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Abstract. With socioeconomic development, emergency resource dispatch plays a critical role in responding to sudden
incidents. As an emerging machine learning technique, reinforcement learning offers new avenues for optimizing emergency
resource dispatch strategies. This paper systematically reviews reinforcement learning models for optimizing emergency
resource dispatch strategies. It first delves into the theoretical foundations of reinforcement learning, including Markov
decision processes and the core concepts of reinforcement learning algorithms. Subsequently, relevant models are
categorized and reviewed based on two dimensions: reinforcement learning algorithm types and characteristics of
emergency resource dispatch problems. Furthermore, key influencing factors of reinforcement learning models in
emergency resource dispatch are analyzed, such as state space design, action space definition, reward function design, and
environment modeling. Current challenges and future development directions are identified, aiming to provide references
for further research.
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Introduction

In today's society, various emergencies frequently occur, such as natural disasters, accidents, and public health
incidents, posing severe threats to people's lives and property safety as well as the stable operation of society
[1]. As a critical component of emergency management, emergency resource dispatch aims to swiftly and
efficiently allocate and deploy limited emergency resources to the areas of greatest need following an incident.
This maximizes the reduction of disaster losses while safeguarding people's lives and ensuring basic living needs
[2]. However, emergency resource dispatch faces numerous challenges, including the sudden and unpredictable
nature of incidents [2], the limited and uneven distribution of resources [3], time constraints, and complex and
dynamic field environments [4]. Traditional dispatch methods often fail to meet practical demands, making
research on optimizing emergency resource dispatch strategies critically important [5].

Reinforcement learning, as a machine learning technique based on trial-and-error learning, has achieved
remarkable results in numerous fields in recent years, providing new perspectives and methods for solving
complex decision-making problems [6]. The core principle of reinforcement learning involves an agent
interacting with its environment and learning optimal behavioral strategies based on reward signals from the
environment to maximize cumulative rewards [7]. Unlike traditional model-based optimization methods,
reinforcement learning does not require precise prior knowledge of the environment's mathematical model.
Instead, it adapts to the environment through continuous exploration and learning. This characteristic gives it
unique advantages when addressing complex, dynamic, and uncertain emergency resource dispatch scenarios
[8]. In emergency material distribution, road conditions may change in real time due to disasters, and demand
points may fluctuate over time. Reinforcement learning can dynamically adjust delivery routes and material
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allocation plans based on real-time information [9]. In emergency personnel dispatch, it can optimize personnel
deployment and task assignment in real time according to on-site rescue progress and personnel status, thereby
improving rescue efficiency [10].

Currently, reinforcement learning research in emergency resource scheduling is gaining increasing attention.
Scholars have proposed various reinforcement learning-based models from different perspectives [11]. However,
these studies remain in a phase of ongoing development and refinement, with several pressing issues requiring
resolution [12]. First, significant performance variations exist among different algorithms in terms of
convergence speed, stability, and adaptability, necessitating in-depth analysis and comparison [13]. Second, the
emergency resource dispatch problem itself exhibits multidimensional complexity. Effectively integrating
reinforcement learning models with these problem characteristics to construct targeted and practical dispatch
models represents a key research direction [14]. Furthermore, the performance of reinforcement learning
models in practical applications is influenced by multiple factors, including state space design, action space
definition, reward function design, and environment modeling. The rationality and effectiveness of these factors
directly impact the scheduling outcomes and decision quality of the model. However, systematic research and
optimization of these critical influencing factors remain relatively insufficient [15-17].

This paper aims to provide a systematic review of reinforcement learning models for optimizing emergency
resource dispatch strategies. By thoroughly analyzing the theoretical foundations of reinforcement learning,
comprehensively categorizing existing models, and exploring their key influencing factors and challenges, it
seeks to offer references for future research. First, this paper will elaborate on relevant reinforcement learning
theories, including the core concepts of Markov decision processes and reinforcement learning algorithms,
laying the groundwork for subsequent model analysis. Subsequently, existing models are categorized and
reviewed from two dimensions: reinforcement learning algorithm types and characteristics of emergency
resource dispatch problems. The features, advantages, and limitations of each model category are analyzed.
Next, key influencing factors of reinforcement learning models in emergency resource dispatch are explored in
depth. Detailed analysis is conducted using practical examples, proposing corresponding optimization strategies
and methods. Finally, the paper summarizes major challenges in current research and outlines future
development directions, aiming to advance the application and development of reinforcement learning in
emergency resource scheduling.

Theoretical Analysis of Reinforcement Learning

Markov Decision Process

The Markov Decision Process (MDP) forms the mathematical foundation of reinforcement learning, providing a
framework for modeling sequential decision problems [18]. An MDP consists of a state space (S), action space
(A), transition probability (P), reward function (R), and discount factor (y), as detailed in Table 1. The state space
S encompasses all possible environmental states, while the action space A represents the set of actions an agent
can execute [19]. Transition probabilities denote the likelihood of moving from states to states after executing
action a [20]. The reward function indicates the reward obtained when executing action, a in state s or
transitioning to states. The discount factor y balances the importance of future rewards versus immediate
rewards.

