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Abstract

Ambulance dispatching for critical life-threatening emergencies (type-1) poses significant challenges in 
rural and resource-constrained settings, where ensuring both rapid response and long-term coverage is 
critical. Existing methods often overlook ambulance type constraints and focus narrowly on minimizing 
immediate response time. In this paper, we propose a dispatching strategy called GARD (Grid-aware 
Reinforcement Dispatching), which partitions the service area into grids categorized by historical 
emergency intensity. A reinforcement learning agent uses this structure to select ambulances, balancing 
proximity with anticipated system-wide impact. Experiments based on real-world Emergency Medical 
Services (EMS) data demonstrate that GARD improves performance metrics for high-priority emergencies 
while preserving better future coverage.
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I.	 Introduction

Emergency Medical Services (EMS) are dedicated to delivering 
urgent medical assistance to individuals facing life-threatening 

situations. Their responsibilities include assessing emergency calls, 
coordinating ambulance dispatch, and ensuring timely and safe patient 
transport [1]. Thus, the effectiveness of EMS systems depends on their 
ability to reach patients quickly, provide appropriate on-site medical 
care, and transfer them to healthcare facilities when necessary.

Effective and optimized ambulance dispatch management for 
emergency calls is vital for EMS systems. The primary goal of these 
systems is to save lives and reduce the severity of medical incidents. 
The performance of an EMS is typically evaluated based on response 
time, which is the period between receiving a call and the arrival of 
the first ambulance at the scene. This is a key indicator of service 
efficiency, quality assessment, and the overall protection of patients’ 
lives and health [2]–[5]. Hence, reducing this response time is directly 
related to higher survival probabilities for patients [6], [7].

In this context, making quick and accurate decisions about which 
ambulance to send to the emergency is vital. Several models have been 
proposed to improve the efficiency of ambulance dispatch, proving 
to be effective [8], [9]. These models often assume the possibility of 
reallocating ambulances after completing a service or redirecting 

them while en route [8], [10]. However, in many operational contexts 
(such as in Spain and other European countries) such flexibility is 
not feasible. In this sense, ambulances are typically assigned to fixed 
stations that serve as their base of operations and resource supply, and 
must return there after each intervention [11], [12].

Another major limitation of many existing works is the assumption 
of a homogeneous ambulance fleet, ignoring the operational differences 
between Basic Life Support and Advanced Life Support ambulances. 
This simplification does not reflect the clinical reality, where the medical 
needs of the patient must match the capabilities of the dispatched 
vehicle. Furthermore, most dispatching strategies assume urban 
environments with high ambulance density and short travel distances, 
making them less effective or directly inapplicable in rural or sparsely 
populated areas, where the resources are limited and travel times 
are significantly longer. Therefore, although dispatching the nearest 
available ambulance is a common strategy and performs reasonably 
well in general [13], it may not be sufficient for these scenarios.

In [14] we proposed an ambulance dispatching algorithm for type-
1 (critical life-threatening) emergencies in geographically dispersed 
regions with static ambulance deployments, aiming to overcome some 
of these limitations. This algorithm considered a grid-partitioned 
territory based on accident rates. In this work, we extend that proposal 
by introducing GARD (Grid-Aware Reinforcement Dispatching), a 
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novel dispatching strategy that combines a geographic grid-based 
categorization of the service area with a reinforcement learning agent. 
In this sense, each grid is assigned a risk level based on historical 
emergency data, guiding dispatch decisions to balance immediate 
response efficiency with long-term coverage stability. GARD 
represents a methodological advancement from a static risk-based 
rule system toward an adaptive reinforcement learning framework. 
While the previous work divided the territory into risk-ranked grids 
and applied a fixed heuristic to dispatch ambulances from lower-risk 
zones when possible, the current proposal uses tabular Q-learning to 
learn optimal dispatching policies through experience. This allows 
GARD to dynamically balance coverage and responsiveness based on 
historical patterns and spatial heterogeneity. Our results demonstrate 
that the strategy not only improves response times but also shows 
flexibility in optimizing alternative performance metrics and adapting 
to varying call dispersion patterns and resource availability scenarios.

The rest of the paper is organized as follows. Section II reviews 
relevant works on emergency dispatching, with particular emphasis 
on approaches that incorporate reinforcement learning. Section III 
formalizes the emergency dispatch problem. Section IV describes 
the grid-based heuristic dispatching strategy. Section V presents the 
architecture of the reinforcement learning agent. Then, Section VI 
reports the experimental evaluation of our proposal. Finally, Section VII 
discusses concluding remarks and outlines directions for future research.

II.	 Related Work

The problem of ambulance dispatching has long been recognized 
as crucial for optimizing emergency response outcomes. Traditionally, 
the nearest ambulance strategy has been the standard approach in real-
world applications. However, in the literature, several strategies aim 
to enhance response times through innovative techniques. Following 
we comment some of the most relevant works in this area. In [6], 
the Bertsekas auction method is used to minimize total travel time 
by iteratively matching patients to ambulances through competitive 
bidding. In [8], approximate dynamic programming (ADP) is used 
to generate solutions. A lower bound on the expected response time 
of any reallocation policy is developed to evaluate the quality of the 
solutions produced by the ADP. The proposal classifies emergencies 
into two priority levels, with type-1 representing high-priority 
emergencies. Upon receiving a high-priority emergency call, any 
available ambulance can be dispatched immediately, or it may wait for 
an ambulance that will soon be available. The work of Roa et al. [15] 
uses the preparedness index to evaluate and optimize the availability 
of ambulances in an emergency system. This index is based on the 
probability that at least one ambulance is available (within a time 
limit) when an emergency demand occurs. The arrival of emergencies 
is modeled as a Poisson process, and the service of ambulances as 
an exponential service process. The objective is to maximize this 
preparedness index to ensure that the ambulance system can attend to 
emergencies with a high probability.

