔 and 𝐸𝑟 represent the latest service completion times for
green-code and red-code patients, respectively, and 𝑤𝑔 and
𝑤𝑟 are the weights given to each category.

Minimization of Makespan: The third objective aims to
minimize the makespan, which is the total time required to
complete all treatments within the scheduling period. It focuses
on optimizing the overall treatment efficiency for all patients.
The objective is defined as follows, where 𝑇max represents the
maximum completion time across all patients.

min𝑇max

These objectives often conflict with one another. Mini-
mizing travel cost tends to favor shorter routes, which may
increase the makespan, while focusing on giving precedence
to red and green code patients might lead to higher costs
and longer travel times. Moreover, prioritizing patients can
increase the makespan by dedicating more resources to high-
priority cases. These conflicts are resolved through Pareto-
optimal solutions, where no objective can be improved without
worsening another.

𝑀𝑖𝑛
∑︁
𝑖∈𝐴

∑︁
𝑗∈𝐴

∑︁
𝑘=1

𝑐𝑖 𝑗𝑥𝑖 𝑗𝑘 (1)

𝑀𝑖𝑛 𝑤𝑔 · 𝐸𝑔 + 𝑤𝑟 · 𝐸𝑟 (2)

𝑀𝑖𝑛 𝑇𝑚𝑎𝑥 (3)

∑︁
𝑗∈𝐴

|𝐾 |∑︁
𝑘=1

𝑥𝑖 𝑗𝑘 = 1, for all 𝑖 ∈ 𝐸 (4)

∑︁
𝑗∈𝐴

|𝐾 |∑︁
𝑘=1

𝑥 𝑗𝑖𝑘 = 1, for all 𝑖 ∈ 𝐸 (5)∑︁
𝑗∈𝐸

𝑥𝑖 𝑗𝑘 =
∑︁
𝑗∈𝐸

𝑥 𝑗𝑖𝑘 , for all 1 ≤ 𝑘 ≤ 𝑝, 𝑖 ∈ 𝑉 (6)∑︁
𝑖∈𝐴

∑︁
𝑗∈𝐸

𝑥𝑖 𝑗𝑘𝑐𝑖 𝑗 ≤ 𝐶k
𝑚𝑎𝑥 , for all 1 ≤ 𝑘 ≤ 𝑝 (7)∑︁

𝑖∈𝐹

∑︁
𝑗∈𝐸

𝑥𝑖 𝑗𝑘 ≤ 1, for all 1 ≤ 𝑘 ≤ 𝑝 (8)

In multi-objective optimization, it is essential to balance ob-
jectives such as minimizing costs, respecting patient priorities,
and optimizing treatment time. These goals are addressed si-
multaneously using a Pareto-based approach to manage trade-
offs effectively. The mathematical model is defined through
a set of objective functions and constraints, as presented in
equations (1)–(8). The objective function (1) minimizes the
total travel cost. Objective function (2) aims to minimize the
service completion time for red-code and green-code patients,

4



addressing patient priorities and preferences, as described in
[4]. Lastly, objective function (3) minimizes the makespan,
defined as the overall time required to complete all treatments
in the schedule.
The model operates under a set of constraints similar to those
outlined in our earlier formulation. Constraints (4) and (5)
ensure that each patient is visited exactly once by a single
ambulance. Constraint (6) enforces that ambulances must
depart from the same location they visit. Additionally, each
route must end at a hospital, and constraint (7) ensures that the
travel budget is not exceeded. Finally, constraint (8) guarantees
that all ambulances begin their routes at the PoC.

B. Parameters and Variables
The problem parameters, sets, and decision variables used

in the mathematical formulation are summarized in table II.