Table 1. Components of an MDP

No Element Description

1 State Space (S) Describes the features and conditions of the environment at a certain time

2 Action Space (A) Actions that the agent can take in a given state

3 Transition Probability (P) Probability of transitioning to another state after taking an action in a certain state
4 Reward Function (R) Measures the immediate reward gained by the agent after taking an action in a state
5 Discount Factor (y) Balances the weight between immediate and future rewards

The elements outlined in Table 1 collectively establish a comprehensive modeling paradigm that is highly
adaptable to a variety of sequential decision-making problems. By abstracting the environment into well-defined
states and actions, the MDP framework enables researchers to systematically analyze complex scenarios where
uncertainty and change are inherent. In emergency resource dispatch, this abstraction is particularly valuable,
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as it allows for the rigorous equationtion of dispatch policies that can adapt dynamically to evolving field
conditions and unforeseen events, creating a solid theoretical underpinning for subsequent algorithmic design.

To facilitate a clearer understanding of how the Markov Decision Process (MDP) framework operates within
reinforcement learning, it is beneficial to present its structure in a graphical form. This visual representation
helps illustrate the relationships between the essential elements—states, actions, transition probabilities,
rewards, and discount factors—and how they interact dynamically over time. Figure 1 provides a conceptual
overview of the MDP, highlighting the agent's interaction with the environment and the flow of information
throughout the process of determining decisions. This figure serves as a useful reference for readers to grasp
the foundational mechanics of reinforcement learning models.
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Figure 1. Structure of the Markov Decision Process.

The Markov Decision Process (MDP) diagram clearly illustrates how agents interact with their environment
through a closed feedback loop of state observation, action selection, and reward acquisition. This framework
is foundational for reinforcement learning, as it systematically models the sequential nature of decision-making
under uncertainty. By capturing the dynamic interplay between the agent and its surroundings, the MDP enables
researchers to formalize complex dispatch problems and develop tailored optimization strategies.
Understanding these interactions is crucial for designing algorithms that can adapt to the rapidly changing
conditions typical of emergency resource allocation scenarios.

The core property of an MDP is its Markovian nature, meaning the probability distribution of the next state
depends solely on the current state and the selected action, independent of past states [21]. This enables MDPs
to simplify complex decision-making processes by transforming them into manageable mathematical forms. The
objective of an MDP is to find the optimal policy t that maximizes the cumulative reward obtained by the agent
during interactions with the environment [22]. The policy it can be deterministic, selecting a specific action for
a given state, or stochastic, choosing different actions with certain probabilities for a given state.
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The value function and Q-function are crucial for evaluating policy quality in MDPs. The value function represents
the expected cumulative reward starting from state s and following policy t; the Q-function estimates the quality
of action a taken at states. The Bellman equation forms a crucial theoretical foundation for reinforcement
learning, tightly linking the state value function, action-state value function, and policy to provide mathematical
tools for optimizing agent behavior [23]. The calculation methods for the value function and Q-function differ
slightly depending on the policy. Markov Decision Processes provide the mathematical foundation for learning
reinforcement by formalizing sequential decision-making problems under uncertainty. An MDP is typically
defined as:

MDP = (§5,A,P,R,y) 1)

In this definition, S is the set of all possible states, A is the set of available actions, P represents the transition
probability function, R is the reward function, and y is the discount factor. This compact equationtion allows
agents to systematically model their environment and make optimal decisions over time.

Core Concepts of Reinforcement Learning Algorithms

The core of reinforcement learning algorithms lies in enabling agents to learn optimal policies through
interaction with the environment, thereby maximizing long-term cumulative rewards [24]. These algorithms fall
into two major categories: model-based [25] and model-free [26]. Model-based algorithms require constructing
an environment model and optimize policies through planning and simulation [25]; model-free algorithms
directly learn policies through trial-and-error interactions with the environment [26].

Among these two categories, model-free methods are particularly favored in scenarios where Building a realistic
environmental model is challenging or impractical. Popular model-free approaches, such as Q-learning and
policy gradient methods, have demonstrated remarkable effectiveness across a variety of complex tasks. These
methods enable agents to adapt to dynamic and high-dimensional environments by leveraging value functions
or directly optimizing policy parameters. On the other hand, model-based algorithms offer the advantage of
improved sample efficiency by utilizing learned or given models for planning, but often face challenges related
to model accuracy and computational complexity. Model-based versus model-free options approaches is largely
guided by the specific characteristics of the task and the availability of environment information, making
reinforcement learning a versatile framework applicable to a broad spectrum of real-world problems.

Policy constitutes one of reinforcement learning's core elements, subdivided into deterministic policies [27] and
stochastic policies [28]. Under deterministic policies, the agent always selects the same action for a given state
[27]; stochastic policies permit the agent to choose different actions with certain probabilities, enhancing
exploratory flexibility [28]. Common reinforcement learning algorithms include Q-learning [29], SARSA [30],
policy gradient methods [31], and actor-critic methods [32]. A comparison of reinforcement learning algorithm
characteristics is shown in Table 2.

Table 2. Comparison of Reinforcement Learning Algorithm Characteristics

Algorithm . .