In [16], a constrained Markov Decision Process (MDP) is proposed 
to identify optimal policies based on priority lists, formulated as a 
Mixed Integer Programming model. The study assumes that service 
rates are the same for all types of patients, which significantly reduces 
the state space for solving larger problems. The system allows any 
available ambulance to be dispatched to a received call (including the 
most critical), rather than immediately sending the nearest ambulance. 
This includes the option of not dispatching an ambulance immediately 
if another ambulance is expected to become available soon. In [17], a 
system is proposed where emergency and non-emergency ambulance 
fleets can share resources, allowing for dynamic modification of each 
fleet’s size based on the system’s state. The capacity-sharing policy is 

designed to be flexible and adaptable to various EMS policies, but its 
practical implementation may present challenges due to operational 
differences among organizations. When an emergency call arrives, the 
nearest available ambulance is dispatched. A backup coverage model 
is used to ensure that each demand point is covered by at least two 
ambulances, mitigating vehicle unavailability. Other authors have 
approached their analysis of this issue from the perspective of smart-
city and IoT systems for spatial and temporal data analysis [18].

Although the existing literature offers several strategies to reduce 
response times, most of them present key limitations that hinder 
their applicability in real-world emergency medical systems. First, 
many proposals are designed for general emergencies and do not 
focus specifically on critical life risk, type-1 (critical life-threatening) 
emergencies, which require the dispatch of medically-equipped 
ambulances. These proposals often either disregard ambulance 
types or default to sending the nearest available unit, which may 
be inadequate in scenarios with strict equipment requirements. 
This limitation becomes especially problematic in rural or low-
density areas, where such resources are scarce and spatial demand 
heterogeneity is more pronounced [19].

Second, most strategies rely on assumptions that may not hold 
in realistic operational settings, such as the possibility of ambulance 
reallocation. This includes rerouting ambulances to new stations 
after completing a service, or even interrupting ongoing assignments 
to attend critical life risk calls. While these assumptions can yield 
performance gains (as reported in works such as [7]) real systems 
often enforce rigid return-to-origin policies, restricting the dispatch 
options available and reducing the flexibility assumed by many 
academic models.

Third, most dispatch algorithms are designed for dense urban settings, 
where the nearest-ambulance strategy is often sufficient due to short 
travel distances. In contrast, rural contexts introduce challenges where 
this approach may lead to coverage gaps or long-term inefficiencies. In 
such cases, incorporating spatial patterns of risk (such as using grid-
based demand categorizations) can enable smarter decisions, especially 
in balancing short-term response efficiency with long-term system 
preparedness as demonstrated in our previous work [14].

Finally, dispatching strategies typically prioritize minimizing 
average response time. However, this objective does not always align 
with system-level requirements. For instance, fairness in ambulance 
workload distribution, consistent service quality across rural and 
urban areas, or the guarantee that all responses occur within a 
legally or medically defined time threshold can be equally or more 
important. In this context, minimizing the maximum or variance of 
response times may be more desirable than reducing the average. 
These limitations suggest the need for more adaptable solutions, able 
to optimize multiple objectives and account for spatial heterogeneity.

A.	Reinforcement Learning for Ambulance Dispatching
While classical ambulance dispatching strategies have introduced 

valuable optimizations, the use of reinforcement learning EMS has 
gained significant attention in recent years, driven by the increasing 
need to make fast, adaptive decisions in uncertain and dynamic 
environments. Within this context, several works have explored 
reinforcement learning for ambulance dispatching.

The work of Liu et al. [20] introduces a multi-agent framework 
in which ambulances operate as independent learning agents. The 
problem formulation discretizes the city into a spatial grid and divides 
time into 5-minute intervals, where the agents must decide how 
many ambulances should be pre-positioned in each cell during each 
time window. While this anticipatory strategy may reduce overall 
waiting times in the simulated environment, it assumes a level of pre-
emptive mobility and flexibility that may not align with real-world 
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EMS protocols, where ambulances typically remain at base until 
an emergency call is received. In addition, this approach does not 
differentiate between emergency types or ambulance capabilities.

The work of Elfahim et al. [21] addresses dispatching problem 
by proposing a Deep Double Q-Network trained on a simulated 
representation of the city of Casablanca. Unlike other approaches that 
focus on anticipatory deployment, this work considers ambulance 
reallocation between calls. Resource constraints are explicitly modeled, 
and the agent is trained using dense-layer architectures with ε-greedy 
exploration. However, the simulation is limited to a small spatial area, 
and there is no evaluation of long-term system behavior or robustness 
under operational variability. Additionally, the model does not 
distinguish between types of emergencies, and its performance is not 
compared against baseline methods.

A more theoretical approach is presented by Hua and Zaman [22], 
who formulated EMS dispatching as a MDP with post-decision states 
to reduce computational complexity. This is one of the first works 
that theoretically guarantee convergence to optimal policies in this 
context. However, the model is purely numerical, with no real-world 
data or consideration of uncertain dynamics. In addition, the model 
considers ambulance reallocation and it does not differentiate between 
types of ambulances.

In contrast, Luan et al. [23] explicitly address equity in EMS 
dispatching by formulating a multi-objective MDP. The model 
presented in this paper integrates both operational efficiency and 
equity criteria, including vertical equity (based on patient severity) 
and horizontal equity (related to territorial distribution), with penalties 
for triage misclassification. The approach is evaluated in a simulated 
environment that includes both urban and rural areas, allowing 
assessment under varying population densities. While the model 
considers the severity of the emergency call to determine whether 
ambulance dispatch is needed and to prioritize allocation, it does not 
differentiate between ambulance types. Furthermore, the framework 
allows ambulance reallocation after service completion.