TABLE II
PROBLEM PARAMETERS AND VARIABLES DEFINITION

Sets
𝐸 = {1, 2, . . . , 𝑛} : Set of patients
𝐹 = {1, 2, . . . , 𝑚} : Set of PoCs
𝑃 = {1, 2, . . . , 𝑝} : Set of ambulances
𝐴 = 𝐸 ∪ 𝐹 : Set of patients and PoCs

Parameters
𝑑𝑖 𝑗 : Distance connecting the vertices 𝑖 and 𝑗
𝑐𝑖 𝑗 : Travel cost between vertices 𝑖 and 𝑗
𝑐𝑘max : Maximum travel cost of ambulance 𝑘
𝑇max : Maximum completion time of treatment
𝑤𝑟 : Priority given to red code patients
𝑤𝑔 : Priority given to green code patients

Decision Variables
𝑥𝑖 𝑗𝑘 ∈ {0, 1} : Binary decision variable showing if edge (𝑖, 𝑗 ) is
traversed by ambulance 𝑘
𝐸𝑟 : Latest service completion time among all red code patients
𝐸𝑔 : Latest service completion time among all green code patients

IV. PROPOSED APPROACH
This section introduces our methodology for solving

Priority- Oriented Ambulance Routing Problem (POARP). We
leverage NSGA-III as a metaheuristic optimization framework
to minimize total travel cost, treatment completion time, and
patient prioritization penalties.

A. NSGA-III Overview
The non-dominated sorting genetic algorithm III is an

advanced evolutionary algorithm tailored for many-objective
optimization problems, offering improved diversity handling
compared to its predecessor, NSGA-II. Like its predecessor,
it operates on a population of solutions that evolve over mul-
tiple generations through selection, crossover, and mutation.
However, NSGA-III introduces a significant improvement in
diversity preservation. Instead of relying on the crowding
distance mechanism used in NSGA-II, NSGA-III employs
a reference direction approach to maintain diversity across
multiple objectives. This approach uses a predefined set of
evenly distributed reference directions (or vectors) to guide the
algorithm. These reference directions partition the objective

space, and each solution is associated with its nearest direction
based on proximity in the objective space. This strategy ensures
a well-distributed set of solutions across the objective space.

The key steps of NSGA-III, as outlined in its pseudo-code
1, include initialization, non-dominated sorting, and selection
based on proximity to reference directions. By leveraging
this reference direction-based selection strategy, the algorithm
achieves a balanced trade-off between objectives, such as
minimizing travel cost, completion time, and penalties for
patient prioritization. The algorithm starts with an initial
population of random solutions. Each solution represents a
complete ambulance routing schedule. Fitness is evaluated
across three objectives (as shown in steps 2–6), and solutions
are ranked using non-dominated sorting. The reference direc-
tion mechanism is then applied to preserve diversity among
trade-offs. At each generation, offspring are generated using
crossover and mutation, followed by evaluation and selection.
This tailored use of NSGA-III allows for finding well-balanced
solutions that account for both logistical efficiency and patient
urgency.

Algorithm 1 NSGA-III for POARP
Require: Cost matrix 𝑐, Priority weights 𝑤𝑔, 𝑤𝑟 , Number

of generations 𝑁gen, Population size Popsize, Reference
directions Refdirs

Ensure: Pareto-optimal set of solutions
1: Initialize population 𝑃 with random solutions
2: Evaluate fitness values for each solution in 𝑃:
3: 𝐹1: Total travel cost
4: 𝐹2: Treatment completion time
5: 𝐹3: Weighted patient prioritization penalties
6: Perform non-dominated sorting to rank solutions into

fronts
7: Assign solutions to reference directions for diversity

preservation
8: while Current generation < 𝑁gen do
9: Select parent solutions using tournament selection

10: Apply crossover and mutation to generate offspring
11: Evaluate offspring on all objectives
12: Combine parent and offspring populations
13: Perform non-dominated sorting and select the best

solutions
14: Update reference directions with new solutions
15: end while
16: return the final non-dominated Pareto-optimal set

B. Patient Priorities
In the ARP, patient prioritization is critical due to the

varying levels of medical urgency among individuals needing
care. Patients are categorized into different urgency levels
to ensure efficient resource allocation. Specifically, they are
classified into degree 1 (red-code) and degree 2 (green-code)
urgency levels, based on the severity of their conditions:

• Degree 1 (Red-Code Patients): These patients require
immediate medical intervention due to life-threatening
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conditions such as severe trauma, cardiac arrest, or critical
respiratory distress. Any delay in treatment significantly
increases the risk of death or severe complications.