8 Core Features Applicable Scenarios

Type

. Model-free Value-based Tabular or combined with Deep Small state and action spaces or handling high-
Q-learning . . . .
Neural Networks DQN dimensional state spaces with deep learning
SARSA Model-free Value-based Updates considering actually Scenarios requiring real-time interaction and online
executed actions learning
Policy Directly optimizes policies Can handle continuous action High-dimensional action spaces requiring flexible policy
Gradient spaces representation
Actor-Critic Combines policy gradient and value estimation Uses two High-dimensional state and action spaces Complex
neural networks for collaborative learning decision problems

As shown in Table 2, each reinforcement learning algorithm type possesses distinct characteristics that make it
more suitable for specific types of problem domains. The ability to select or design an appropriate algorithm
based on the size of the state-action space and the nature of the dispatch scenario is critical for achieving
effective learning and robust decision-making. Additionally, the strengths and weaknesses highlighted in this
comparison underscore the importance of tailoring algorithmic approaches to the operational requirements and
constraints of emergency resource dispatch, ensuring both practical feasibility and theoretical soundness.
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Q-learning is a typical model-free reinforcement learning algorithm that selects optimal actions by learning Q-
values for state-action pairs [29]. Its core principle involves iteratively updating the Q-table by adjusting current
Q-values based on the current reward and the maximum Q-value for the next state. Q-learning is simple to
implement, exhibits good convergence, and is suitable for problems with small state and action spaces. Q-
learning is one of the most popular model-free reinforcement learning algorithms. It updates the action-value
function iteratively based on agent experience using the following rule:

Q(s,a) « Q(s,a) + afr + y max_{a'}Q(s",a’) = Q(s,a)] 2

In this equation, Q(s, a) is the current value estimate for state s and action a, « is the learning rate, r is the
received reward, s ' is the next state, and y is the discount factor. This update mechanism allows the agent to
learn optimal behavior through repeated interactions with the environment.

Policy gradient methods directly optimize the parameters of the policy function, maximizing cumulative rewards
through gradient ascent [31]. Unlike value-based methods such as Q-learning, policy gradient approaches
directly refine the policy itself, enabling handling of continuous action spaces and making them more suitable
for complex decision problems. Their core principle involves updating policy parameters by estimating policy
gradients, progressively enhancing policy performance. Estimating policy gradients typically requires Monte
Carlo sampling or other approximation methods.

The Actor-Critic method combines the strengths of policy gradient and value function estimation by training two
neural networks to learn the policy and value function respectively, collaborating to optimize the policy [32].
The actor network generates actions based on the current policy, while the critic network evaluates the quality
of these actions and adjusts the actor network's parameters accordingly. This architecture enhances the
efficiency and stability of policy updates, making it suitable for complex problems with high-dimensional state
and action spaces.

Classification and Review of Emergency Resource Dispatch Models Based on
Reinforcement Learning

Classification by Reinforcement Learning Algorithm Type

Q-learning-based Models

Q-learning is a typical model-free, value-based reinforcement learning algorithm that selects optimal actions by
learning Q-values for state-action pairs [33]. Its core principle involves iteratively updating the Q-table by
adjusting current Q-values based on immediate rewards and the maximum Q-value of the next state. In
emergency resource scheduling, [34] developed a Q-learning-based model to address resource allocation and
dispatch challenges. In urban emergency relief material dispatch, [35] defines different rescue tasks and
resource allocation scenarios as states, while assigning actions to allocate resources to various tasks. Through
continuous learning and updating of the Q-table, the model learns optimal resource allocation actions across
diverse states, thereby achieving efficient emergency relief material dispatch. Table 3 illustrates the application
characteristics of the Q-learning-based emergency resource dispatch model across different scenarios.

Table 3. Application Characteristics of the Q-learning-Based Emergency Resource Dispatch Model

Application Scenario

State Definition

Action Definition

Advantages

Disadvantages

Urban Emergency
Relief Material
Dispatch

Different rescue tasks
and resource allocation
situations

Actions allocating
resources to different
tasks

Can learn optimal
resource allocation
strategies Improves rescue
efficiency

Low learning
efficiency when state
and action spaces are

large

Disaster Area
Emergency
Communication
Resource Dispatch

Status of
communication base
stations and
communication
demands

Actions allocating
communication
resources to different
base stations

Optimizes communication
resource allocation
Enhances communication
reliability

Difficulty handling
continuous action
spaces
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Table 3 demonstrates how Q-learning-based models can be flexibly adapted to various emergency resource
dispatch scenarios by appropriately defining state and action spaces. These models facilitate the identification
of optimal strategies through iterative learning, gradually improving allocation policies as more experience is
gathered. Despite their limitations in handling large-scale or continuous spaces, Q-learning models remain a
foundational approach, especially in structured environments or when computational resources are limited.
Their simplicity and clear interpretability also make them attractive for initial deployments and pilot studies in
emergency management.

Policy Gradient-Based Models

In recent years, the complexity of emergency resource dispatch scenarios has underscored the need for more
flexible and adaptive decision-making frameworks. Traditional optimization methods, which often rely on
discrete and static representations of resources and actions, may fall short in capturing the nuanced dynamics
and uncertainties inherent in real-world emergencies. Reinforcement learning, by contrast, offers a dynamic and
data-driven approach capable of continuously improving dispatch strategies through direct interaction with the
environment. This adaptability is particularly valuable when resource demands fluctuate and environmental
conditions evolve rapidly. Among the various reinforcement learning paradigms, approaches that can effectively
manage continuous variables—such as resource quantities, vehicle trajectories, or supply levels—are especially
promising. The ability to model and optimize in continuous spaces allows for more granular and precise control,
which is vital for maximizing the efficiency and responsiveness of emergency operations.