Other studies explore complementary directions. Wei et al. [24] focus 
on the dispatching of medical supplies rather than ambulances, using 
an attention-based deep reinforcement learning architecture. While 
innovative in terms of neural design and the use of traffic patterns, 
the model excludes key EMS components such as mobile units and 
medical prioritization. Ji et al. [25] propose a dynamic redeployment 
framework for mobile ambulances using deep reinforcement learning, 
focusing on repositioning strategies rather than real-time dispatch. A 
related exploratory study by Moen [26] examines deep reinforcement 
learning-based ambulance dispatch in a simplified setting, highlighting 
early attempts to address this problem with learning-based approaches. 
Chen et al. [27] go further by integrating reinforcement learning 
with Large Language Models and multi-objective optimization, 
enabling dispatch decisions that incorporate natural language input 

from victims. Although this represents a major conceptual leap, the 
approach depends on large datasets, is computationally demanding, 
and lacks testing under realistic emergency stress conditions.

Closer to deployment, Lamarca et al. [28] apply offline reinforcement 
learning techniques to real EMS data from Switzerland, bypassing the 
need for environment interaction during training. While promising 
for safe deployment, the model inherits human biases and suboptimal 
behavior from historical data. Finally, Garriga et al. [29] propose a 
hybrid offline–online reinforcement learning strategy with explicit 
clinical prioritization. This approach accounts for dispatch penalties 
and medical risk tiers, yet it omits dynamic variables like weather or 
real-time traffic and is not validated in operational systems.

As observed, a variety of approaches have applied reinforcement 
learning to address ambulance dispatching problems. Most of these 
proposals validate improvements in response time compared to 
baseline strategies such as nearest-ambulance dispatch. However, a 
common assumption in these studies is the possibility of ambulance 
reallocation, whereby ambulances can be reassigned to different 
stations after completing a service. Nevertheless, in some European 
countries such as Spain, operational constraints (particularly for 
advanced life support ambulances that respond to type-1 emergencies) 
require that ambulances return to their originally assigned stations 
after completing a service. Moreover, the majority of these works have 
been designed and evaluated in urban environments, which may show 
different dynamics when compared to larger, more heterogeneous 
territories that include varying population densities, greater station 
dispersion, and longer travel distances. Finally, although some 
proposals consider the call urgency in the dispatching process (such 
as [23]), they do not explicitly model the distinction between different 
types of ambulances. This is particularly relevant in the case of critical 
life risk emergencies, which require ambulances equipped with 
specific medical resources and qualified personnel.

To better understand the positioning of our proposal within the 
current state of the art, Table I summarizes the main reinforcement 
learning-based approaches for ambulance dispatching. The table 
compares each work in terms of its key contributions, limitations, and 
whether it explicitly models the operational constraints associated with 
type-1 emergencies and the corresponding ambulance requirements.

According to this, we propose a dispatching strategy based on 
reinforcement learning tailored to the operational constraints of 
real EMS systems, with a particular focus on critical life risk, type-1 
emergencies. Unlike many existing approaches, we do not consider 
ambulance reallocation and we evaluate our method in a heterogeneous 
geographical setting that includes both urban and rural areas. Our 
system divides the territory into geographic grids and assigns each 
grid a risk category based on historical emergency demand. This 
grid-based structure enables the dispatching policy to capture spatial 
heterogeneity and to balance short-term response efficiency with long-

TABLE I. Summary of Related Reinforcement Learning Approaches for Ambulance Dispatching

Reference Main Contribution Limitations Type-1 Considered
[20] Multi-agent RL with spatial-temporal grid pre-positioning. Assumes pre-emptive mobility and reallocation. No

[21] Deep Q-Network with ambulance reallocation. Limited area and assumes reallocation No

[22] MDP with post-decision states and convergence proofs. Purely theoretical, no real data and considers reallocation. No

[23] Multi-objective MDP including vertical/horizontal equity. Includes severity but not vehicle type; allows reallocation. Partial

[24] RL for supply dispatch with traffic-aware attention networks. Focuses on medical supplies and not ambulance units. No

[25] Dynamic redeployment with DRL for mobile ambulances. Not specially focused on dispatching. Partial

[26] DRL-based decision support for ambulance dispatch. Evaluated only in simulation. Partial

[27] RL + LLMs + multi-objective Focuses on LLMs integration. No

[28] Offline RL with real EMS data. Not specially focused on dispatching. No

[29] Hybrid offline-online RL with clinical priority tiers. Not specially focused on dispatching. Partial
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term system preparedness. By integrating these practical dimensions 
into the decision-making process, we aim to bridge the gap between 
theoretical performance and real-world applicability.

III.	Problem Description

To represent the emergency dispatch problem, we define a set of 
ambulances A = {a1, a2, …, an} where each ambulance ai is positioned at 
a fixed station bi belonging to a set of stations B = {b1, b2, …, bk}. Each 
ambulance is required to depart from and return to its assigned station 
after attending an emergency. We also define a set of emergency calls 
C = {c1, c2, …, cm} where each call cj is assigned to an ambulance ai. The 
assignment can be modeled using a binary decision variable xij where:

Our objective is to optimize the assignment of ambulances to 
emergency calls in order to improve the system’s responsiveness. A 
general formulation can be expressed as shown in Equation (1):

	 (1)

where f (bi, cj ) represents a cost function that evaluates the 
assignment of ambulance ai to call cj . One of the classic goals is to 
minimize the travel time t (bi, cj ) between the station bi, where 
ambulance ai is located, and the emergency site cj . However, this 
function can be defined in several ways depending on the performance 
objective (e.g. the travel time t (bi, cj ) from the ambulance’s station to 
the emergency location), subject to the constraints:

1.	 Each emergency call is assigned to exactly one ambulance as 
shown in Equation (2):

	 (2)

2.	 Each ambulance can be assigned to at most one emergency call at 
a time, as shown in Equation (3):

	 (3)

The requirement that ambulances return to their respective stations 
is implicitly satisfied by the model’s assumption of fixed station 
assignments and the exclusion of dynamic relocation.