• Degree 2 (Green-Code Patients): These individuals
have non-life-threatening conditions, such as minor frac-
tures, mild respiratory issues, or stable injuries. While
medical attention is still necessary, delays in treatment
primarily result in discomfort or dissatisfaction rather
than critical health deterioration.

To ensure that high-urgency cases receive priority in the
routing process, we incorporate a weighted penalty objective
that penalizes delays differently based on patient category.
Specifically, the objective minimizes the maximum treatment
completion time for each group, weighted by urgency level.
The use of the maximum treatment completion time, rather
than average, ensures that the worst-case delays—especially
for high-risk patients—are minimized, aligning with life-
critical response goals.

Eq. 1: Priority Objective Function

𝐹 =𝑤𝑔 · max (completion time of green-code patients)
+ 𝑤𝑟 · max (completion time of red-code patients) ,

where 𝑤𝑔 and 𝑤𝑟 are priority weights assigned to green-
code and red-code patients, respectively. The ”completion
time” is defined as the time from dispatch to the end of
treatment for each patient. By assigning a higher weight to red-
code patients (𝑤𝑟 > 𝑤𝑔), the algorithm implicitly prioritizes
more urgent cases. This approach draws inspiration from the
study [16], which emphasizes the role of triage in dispatch
and fleet optimization. Triage-based classifications, like the
red/green code system, are widely used in emergency medical
research to manage resource allocation effectively. To set up
this objective in our optimization routine, we implement the
following procedure to calculate the weighted penalty value
𝐹:

Algorithm 2 Priority Objective Calculation (𝐹)
Require: Binary solution vector 𝑥, Priority weights 𝑤𝑔, 𝑤𝑟 ,

Number of PoCs 𝑁PoCs, Number of patients 𝑁patients
Ensure: Weighted priority objective 𝐹

1: Split 𝑥 into:
2: PoC section: 𝑥 [0 : 𝑁PoCs]
3: Patient section: 𝑥 [𝑁PoCs :]
4: Compute completion times:
5: Red patients: max service time for red patients
6: Green patients: max service time for green patients
7: Apply priority weights:
8: 𝐹 = 𝑤𝑔 · max(green) + 𝑤𝑟 · max(red)
9: return 𝐹

However, in real-world scenarios, the urgency and contex-
tual importance of each patient group may evolve over time. To
address this, we introduce a machine learning-based dynamic
adjustment of priority weights in the next section.

C. Machine Learning Integration

In our case, the POARP involves prioritizing patients based
on dynamically changing criteria such as urgency, location,
and historical patterns. To enhance realism and adaptability
in this priority assignment process, we integrated Automated
Machine Learning (AutoML) into our framework. AutoML
automates key tasks such as model selection, hyperparameter
tuning, and pipeline optimization, allowing us to leverage data-
driven insights without requiring extensive manual interven-
tion. This is critical for our problem, as emergency response
scenarios demand real-time decision-making informed by both
historical data and current conditions.