Policy gradient methods directly optimize the parameters of the policy function by maximizing cumulative
rewards through gradient ascent [36]. Unlike value-based Q-learning algorithms, policy gradient approaches
directly optimize the policy itself, enabling them to handle continuous action spaces and making them more
suitable for complex decision-making problems [36-37]. In emergency resource dispatch, policy gradient-based
models have been applied to address continuous resource allocation and complex dynamic scheduling problems
[38]. For path planning and resource allocation of emergency rescue vehicles, policy gradient models effectively
handle continuous state and action information such as vehicle speed and fuel levels. By continuously adjusting
policy parameters, they optimize rescue vehicle routes and resource allocation schemes, enhancing rescue
efficiency [39]. Table 4 compares the characteristics of policy gradient models versus other models when
addressing continuous action space problems.

Table 4. Comparison of Characteristics Between Policy Gradient Models and Other Models for Continuous Action Space Problems

Model Type Handling Ability Policy Optimization Method Convergence Speed Stability
Policy Gradient Strong Directly optimize policy parameters Slower Better
Q-learning Weak Indirect via Q-value table Faster Worse

DQN Moderate Approximate Q-value with deep neural networks Faster Moderate

The comparative analysis in Table 4 highlights the practical considerations when selecting reinforcement
learning algorithms for continuous action space problems in emergency resource dispatch. Policy gradient
methods, by directly optimizing the policy, offer greater stability and flexibility in complex, real-world scenarios
where discrete representations may fall short. The trade-offs between convergence speed and stability must be
carefully balanced according to the urgency and complexity of the dispatch tasks. These insights provide valuable
guidance for practitioners seeking to match algorithmic choices to the unique demands of their operational
environments.

Deep Reinforcement Learning-Based Models

As emergency resource dispatch scenarios become increasingly complex, traditional reinforcement learning
algorithms often encounter limitations when dealing with high-dimensional state and action spaces or highly
nonlinear relationships among variables. The need to process vast amounts of heterogeneous data—such as
geographic information, resource inventories, traffic flows, and environmental factors—demands more
powerful and scalable modeling techniques. To address these challenges, researchers have explored the
integration of deep learning with reinforcement learning, giving rise to a new class of algorithms capable of
capturing intricate patterns and dependencies within the data. By employing deep neural networks, these
methods can automatically extract latent features from raw input, reducing the need for manual feature
engineering and enabling more flexible adaptation to dynamic environments. This synergy between deep
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learning and reinforcement learning significantly broadens the range of problems that can be effectively tackled,
particularly in domains where traditional methods struggle to scale or generalize.

Deep reinforcement learning combines the strengths of deep neural networks and reinforcement learning,
enabling automatic extraction of state features and learning of complex decision functions [40]. Common deep
reinforcement learning algorithms include Deep Q-Network (DQN) [41] and Deep Deterministic Policy Gradient
(DDPG) [42]. In emergency resource dispatch, deep reinforcement learning models are widely applied to address
challenges involving large-scale, high-dimensional state spaces and complex dynamic environments [43].
Reference [43] demonstrates that DQN models can resolve high-dimensional state spaces and intricate decision-
making problems in large-scale emergency resource dispatch. By leveraging deep neural networks for state
feature extraction and value function approximation, these models enhance the accuracy and efficiency of
dispatch decisions. DDPG excels in emergency resource scheduling problems involving continuous action spaces.
For instance, in multi-agent emergency rescue tasks, it coordinates actions among agents to achieve efficient
resource allocation and task assignment [44]. Table 5 lists several common deep reinforcement learning
algorithms along with their application scenarios and characteristics in emergency resource scheduling.

Table 5. Applications of Deep Reinforcement Learning Algorithms in Emergency Resource Scheduling

Algorithm L . .
gType Application Scenario Advantages Disadvantages
Can handle high-dimensional .
. - Parameter sensitive Prone to
DQN Large-scale emergency resource dispatch state spaces Improves decision overfittin
accuracy g
R . . Suitable for continuous action . .
Emergency resource dispatch with continuous . . Requires large sample size Long
DDPG . spaces Coordinates multi-agent S
action spaces . training time
actions
. L More accurate state value -
. Emergency resource dispatch requiring L . Complex structure Difficult to
Dueling o estimation Improves learning K
accurate state value estimation L implement
efficiency

The information in Table 5 illustrates the versatility and power of deep reinforcement learning in addressing
diverse emergency resource scheduling challenges. By leveraging the feature extraction capabilities of neural
networks, these algorithms significantly enhance the agent’s ability to process high-dimensional and complex
environmental data. However, the increased computational requirements and training complexity necessitate
careful consideration of resource constraints and deployment environments. This underscores the importance
of algorithm selection and parameter tuning in achieving effective and scalable solutions for real-world
emergency scenarios.

In deep reinforcement learning, Deep Q-Networks (DQN) use neural networks to approximate the Q-function
for high-dimensional state spaces. The loss function minimized during DQN training is defined as:

L(®) =E_{(s,a,7",s") ~ D}[(r + ymax_{a'}Q(s",a’; 0" —) — Q(s,a; 0))"2] 3)

Here, 8 denotes the parameters of the current Q -network, 8" - represents the parameters of the target network,
and D is the experience replay buffer. This loss encourages the network to predict Q-values that are consistent
with the Bellman optimality equation, enabling learning in large-scale problems.