IV.	Heuristic Grid-Based Dispatching

The GARD strategy introduced in this work divides the service 
area into geographic grids and assigns each grid a category based on 
its historical emergency calls. This categorization supports dispatch 
decisions that aim to balance short-term responsiveness with long-
term system coverage.

The territory is defined by its geographical boundaries (north, 
south, east, and west) and partitioned into a grid G, where each cell 
is specified by ranges of latitude and longitude. Each grid cell g ∈ G is 
classified into one of three risk categories using a function T : G : 𝒯, 
where 𝒯 ={1, 2, 3} represents high, medium, and low historical 
accident rates, respectively.

Each station b_i is associated with a grid cell gk ∈ G, and the 
category T(gk) of that grid informs dispatch decisions. When multiple 
ambulances are available within an acceptable maximum response 
time tmax, the dispatching algorithm prioritizes those located in lower-
category grids (i.e., areas with fewer historical emergencies), thus 
preserving high-risk zones for future calls.

Fig. 1 illustrates the overall architecture of the dispatching system. 
First, the territory is partitioned according to G, and training data are 
used to compute the category T(g) for each grid cell. These categories 
represent the historical emergency call patterns in different regions 
(e.g., high, medium, or low risk areas), and they remain fixed during 
the simulation phase.

Region Map
Metadata test:

calls, ambus, hospitals
Metadata train:
grid categories

JEMSS
Simulator

Dispatch
configuration

Dispatching
Algorithm

Amb.
dispatched

(optimal
response

times)

Times

Fig. 1. Dispatching system architecture.

In the simulation phase, test data are introduced, which include 
information such as emergency calls, locations of ambulances, or 
hospital positions. The dispatching algorithm is then executed for each 
emergency call to assign the most appropriate ambulance and calculate 
the estimated response time. In our framework, the dispatching 
algorithm is implemented as a reinforcement learning agent that learns 
from simulated interactions how to assign ambulances more effectively.

Importantly, the system uses a precomputed heuristic to assess 
whether an ambulance can reach a call within a predefined maximum 
response time tmax. This heuristic helps simplify the simulation and 
improve computational efficiency by approximating real-world 
operational constraints, such as the possibility of an ambulance being 
too far to respond on time.

By using a simulator, the dynamic behavior of ambulance 
movement and resource allocation can be incorporated, which can be 
challenging to capture analytically. This provides a flexible framework 
for testing various dispatch strategies under different scenarios. For 
this purpose, we use JEMSS (Julia package for Emergency Medical 
Services Simulation) [30], which is a deterministic simulator designed 
specifically for healthcare emergencies. The JEMSS simulator allows for 
running various dispatch strategies under different scenarios, helping to 
evaluate the impact of different policies on overall system performance.

V.	 Reinforcement Learning Agent

Building on the grid-based framework, the reinforcement learning 
agent learns optimal dispatching policies through interaction with 
the simulated environment. This agent complements the heuristic by 
refining decisions based on long-term performance, using a tabular 
Q-learning approach with an ε-greedy exploration strategy.

As stated above, the environment is discretized into a set of grid 
cells G, and both emergency calls and ambulance stations are projected 
onto grid cells g ∈ G. A state s ∈ S is defined as a tuple capturing the 
spatial configuration of the system, s = (c, b1, b2, . . . , bn), where c ∈ ℤ2 
denotes the grid cell of the emergency call and bi ∈ ℤ2 the grid cell of the 
station associated with the i-th ambulance, for i = 1, ..., N, with N being 
the total number of ambulances. This state representation encodes the 
spatial dynamics relevant for dispatch decisions, allowing the agent to 
account for the real-time positioning of emergency resources.
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Due to the specific and multi-zone nature of the emergency 
dispatch problem, a custom reinforcement learning environment was 
implemented to ensure precise control over the system’s dynamics, 
including specific reward functions such as efficiency, fairness, and 
critical coverage.

The action space 𝒜s at a given state s is defined by the subset of 
currently dispatchable ambulances 𝒟s ⊆ {1, ..., N}. The agent selects an 
action a ∈ 𝒟s ∪ {0}, where a = 0 denotes a fallback option used when 
no ambulance is available, ensuring the system can still operate under 
such conditions. Once an ambulance is selected, the system computes 
the expected response time t(s, a) and the agent receives a reward 
determined by the function shown in Equation (4):

	 (4)

where Tmax is a predefined threshold (e.g., 15 minutes). This reward 
function strongly penalizes long response times more severely, 
encouraging faster responses. The penalization constant of -100 was 
selected to emphasize the operational importance of minimizing 
response times, particularly in the critical low-range region (e.g., 
under 10 minutes), while ensuring numerical stability during training.

To ensure a fair comparison across experiments, the reward 
function remains fixed throughout, so any variation in performance 
can be attributed to differences in dispatch strategies. This design 
choice simplifies the learning dynamics while enabling a controlled 
comparison of behavioral policies.