In our problem, AutoML is used to dynamically adjust
the priority weights for patients categorized as red-code and
green-code. By training the AutoML model on historical
priority data, the framework predicts weights that reflect the
evolving importance of different patient categories during
the optimization process. This real-time adaptability enables
our routing algorithm to align resource allocation with sit-
uational demands, thus improving the overall efficiency and
responsiveness of the problem. SThe versatility of AutoML
in automating model selection and parameter optimization
[17] makes it an ideal choice for our routing optimization
framework. By reducing reliance on manual tuning, AutoML
streamlines decision-making and ensures consistent, high-
quality predictions. A reference study [18] demonstrates the
successful use of NSGA-III combined with AutoML for
energy-saving renovations, highlighting AutoML’s ability to
process large datasets, improve prediction accuracy, and make
advanced optimization techniques accessible. Similarly, in our
framework, AutoML analyzes complex relationships between
patient urgency, resource availability, and historical data to
inform dynamic priority adjustments.
For our problem, we selected the Tree-based Pipeline Op-
timization Tool (TPOT) as our AutoML platform. Among
other well-known AutoML techniques, such as H2O AutoML
and Auto-sklearn, TPOT stood out for its efficiency and
unique features. As noted in [19], TPOT explores the search
space faster and achieves superior performance on larger
datasets. Additionally, TPOT integrates a multi-objective
optimization mechanism, which is particularly relevant to our
multi-objective ARP. This allows TPOT to simultaneously
optimize several performance metrics during model training,
such as prediction accuracy and runtime efficiency. TPOT’s
reliance on genetic programming to optimize machine learning
pipelines [20] aligns with the evolutionary nature of our opti-
mization approach. By employing both TPOT and NSGA-III,
our methodology benefits from a cohesive framework where
evolutionary principles guide both the routing optimization
and the AutoML-driven priority adjustment.

In our case, the dynamic priority adjustment is directly
incorporated into the optimization process. The AutoML
model predicts a weight for green-code and red-code patients
based on extracted features from the solution space. This
prediction dynamically updates the priority weights 𝑤𝑔 and
𝑤𝑟 , influencing the third objective of the optimization problem,
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which aims to minimize the weighted preference objective.
This integration ensures that patient urgency is accurately
reflected in the routing decisions, aligning the algorithm’s
output with real-world emergency response priorities.

The combined use of NSGA-III and TPOT in our frame-
work highlights the innovative synergy between optimization
algorithms and machine learning. While NSGA-III handles
the multi-objective routing optimization, AutoML enriches
the framework by dynamically aligning optimization priorities
with real-time predictions based on historical and contextual
data. This hybrid approach exemplifies the potential of in-
tegrating advanced AI techniques into operational research
problems, particularly in critical domains like healthcare and
emergency management.

V. EXPERIMENTS AND RESULTS
For the experimental evaluation of the developed algo-

rithms, testing was conducted on a system with the following
hardware configuration: an Intel(R) Celeron(R) N4000 pro-
cessor running at 1.10 GHz, coupled with 4 GB of RAM.
This computational environment was utilized to assess the
performance of the algorithms under various conditions.

A. Setup and Metrics
The feasibility of the proposed model was validated using

Gurobi which is an exact optimization solver. This approach
ensured that the three main objectives were effectively bal-
anced while meeting all constraints. The choice of solver and
parameter settings aligns with our previous study, enabling a
direct comparison with earlier findings.
To assess the performance of NSGA-III, we adopted parameter
values consistent with those used in [15] and our prior work.
Table III summarizes the key problem parameters for large-
scale instances. The number of ambulances (𝑝) varies between
3 to 50, reflecting typical deployment scenarios in both small
and large cities. The number of patients (𝑛) in each instance
is scaled to reflect both low and high-demand environments,
with up to 120 patients to simulate urban and suburban areas.
The maximum patient treatment time was determined by
the severity of the patient’s condition, consistent with [15].
For non-critical patients, treatment times follow a normal
distribution 𝑁 (10, 40) minutes, while for critical patients,
treatment durations range from 25 to 120 minutes. This design
ensures compatibility with real-world scenarios and facilitates
comparisons with previous results.