Classification of Emergency Resource Dispatch Problems by Characteristics

Dynamic Emergency Resource Dispatch Models

In the field of emergency management, the ability to swiftly and efficiently allocate resources under uncertain
and fluctuating conditions is paramount. Emergency resource dispatch scenarios are inherently characterized
by unpredictability, stemming from factors such as sudden-onset disasters, shifting demands, and rapidly
changing on-ground realities. Traditional static resource allocation methods, which often rely on pre-defined
plans and rigid distribution rules, frequently fall short in addressing the unpredictable evolution of emergencies.
As a result, there has been increasing interest in the development of intelligent dispatch models capable of
perceiving environmental changes and autonomously adjusting allocation decisions. These models leverage
advances in machine learning and artificial intelligence to enable a higher degree of adaptability and
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responsiveness. By continuously monitoring key environmental indicators and feedback from ongoing
operations, intelligent dispatch systems can identify emerging needs, reprioritize resource distribution, and
coordinate actions across multiple agents, ultimately supporting more effective and resilient emergency
response strategies.

Emergency resource dispatch typically occurs within dynamically changing environments, such as evolving
disasters, resource depletion, and replenishment [45]. Dynamic emergency resource dispatch models can adjust
resource allocation strategies in real time based on environmental changes. Dynamic emergency resource
allocation models based on deep reinforcement learning learn online and adapt to environmental dynamics,
promptly allocating resources to areas of greatest need to enhance the timeliness and effectiveness of
emergency response [46]. These models typically account for temporal factors and state transitions, employing
methods such as temporal difference learning to update value functions or policies. Table 6 illustrates the
application characteristics of dynamic emergency resource allocation models across different disaster scenarios.

Table 6. Application Characteristics of Dynamic Emergency Resource Scheduling Models in Different Disaster Scenarios
Disaster Scenario Model Features Advantages Disadvantages

Forest Fire . ) . Can respond timely to fire . . .
Considers fire spread dynamics and High real-time data requirements
Emergency . changes Reasonably allocate > . .
. resource consumption High computational complexity
Dispatch resources

Flood Emergency
Rescue Dispatch

Adjusts resource allocation based on
flood water level changes and affected

Improves rescue efficiency
Reduces disaster losses

High environmental uncertainty
Model robustness needs

population dynamics improvement

From the perspectives outlined in Table 6, it is clear that dynamic emergency resource scheduling models must
be responsive and adaptable to rapidly changing disaster environments. Incorporating real-time data and
environmental dynamics enhances the timeliness and appropriateness of allocation decisions, ultimately
strengthening the effectiveness of emergency response efforts. Nevertheless, the increased complexity and data
requirements highlight the need for robust simulation and data management tools, ensuring that models remain
both accurate and computationally feasible in practice.

Given the complexity of deep reinforcement learning algorithms, especially in the context of emergency
resource dispatch, a schematic diagram can enhance our comprehension of the main technical workflow.
Visualizing the Deep Q-Network (DQN) architecture clarifies how state information is processed by neural
networks to estimate optimal actions. As shown in Figure 2, the DQN structure encompasses input layers for
environmental states, hidden layers for feature extraction, and output layers for Q-value prediction, thus
supporting efficient learning in high-dimensional spaces. This illustration makes the underlying algorithmic
process more accessible and tangible to researchers and practitioners.

Reward Sr_t$

Experience Replay
Buffer D

State $s_t$

Input Layer

* Target Network <_ Target Net
 $Q(s'a;Theta™-)$ Periodically Updated

Action $a_t$
(argmax Q)

Hidden Layer 1
(ReLU)

Output Layer
Q(s.a) for all actions

$Q(s.a’; ©-)8

Hidden Layer 2
(ReLU)
1

backprop |
(update ©) I

A

Loss:
SL(Theta) = E_{(s,a,5,s")sim D} [(r + gamma max_{a'}Q(s’a’; Theta*-) - Q(s.a; Theta))"2]$

interact

Figure 2. Deep Q-Network architecture.
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The Deep Q-Network (DQN) architecture depicted here demonstrates the integration of deep learning with
reinforcement learning principles. By utilizing layered neural networks, DQN is capable of extracting rich features
from high-dimensional state spaces, making it particularly suitable for complex environments such as emergency
resource scheduling. This approach allows the agent to approximate value functions more accurately, facilitating
more effective decision-making. The visualization highlights the core workflow where state inputs are
transformed into Q-value predictions, thereby supporting robust policy learning. Such architectures have
opened new possibilities for applying reinforcement learning to real-world operational challenges in emergency
management.

Multi-Objective Emergency Resource Dispatch Model

In the realm of emergency resource dispatch, real-world operations are rarely driven by a single objective.
Instead, decision-makers must often contend with a wide array of sometimes conflicting goals, such as
responding swiftly to emergencies, utilizing limited resources in the most effective manner, and ensuring that
operational costs remain manageable. The inherently complex and uncertain nature of emergency scenarios
further amplifies these challenges. Traditional single-objective optimization methods, while useful in
straightforward contexts, frequently fall short in capturing the full scope of operational priorities present in
emergency management. As such, the development of models capable of addressing multiple objectives
simultaneously has become a focal point for both researchers and practitioners. By integrating various
performance indicators into the decision-making process, these multi-objective models provide a more holistic
perspective, enabling dispatch strategies that are not only efficient but also equitable and sustainable.
Leveraging advances in reinforcement learning, these approaches are able to dynamically balance trade-offs
among competing objectives, adapting to evolving conditions and stakeholder requirements throughout the
resource allocation process.