The agent updates its Q-values using the classical Q-learning rule, 
as shown in Equation (5):

	 (5)

where α is the learning rate, γ the discount factor, and s' the next 
observed state. The Q-table is lazily initialized: when a new state-
action pair (s, a) is first encountered during simulation, its Q-value is 
initialized to zero. Optionally, to improve early-stage convergence, a 
domain-informed heuristic estimate based on the inverse of expected 
response time can be used instead of zero.

The policy π is ε-greedy, selecting the action with the highest 
Q-value with probability 1−ε, and a random valid action with 
probability ε. The exploration parameter ε decays exponentially over 
time according to Equation (6):

	 (6)

where εmin is a minimum exploration threshold and δ ∈ (0, 1) is 
the decay rate. All dispatch decisions are logged, including states, 
actions, rewards, response times, and Q-values, supporting offline 
analysis and diagnostics. The design of the state and action spaces 
ensures that the agent is sensitive to the real-time spatial distribution 
of resources and demand.

A.	Assignment Function
The reinforcement learning agent relies on an assignment function 

that selects the most suitable ambulance for each emergency call. This 
function considers both the estimated response time and the risk level 
of the area where each ambulance is located. In the design of this agent, 
different assignment functions were tested, but the final strategy 
adopted in this work is a risk-based assignment function, which does 
not only takes into account the estimated response times but also 
factors in the risk level of the area. This ensures that ambulances 
are dispatched efficiently to manage both immediate and long-term 
system coverage. The response time t(s, a) is computed using the Open 
Route Service routing engine1, which estimates travel time over the 

1 https://openrouteservice.org/

real road network between the current location of ambulance a and 
the location of the emergency call in state s. This assignment function 
aims to preserve coverage in high-risk zones without compromising 
response times.

This risk-based assignment function incorporates geographical risk 
factors according to the three risk categories defined in Section IV. 
Thus, the agent prioritizes ambulances from lower-risk areas, thus 
preserving availability in more critical regions. Within the same risk 
category, the ambulance with the shortest response time is selected. 
If an ambulance from a higher-risk zone is within a tolerance τ of 
the optimal response time, it may be chosen instead. This flexibility is 
controlled by a threshold defined in Equation (7):

	 (7)

where topt is the minimum available response time. This time 
threshold allows the agent to choose an ambulance from a lower-risk 
area if its response time is within a tolerance of the optimal response 
time, giving it flexibility to handle variability in ambulance availability 
while maintaining efficiency. Thus, this assignment strategy reflects 
a more nuanced decision-making process, considering both temporal 
and spatial factors, which can enhance overall system efficiency in 
high-demand environments.

Call (location) Ambulances (locations, state)

Dispatchable ambulances

ε-greedy policy

Assignment function
(basic / risk-based)

Action a (selected ambulance)

Q-learning update

Fig. 2. Q-learning agent architecture for ambulance dispatch decision-making.

Fig. 2 illustrates the internal architecture of the Q-learning agent. 
The system receives the location of an emergency call and the spatial 
configuration of the ambulance fleet as inputs. These are combined 
into a discrete state s, from which the Q-values Q(s, a) are retrieved 
or initialized. A subset of currently dispatchable ambulances 𝒟s is 
first computed, restricting the set of actions available to the agent. 
This subset is then passed to the ε-greedy policy, which produces a 
candidate action. The action selected by the ε-greedy policy is passed 
to an assignment function, which may override or confirm the selected 
ambulance based on risk-aware heuristics. The resulting dispatch 
action determines the response time t(s, a), which generates the 
reward R(s, a). The system then transitions to the next state s', which is 
observed, and the Q-table is updated using the Bellman equation. This 
update reflects the learning process, where the Q-values are adjusted 
based on the observed reward and the maximum future expected 
reward from state s'. The training is performed offline using simulated 
emergency call sequences generated from historical patterns, while 
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evaluation is carried out on separate test episodes not seen during 
training. Each episode comprises a unique series of emergency calls, 
ensuring that the learned dispatch policy generalizes well across 
different scenarios and does not overfit to specific data.

VI.	Experiments

In this section, we present a comprehensive set of experiments aimed 
at evaluating the effectiveness and flexibility of our GARD dispatching 
strategy. We compare its performance against the traditional 
nearest ambulance approach, which serves as a strong baseline in 
emergency response systems. The experiments aim to assess not only 
improvements in response time, but also the robustness of the strategy 
under varying operational conditions, including changes in resource 
availability, spatial distribution of calls, and reward function priorities.

A.	Setup
The scenario used for the experiments focused on the area of 

the province of Valencia (Spain), covering the metropolitan area of 
Valencia City (with a total of 45 municipalities) and other municipalities 
distributed throughout the region, up to a total of 270 municipalities. 
The total area of the province is 10,700km2, while the metropolitan 
area covers 2,200km2 (20% of the total area). The area accounts for 
approximately 2,600,000 inhabitants2, of which about 65% are located 
in the metropolitan area of Valencia City. This provides a spatially and 
demographically heterogeneous environment, representative of both 
urban and rural EMS challenges. For the simulation, we employed 
the actual station locations for the type-1 ambulances fleet. The road 
network was obtained from Open Route Service.

To train and evaluate our approach, we used a full year of 
emergency call data from 2019. We focused specifically on type-1 calls, 
which typically require urgent intervention and transportation. This 
dataset was split into two disjoint subsets: one used to define grid risk 
levels across the territory (high, medium, and low-risk grids), and the 
other used to generate synthetic instances of emergency calls. These 
synthetic calls preserve the spatial and temporal structure of the real 
data, enabling simulation of realistic and diverse demand conditions 
across different times and regions.