TABLE III
Problem Constant Parameters

Parameter Description Value
𝑚 Number of hospitals Up to 10
𝑝 Number of ambulances 3 to 50
𝑛 Number of patients Up to 120

𝐶max
𝑘

Ambulance capacity 4

B. Performance Analysis
The performance of the proposed model was analyzed

based on the Pareto front distribution and the hypervolume

convergence over generations. These metrics provide insights
into the algorithm’s ability to explore the objective space and
improve solution quality over iterations.
The 3D Pareto front, as shown in Figure 2, illustrates the
trade-offs between the three objectives.The solutions are well-
distributed across the objective space, indicating the algo-
rithm’s effectiveness in capturing diverse trade-offs. Notably,
lower total travel costs often correspond to slightly higher com-
pletion times or preference values, highlighting the inherent
conflicts among objectives. The spread along the preference
objective axis reflects the algorithm’s ability to balance all
objectives, with mid-range solutions offering an efficient trade-
off between cost and time, making them suitable for practical
applications. Figure 3 presents the hypervolume convergence

Fig. 2. Pareto Front Illustration: Trade-off between cost, time, and priorities

plot, which measures the algorithm’s approximation of the
Pareto front over generations. The hypervolume quantifies the
volume dominated by the solutions in the objective space,
reflecting both their proximity to the optimal Pareto front and
their diversity. A steady increase in hypervolume indicates
consistent improvement in the quality of solutions. After
multiple generations, the growth rate diminishes, suggesting
convergence toward the true Pareto front. The hypervolume
improvement plateauing after the 50th generation suggests
near-optimal convergence with minimal trade-offs in solution
diversity. This behavior confirms the algorithm’s capability to
optimize all objectives simultaneously.

C. Machine Learning Evaluation

To evaluate the performance of our learned model, we chose
the Mean Squared Error (MSE) as the primary evaluation
metric. The MSE is widely used in regression tasks to measure
the average squared difference between the predicted values
and the actual values. A perfect model achieves an MSE
of 0, indicating that the predictions match the actual values
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Fig. 3. Hypervolume convergence over generations

perfectly. As the MSE increases, it reflects greater errors in
the predictions. The significance of the MSE metric is further
highlighted in the literature, which notes that an MSE of 0
occurs when the linear regression model fits the data perfectly,
while positive values reflect an imperfect fit [21].

In our evaluation, the MSE was calculated to be 0.0736.
This result indicates that, on average, the model’s predictions
deviate by approximately 0.0736 units from the actual values.
When expressed as a percentage relative to the scale of the
data, this corresponds to an average prediction error of about
7.36%. A lower MSE value, like the one obtained here,
signifies that the model’s errors are relatively small. Besides,
the relatively low MSE value of indicates that the AutoML
model is providing fairly accurate predictions for the priority
weights 𝑤𝑟 and 𝑤𝑔. This, in turn, ensures that the NSGA-III
optimization process effectively incorporates real-time patient
priority adjustments, leading to more accurate and efficient
solutions. This evaluation highlights that while the model
demonstrates relatively small errors, further improvements
could be made to enhance its predictive capabilities.

VI. CONCLUSION
This study introduced a hybrid approach that integrates

NSGA-III with AutoML techniques to address the Priority-
Oriented Ambulance Routing Problem. The evaluation of the
algorithm’s performance demonstrated its ability to balance
these objectives, providing solutions that span the trade-off
space effectively. The model showed consistent improvement
in solution quality over iterations, reflecting progress toward
optimal outcomes. Additionally, the machine learning com-
ponent of the model exhibited reliable predictive capabilities,
though there remains room for refinement in its accuracy.

Future work could focus on refining the machine learning
models to achieve even lower prediction errors and further
enhancing the integration of NSGA-III with AutoML methods
for more dynamic routing adjustments in real-time scenarios.
Additionally, while the model showed consistent improvement
in solution quality over iterations, the convergence behavior
and computational efficiency require more thorough inves-
tigation, especially in real-time emergency scenarios where
rapid decision-making is critical. Moreover, incorporating

more complex features, such as traffic conditions or varying
emergency response priorities, could further improve the
robustness of the system.
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