In practical emergency resource dispatch, multiple objectives often need to be considered, such as minimizing
rescue time, maximizing resource utilization efficiency, and minimizing rescue costs [47-49]. The multi-objective
emergency resource dispatch model constructs a multi-objective optimization function and employs
reinforcement learning algorithms to balance and optimize among these objectives [50]. Reference [51]
established a reinforcement learning-based multi-objective emergency resource scheduling model. It uses
rescue time and resource demand satisfaction as objective functions, converting the multi-objective function
into a single-objective function for optimization by assigning different weights. These models achieve balance
among different objectives, providing more comprehensive and reasonable scheduling solutions. Table 7 lists
common objective types in multi-objective emergency resource scheduling models and their weighting methods.

Table 7. Objective Types and Weighting Methods in Multi-Objective Emergency Resource Scheduling Models

Objective Type Weight Setting Method Advantages Disadvantages
Minimize Rescue Time Assign higher weights based on Clearly emphasizes key points Subjective weight
expert experience and historical data Improves rescue efficiency determination
Maximize Resource Combine expert opinions and actual Considers resource guarantee Requires accurate demand
Demand Satisfaction demand Enhances rescue effect forecasting
Minimize Rescue Cost Assign weights considering resource Reduces rescue cost Improves May conflict with other
value and budget constraints resource utilization objectives such as rescue time

Table 7 emphasizes the necessity of balancing multiple objectives in emergency resource scheduling. Assigning
appropriate weights to each goal enables the equationtion of composite optimization objectives that reflect the
real-world priorities of decision-makers. This approach allows for the reconciliation of potentially conflicting
demands—such as minimizing time versus cost—leading to more holistic and practical scheduling solutions. The
appropriate calibration of these weights remains a challenging but essential aspect of multi-objective model
design, warranting further research and methodological innovation.

In emergency resource dispatch, multiple objectives such as minimizing time and cost while maximizing

efficiency must be balanced. A widely used approach is to assign weights to each objective and combine them
into a single optimization function:

minF = w_1T + w_2C —w_3S “)
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In this function, F is the composite objective, T denotes total rescue time, C is total cost, S is satisfaction or
resource utilization, and w_1, w_2, w_3 are the respective weights. This weighted sum allows decision-makers
to tune the trade-off among different goals according to operational priorities.

Multi-Agent Emergency Resource Dispatch Models

In recent years, the increasing complexity and scale of emergency scenarios—such as natural disasters, industrial
accidents, and large-scale public health emergencies—has highlighted the limitations of single-agent resource
dispatch approaches. Traditional centralized decision-making frameworks often struggle to cope with rapidly
evolving environments, distributed information, and the need for real-time adaptability. As emergency
operations frequently involve multiple teams, vehicles, or autonomous systems operating in parallel, there is a
growing demand for decentralized models that can support flexible and coordinated resource allocation. Multi-
agent systems have emerged as a promising solution by distributing intelligence and autonomy across multiple
entities, allowing for concurrent decision-making and local adaptation. By leveraging reinforcement learning
techniques, these systems can dynamically learn optimal collaboration strategies, balance workload distribution,
and mitigate conflicts among agents. The integration of multi-agent reinforcement learning not only enhances
scalability and fault tolerance but also paves the way for more resilient and responsive emergency management
frameworks.

In complex emergency rescue scenarios, collaboration and coordination among multiple agents are typically
required [52]. Multi-agent emergency resource dispatch models treat each agent as an independent decision-
making unit, utilizing reinforcement learning algorithms to enable communication and cooperation among
agents, thereby jointly accomplishing emergency resource dispatch tasks [53]. A dynamic task allocation model
for aerial flood rescue based on multi-agent reinforcement learning leverages the advantages of multi-agent
reinforcement learning in handling distributed dynamic problems, achieving efficient task allocation [54]. These
models fully utilize the distributed computing power and collaborative capabilities of multiple agents to enhance
the efficiency and robustness of emergency resource scheduling. Table 8 compares the characteristics of multi-
agent and single-agent emergency resource scheduling models.

Table 8. Comparison of Characteristics Between Multi-Agent and Single-Agent Emergency Resource Dispatch Models

Model Type Decision Unit Collaboration Complexity Applicable Scenarios
Ability
Multi-Agent Multiple Strong High Complex emergency rescue scenarios involving multiple
Model agents participants
Single-Agent Single agent Weak Low Simple emergency resource dispatch problems Centralized
Model decision-making

Asillustrated in Table 8, the distinction between multi-agent and single-agent models has significant implications
for the complexity and effectiveness of emergency resource dispatch. Multi-agent approaches offer improved
collaboration and scalability, which are crucial in complex, distributed rescue operations. However, they also
introduce additional challenges in communication and coordination, demanding sophisticated algorithmic
solutions. By understanding these trade-offs, researchers and practitioners can better design dispatch systems
that align with the organizational structure and operational demands of their emergency response frameworks.

Analysis of Key Influencing Factors for Reinforcement Learning Models in
Emergency Resource Dispatch

State Space Design and Feature Extraction

In the context of reinforcement learning, the design of the state space is a foundational step that directly
influences the model’s ability to learn effective policies. A well-constructed state space encapsulates the
essential information required for the agent to accurately interpret the environment and make informed
decisions. In emergency resource dispatch scenarios, this involves identifying and incorporating environmental
variables, operational constraints, and key metrics that capture the evolving needs and situational complexities
inherent to disaster response. State representation must strike a balance between comprehensiveness and
tractability, ensuring that relevant features are neither omitted nor excessively detailed to the point of impeding
learning efficiency.
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The state space serves as the input interface for reinforcement learning models, reflecting the model's ability to
perceive the environment. In emergency resource dispatch, its design must encompass all critical factors
affecting decision-making [55]. As demonstrated in [56], the state space for post-disaster emergency material
dispatch may include regional disaster severity, demand volume, material storage point locations and inventory
levels, transportation vehicle positions, and load status.