In our experiments, we compared our GARD dispatching strategy, 
which uses a grid decomposition of the territory and a trained agent to 
dynamically assign ambulances, with the traditional nearest ambulance 
strategy, where the closest available unit is always dispatched. In 
addition, in the first experiment, we included an adapted version of 
the preparedness index-based dispatching algorithm proposed in [15], 
serving as a complementary baseline. Each configuration was tested 
using 10 independent experiments, each using different training and 
test datasets. For these evaluations, a fleet of 15 ambulances was 
employed in the baseline nearest-ambulance configuration, matching 
the resource level used by GARD to ensure a fair comparison. We set 
the τ value to 0.15, which allows for a 15%tolerance over the minimum 
response time when selecting ambulances from higher-risk zones, 
enabling the system to preserve coverage in critical areas without 
significantly compromising efficiency. It is important to note that, for 

2 Data from the 2021 census.

each run, all strategies were evaluated on the same test data, ensuring 
a fair and direct comparison.

B.	Results
In an initial exploratory phase, we tested different values for key 

hyperparameters to optimize the performance of our dispatching 
strategy. The focus was not on benchmarking against other strategies, 
but rather on determining the most effective configuration for our 
method. After conducting multiple evaluations, we settled on the 
following set of parameters for the final experiments: α = 0.1, γ = 0.9, 
ε = 0.7, εmin = 0.01, and δ = 0.995. These values were selected based on 
their ability to achieve a balance between exploration and exploitation, 
allowing the reinforcement learning agent to converge efficiently 
while adapting to different scenarios.

Next, to assess the effectiveness of our proposed strategy, we 
compared its performance against the nearest ambulance strategy. In 
this first experiment, we included a baseline adapted from the algorithm 
presented in [15], which uses the preparedness index to evaluate the 
availability of ambulances in the system. For our comparison, we 
excluded the ambulance reallocation component in order to isolate the 
impact of the dispatch policy. This performance was evaluated based 
on the time it took for the assigned ambulance to reach the emergency 
location. The results, including mean and median response times, along 
with relative improvements, are shown in Table II.

Although absolute durations depend on simulator-specific 
parameters (e.g., vehicle speed), all the strategies were executed 
under identical experimental conditions, ensuring that the reported 
percentage improvements are objective and comparable. Our strategy 
achieves a mean improvement of 6.62% and a median improvement of 
2.08% over the nearest ambulance baseline and a mean improvement 
of 11.43% a median improvement of 4.46% over the Preparedness 
baseline. The lower median compared to the mean suggests that a 
majority of response times were shorter, while a smaller number of 
longer cases increased the average. This pattern indicates that the 
strategy not only enhances overall performance but also reduces the 
frequency and severity of extreme delays. As a result, it delivers more 
consistent and robust outcomes across a wide variety of scenarios. 
To further support this, we report the interquartile range (IQR) 
of response times. The GARD strategy exhibits a narrower IQR 
compared to both baselines, indicating reduced variability and fewer 
extreme cases. This reinforces the conclusion that GARD provides not 
only faster, but also more reliable response times. Since the nearest 
ambulance strategy outperforms the preparedness-based approach 
in terms of both average and median response times, we focus 
exclusively on comparisons with the nearest ambulance strategy in 
the subsequent experiments.

C.	Flexibility Through Alternative Reward Functions
While our strategy demonstrated improvements in average 

response time, one of its key strengths lies in its flexibility to optimize 
alternative performance metrics. In particular, the reward function 
can be tailored to reflect specific operational objectives. A relevant 
example is the percentage of emergencies served within a predefined 
time threshold, which may be more operationally meaningful than 
merely reducing the overall average.

TABLE II. Performance Comparison of Response Times Relative to the GARD Strategy

Metric GARD Nearest amb. (NA) Preparedness
Mean duration 15m 36s ± 16s (IQR: 5m 24s) 16m 43s ± 23s (IQR: 5m 40s) 17m 37s ± 15s (IQR: 5m 48s)

Median duration 14m 49s ± 17s (IQR: 5m 24s) 15m 08s ± 23s (IQR: 5m 40s) 15m 30s ± 17s (IQR: 5m 48s)

Mean gain vs. GARD — 6.62% ± 1.56% 11.43% ± 1.52%

Median gain vs. GARD — 2.08% ± 1.33% 4.46% ± 1.49%
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To explore this capability, we trained our agent using a function 
that rewarded serving calls within a given time limit. We tested four 
different time thresholds: 10, 12, 15, and 20 minutes. Table III shows 
the percentage of calls served within each threshold by our strategy 
compared to the nearest ambulance strategy. As shown, our method 
outperforms the baseline, with improvements ranging from 1.27 to 
3.23 percentage points depending on the threshold. These gains are 
particularly notable for longer thresholds, but remain meaningful 
even under stricter time constraints, indicating the strategy’s capacity 
to adapt its behavior to different optimization targets. Standard 
deviations remained low in all scenarios, indicating stable performance 
across the repetitions. In addition to absolute differences, the relative 
improvements (ranging from 3.79% to 5.54%) offer further insight into 
the practical impact of the gains, especially under tighter time limits.

Fig. 3 complements the table by illustrating the distribution of 
the percentage of served calls. The plot confirms the reliability of 
our approach, showing consistently higher service rates across 
all thresholds. This supports the robustness of the method when 
optimized for operational constraints such as time limits.
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Fig. 3. Distribution of the percentage of calls served below the threshold.

D.	Robustness Under Varying Emergency Distributions
In this experiment, we tested six different configurations of 

emergency call distribution between the metropolitan area and the 
surrounding province: 30-70, 40-60, 50-50, 60-40, 70-30, and 80-20 — 
where, for example, 80-20 indicates that 80% of the calls originate in 
the metropolitan zone and 20% in the province. For each configuration, 
we measured the percentage reduction in response time using our 
strategy, considering both average and median values, across three 
geographic scopes: general (all calls), metropolitan, and provincial.

Table IV summarizes the results. The values show the percentage 
reduction in response time achieved by our strategy with respect to 
the nearest ambulance strategy. Across all configurations and zones, 
our method outperforms the baseline. The most notable overall 
improvement is observed in the 40-60 configuration, which shows 
the highest general average reduction (7.78%), along with the best 
metropolitan gain (8.41%) and a strong improvement in the province 
(6.99%). This suggests that a mild preference for allocating more units 

to the metropolitan area provides the best balance of efficiency across 
both regions.

TABLE IV. Percentage of Response Time Saved by the GARD Strategy 
Compared to the Nearest Ambulance, Broken Down by Geographic 

Zone and Configuration

Metric 80-20 70-30 60-40 50-50 40-60 30-70
General

Mean 5.94 5.29 6.44 5.66 7.78 6.53

Median 3.07 1.29 2.28 2.24 4.07 1.94

P90 6.42 3.85 7.20 4.13 7.87 5.10

Metro
Mean 6.59 5.44 7.23 5.75 8.41 5.24

Median 3.51 1.81 2.23 1.63 3.79 1.52

P90 5.54 4.52 7.39 4.16 9.07 5.01

Province
Mean 4.86 5.04 5.31 5.56 6.99 7.76

Median 2.83 2.02 2.24 3.16 3.59 2.85

P90 6.27 2.67 6.12 3.26 6.60 5.34

In general, extremely unbalanced deployments (such as 30-70 or 
80-20) resulted in reduced performance in the under-resourced zone 
and did not significantly outperform more balanced configurations. 
For instance, the 30-70 setup shows in the lowest metropolitan median 
improvement (1.52%), while 80-20 reduced provincial performance 
(4.86%) in exchange for a modest metropolitan gain. The 50-50 
configuration offered stable but suboptimal improvements across all 
zones, indicating that uniform deployment does not yield optimal 
system-wide performance.

Interestingly, the improvements were generally more pronounced 
in the average response time than in the median, highlighting the 
strategy’s ability to mitigate extreme delays. This is particularly 
relevant in emergency response scenarios, where reducing outliers 
can have life-saving consequences.

This pattern is also evident in the P90 metric, where our strategy 
consistently improves the 90th percentile response time across all 
configurations and zones. The most significant P90 gains appear 
in intermediate configurations such as 40-60 (up to 9.07% in the 
metropolitan area), suggesting that GARD is especially effective in 
reducing late responses under moderately balanced deployments. 
These improvements in the upper tail of the distribution further 
reinforce the strategy’s robustness under stress.

To further investigate how the system responds to varying demand 
distributions,

Fig. 4 presents the average response times in the provincial area. 
A clear trend is evident: although both approaches exhibit increasing 
response times as calls become more geographically dispersed, 
the relative improvement of the GARD strategy over the nearest 
ambulance strategy becomes more pronounced. This suggests 
that GARD scales more effectively in dispersed or decentralized 
scenarios, particularly by better handling emergencies in less 
densely populated regions.

TABLE III. Percentage of Calls Served Within Different Time Thresholds: Comparison Between the GARD Strategy and the Nearest Ambulance 
(NA) Strategy

Threshold GARD NA Abs. improvement (pp) Rel. improvement (%)
10 min 24.19% ± 1.49% 22.92% ± 1.35% 1.27 5.54%

12 min 33.17% ± 1.86% 31.74% ± 1.58% 1.43 4.50%

15 min 50.92% ± 2.36% 49.06% ± 2.06% 1.86 3.79%

20 min 77.26% ± 1.57% 74.03% ± 1.36% 3.23 4.36%
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Response Time Improvement Across Configurations
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Fig. 4. Percentage of response time improvement for each configuration.

This behavior can be attributed to the grid-based design of our 
method, which facilitates more balanced territorial coverage and 
dispatching. In contrast, the nearest ambulance approach becomes less 
effective in rural or peripheral zones, where longer travel distances 
and fewer available units increase the likelihood of delays. These 
findings confirm the robustness of our strategy and its suitability for 
regions with high spatial variability in emergency demand.

E.	 Scalability Under Varying Resource Availability
To evaluate the effectiveness of the proposed dispatch strategy 

under different resource conditions, we performed a series of tests 
using varying numbers of available ambulances: 10, 12, 14, 16, 18, and 
20 units. Table V presents the detailed numerical results of these tests, 
showing the relative improvements in both mean and median response 
times, along with the associated standard deviations. This provides a 
more precise comparison between configurations and highlights the 
variability of the strategy’s performance across different levels of 
resource availability. Additionally, the table includes improvements in 
the 90th percentile (P90) of response times, which reflect the strategy’s 
impact on the slowest 10% of cases. These results show consistent 
gains across all ambulance levels, indicating that the strategy not only 
improves average performance but also reduces delays in worst-case 
scenarios, which is critical in emergency contexts.