Beyond the core physical and logistical elements, advanced state representations may also integrate various
contextual and operational factors. For instance, agent-specific attributes such as resource allocation history,
priority levels of affected zones, and recent changes in environmental conditions can be encoded to enhance
situational awareness. Additionally, the inclusion of dynamic factors—such as evolving road accessibility,
communication network status, and resource consumption rates—enables the model to adapt more flexibly to
real-world uncertainties. Careful feature engineering and dimensionality reduction techniques, such as principal
component analysis or autoencoders, can further optimize the state space, reducing redundancy and improving
computational efficiency. Ultimately, the effectiveness of reinforcement learning in emergency dispatch
depends largely on how well the state space captures the multifaceted realities of the operational environment.

Feature extraction is a critical step in state space design. Through dimensionality reduction and feature selection,
redundant information is eliminated while retaining the most valuable features for decision-making, thereby
enhancing model efficiency and performance [57]. Principal Component Analysis (PCA) and Deep Autoencoders
are commonly used feature extraction methods [58]. State space design prioritizes different aspects across
scenarios: urban emergency response emphasizes resource distribution and traffic conditions, while forest
firefighting focuses on fire dynamics and geographic information such as fire location, spread rate, wind
direction, and wind speed [59-60]. Feature extraction methods are compared in Table 9.

Table 9. Feature Extraction Methods Comparison

Method Name Applicable Scenario Advantages and Disadvantages
Principal Component Pure numerical linear correlated high- Advantages High computational efficiency Disadvantages May lose
Analysis dimensional data nonlinear features
Autoencoder Pure complex nonlinear correlated Advantages Strong feature extraction ability Disadvantages High
high-dimensional data computational resource requirements

Table 9 highlights the importance of selecting appropriate feature extraction methods in the construction of
effective state spaces. The choice between linear and nonlinear techniques depends on the nature of the input
data and the complexity of the scenario. Proper feature extraction not only improves model performance but
also reduces computational burdens, which is particularly beneficial in time-sensitive emergency response
situations. Continued refinement of these methods will further enhance the adaptability and precision of
reinforcement learning-based dispatch models.

Action Space Definition and Decision Granularity

A well-designed action space is fundamental to the success of reinforcement learning models in emergency
resource dispatch. The definition of the action space directly determines the agent’s ability to interact with and
influence its environment, thus shaping the learning process and the ultimate effectiveness of dispatch decisions.
In practical applications, the action space should closely reflect the operational realities and constraints of
emergency response, incorporating factors such as resource availability, logistical limitations, and regulatory
requirements. Moreover, it is essential to ensure that the action space remains both expressive and
computationally manageable. Overly simplistic action spaces may fail to capture the complexity of real-world
decision-making, whereas excessively complex or high-dimensional action spaces can impede learning efficiency
and hinder model performance. By carefully balancing expressiveness and tractability, researchers can construct
action spaces that facilitate effective learning while supporting the nuanced decision-making required in
dynamic and uncertain emergency scenarios.

The action space defines the set of operations an agent can execute in a given state, while decision granularity
impacts model complexity and decision accuracy [61]. In emergency resource dispatch, action space design must
consider practical feasibility and constraints. As described in [62], actions may include allocating a specific
quantity of supplies to a target location, dispatching vehicles carrying designated cargo to a destination, or
activating/deactivating power generation equipment. Regarding decision granularity, finer granularity enables
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more precise resource scheduling control but increases model complexity and computational load [63]. Coarser
granularity simplifies the model but may reduce decision accuracy, requiring trade-offs based on specific
problem contexts [64]. The impact of different decision granularities on the action space is compared in Table
10.

Table 10. Comparison of the Impact of Different Decision Granularities on the Action Space

Decision Granularity Action Space Complexity Decision Accuracy Computational Resource Requirement
Fine High High High
Medium Medium Medium Medium
Coarse Low Low Low

The comparison presented in Table 10 underscores the critical impact of decision granularity on both model
complexity and scheduling accuracy. Fine-grained actions enable more nuanced and precise resource
deployment, which can be vital in high-stakes emergencies. However, this increased precision comes at a cost
in terms of computational demand and model complexity. Striking the right balance between granularity and
feasibility is essential for ensuring that reinforcement learning models remain practical and effective in real-
world dispatch operations.

The choice of decision granularity significantly influences the efficiency and effectiveness of reinforcement
learning models in emergency resource scheduling. To better demonstrate this impact, a comparative
visualization is provided. Figure 3 depicts the relationship between different levels of decision granularity and
model performance, including computational complexity and scheduling accuracy. By examining this figure,
readers can more intuitively appreciate the trade-offs involved in designing the action space for practical
applications.