TABLE V. Relative Improvement (%) in Average and Median Response 
Times of the Strategy Compared to the Closest-Unit Dispatch, for 

Each Number of Ambulances

# Amb. Mean improv. (%) Median improv. (%) P90 improv. (%)
10 2.53 ± 1.50 0.65 ± 2.33 2.02
12 3.15 ± 0.99 0.89 ± 1.22 6.22
14 5.45 ± 1.08 1.79 ± 0.97 4.44
16 6.73 ± 1.06 1.99 ± 1.38 6.27
18 6.88 ± 0.40 3.29 ± 1.28 5.61
20 7.23 ± 0.93 4.14 ± 1.50 6.00

Fig. 5 visually illustrates these improvements. The results suggest 
that with only 10 or 12 ambulances, the system may be operating 
under saturation, as reflected by limited or highly variable gains. 
However, as the number of units increases, the GARD strategy 
outperforms the baseline, with clear gains particularly from 14 units 
onward. This suggests that the benefits of the strategy become more 
pronounced under adequately dimensioned systems, where unit 
availability enables the strategy to make more meaningful trade-offs 
beyond proximity.
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Fig. 5. Percentage improvements in mean and median response times.

Overall, the experimental results demonstrate that our reinforcement 
learning-based dispatch strategy outperforms the traditional closest-
unit approach across a wide range of scenarios. Beyond reducing 
average response times, it proves to be flexible and robust under 
different demand distributions and resource constraints, and can be 
easily adapted to optimize alternative performance indicators, such 
as service level thresholds. These findings validate the versatility of 
our approach and its potential to support more informed and effective 
decision-making in emergency response systems.

VII.	Conclusions

One of the most critical components of EMS operations is the 
dispatching of ambulances, particularly for high-priority (type-1) 
emergencies where delays can significantly affect survival outcomes. 
While numerous dispatching strategies have been proposed in 
the literature, many rely on assumptions that do not hold in real-
world settings. These include the ability to reallocate ambulances 
dynamically between stations, the omission of ambulance type 
distinctions and an excesive focus primarily on urban areas with dense 
and predictable emergency patterns. In addition, most approaches 
prioritize minimizing average response time, often at the expense 
of long-term system coverage and equitable service distribution in 
geographically dispersed or resource-constrained environments.

To address these challenges, this work has introduced a novel 
dispatching framework that explicitly considers operational 
constraints typical of static EMS deployments, such as those found 
in Spain and other European systems. Our proposal, called GARD, 
integrates a spatial risk modeling component with a reinforcement 
learning agent that adapts dispatching decisions based on historical 
patterns and real-time availability. Specifically, the service area 
is divided into grid cells, each of which is assigned a risk category 
derived from historical emergency call data. These categories inform 
a dispatching heuristic that restricts feasible assignments and guides 
the learning process of the agent. The agent is implemented as a 
tabular Q-learning model, trained through simulation to balance 
immediate response effectiveness with the preservation of future 
system coverage. GARD maintains operational realism by adhering 
to real-world EMS constraints, while offering a principled approach to 
improve dispatch decisions in heterogeneous territories. This evolution 
enables more robust and adaptive decisions, especially under resource 
limitations, and distinguishes our work from existing models that rely 
on reallocation or assume uniform geographic risk.

Experimental results confirm the effectiveness of the proposed 
method. We compared GARD against the classic nearest ambulance 
strategy, showing that GARD reduced average response times and 
highlighted its capacity to mitigate extreme delays while improving 
general efficiency. Beyond average performance, further experiments 
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demonstrated the adaptability of our approach. First, we trained 
the agent with alternative reward functions targeting service-level 
objectives, such as the percentage of calls served within specific time 
thresholds. GARD consistently outperformed the nearest ambulance 
strategy across thresholds from 10 to 20 minutes. We also evaluated 
robustness under varying geographic distributions of emergencies 
(urban vs. rural) and found that GARD retained or even increased its 
advantage in dispersed scenarios, thanks to its grid-aware allocation. 
Finally, scalability was assessed by varying the number of ambulances. 
While the benefits were marginal in resource-scarce settings, GARD 
achieved increasingly significant improvements as more units became 
available, especially from 14 units onward. These results confirm that 
GARD is not only more effective on average but also more robust, 
adaptable, and scalable than traditional strategies, offering a promising 
tool for EMS systems facing diverse operational challenges.

As observed, a key advantage of the proposed reinforcement 
learning approach lies in its capacity to learn context-specific 
dispatching policies. Unlike traditional strategies (such as the nearest-
ambulance rule), which apply a fixed and context-insensitive heuristic, 
our agent can be trained under different operational conditions and 
constraints, enabling it to adapt its behavior accordingly (scenarios 
characterized by high system saturation, low ambulance availability, 
or varying spatial distributions of demand). Similarly, separate models 
could be tailored to different geographic zones, such as densely 
populated metropolitan areas versus sparsely populated rural regions, 
each with their own response time dynamics and operational trade-
offs. This modular and data-driven adaptability significantly enhances 
the strategic flexibility of the system, allowing it to respond more 
effectively to heterogeneous environments and evolving emergency 
care needs.

Although the results obtained are promising, there are relevant 
limitations that must be acknowledged. First, the model is trained 
and evaluated within a simulated environment using historical data, 
meaning its real-time performance may be affected by external factors 
not captured in the current setup-such as real-time traffic, special 
events, or abrupt changes in resource availability. Second, the grid 
structure and risk categorization rely on historical patterns that might 
not reflect dynamic or emerging behaviors in certain different regions. 
Finally, the integration of the system into actual EMS workflows 
requires careful coordination to avoid disrupting existing protocols.

As future work, several directions could enhance the current 
approach. First, extending the agent to support continuous 
state representations or more complex policy models (e.g., deep 
reinforcement learning) could improve scalability to larger urban 
areas. Second, incorporating dynamic ambulance repositioning 
policies (while maintaining realistic operational constraints) could 
further increase system efficiency. Lastly, deploying the framework 
with real EMS data and collaborating with medical authorities would 
enable evaluation in operational settings and facilitate the translation 
of these methods into practice.
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