Performance Impact

i High Model Complexityj
2
§ High Scheduling Accuracylj|
Fine ' | Medium Model ComplexityT
Medium = Medium Scheduling Accuracyh‘

Coarse

Decision Granularity

Low Model Complexityj

Low Scheduling Accuracym’

Trade-off:
- Finer granularity achieves higher scheduling accuracy but increases model complexity and computational cost.
- Coarser granularity simplifies computation but reduces accuracy.

Figure 3. Effect of decision granularity on performance.

This figure provides a comparative view of how decision granularity influences the performance of
reinforcement learning models in emergency resource dispatch. By visualizing the trade-offs between
computational complexity and scheduling accuracy, it becomes evident that finer-grained decision-making
allows for more precise resource control, while also demanding greater computational resources. Conversely,
coarser granularity reduces model complexity at the possible expense of solution quality. Understanding this
balance is essential for practitioners aiming to deploy scalable, efficient solutions that remain practical under

12



Reinforcement Learning Models for Optimizing Emergency Resource Dispatch Strategies: A Review
DOI: 10.64972/jaat.2023v1.31

operational constraints. The insights gained from such analysis can guide the customization of action spaces to
best fit the needs of diverse emergency scenarios.

Reward Function Design and Optimization Objective Implementation

Designing an effective reward function is a fundamental challenge in reinforcement learning applications for
emergency resource dispatch. The reward function serves as the primary channel through which operational
priorities and constraints are translated into actionable learning signals for the agent. In practice, reward
structures must be capable of capturing the often complex and competing objectives present in real-world
emergency scenarios, such as efficiency, fairness, and risk minimization. A thoughtfully designed reward function
should reflect both immediate and long-term goals, incentivizing the agent not only to complete urgent
deliveries but also to allocate resources judiciously and adapt responsively to changing circumstances. Moreover,
the function must be carefully calibrated to prevent unintended behaviors, such as resource hoarding or
neglecting less accessible regions. In addition to direct performance metrics, auxiliary factors—such as system
resilience, equity among affected areas, and compliance with operational guidelines—can be integrated into the
reward framework to guide more holistic decision-making. By establishing a nuanced and context-aware reward
system, reinforcement learning models can better align with the multifaceted demands of emergency
management and drive continual improvement in dispatch strategies.

The reward function is pivotal in reinforcement learning, as it determines the learning direction of the agent. It
must be meticulously designed based on the actual application scenario to ensure the dispatch system achieves
its intended objectives [65]. In emergency resource dispatch, positive feedback can be established—for instance,
awarding higher scores for successfully delivering urgently needed supplies to remote areas. Conversely,
negative feedback can be implemented—such as deducting corresponding points for exceeding the budget.
Design must balance multiple objectives to avoid model bias caused by single-metric focus [66-68]. For forest
firefighting dispatch, considerations include extinguishing efficiency alongside rescuer safety and resource
consumption costs [69].

Designing an effective reward function is essential for guiding the learning process in emergency dispatch
scenarios. A typical composite reward function may be equationted as:

R =1_1 X Delivered —A1_2 X Delay —A_3 X Cost ®)

Here, Delivered refers to the quantity of resources delivered, Delay is the time taken, Cost is the total
expenditure, and A_1,1_2, A_3 are the coefficients balancing these objectives. This structure provides flexibility
to shape the agent's behavior in line with operational requirements.

Environmental Modeling and Simulation

Environmental modeling is fundamental to the advancement of reinforcement learning research in emergency
resource dispatch. Real-world emergencies are characterized by high complexity, unpredictability, and a
multitude of interacting factors, making direct experimentation both risky and impractical. By constructing
representative models of disaster scenarios, researchers can systematically explore the effects of different
variables—including resource availability, infrastructure integrity, and agent decision-making—on overall
system performance. Such simulations not only facilitate the evaluation of novel algorithms under controlled
conditions but also support the identification of potential bottlenecks and vulnerabilities in existing response
strategies. Moreover, the use of synthetic environments enables the replication of rare yet critical events, which
are otherwise difficult to observe or reproduce in real life, thereby supporting the development of robust and
resilient dispatch policies.

Given the difficulty of directly using real-world emergency scenarios for experimentation and data collection,
environmental modeling and simulation serve as crucial tools for researching reinforcement learning
applications in emergency resource dispatch [70]. By establishing accurate environmental models, disaster
scenarios, resource dynamics, and agent behaviors can be simulated, providing training and testing platforms
for reinforcement learning algorithms. Common simulation tools include MATLAB [71], Simulink [72], and
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AnyLogic [73], which enable visualization and dynamic simulation of emergency resource dispatch processes,
helping researchers better understand and optimize dispatch strategies [74].

In addition, environmental simulation offers a flexible and cost-effective means for benchmarking different
reinforcement learning approaches across a variety of operational contexts. Scenarios such as multi-agent
coordination, logistics under road disruptions, and allocation under uncertain demand can all be emulated,
allowing for comparative analysis of algorithm performance and generalizability. These virtual testbeds also
support iterative model refinement, as researchers can rapidly adjust parameters, introduce new constraints, or
simulate policy interventions without the risks or costs associated with real-world deployment. Through
continuous simulation and validation, the insights gained can ultimately inform the design of more effective,
data-driven emergency resource dispatch systems, bridging the gap between theoretical research and practical
application.

Challenges and Future Development Directions

Challenges

Despite the significant progress made in applying reinforcement learning to emergency resource dispatch, the
practical deployment of these models continues to encounter a range of substantial obstacles. The inherently
dynamic and uncertain nature of emergency scenarios often requires reinforcement learning systems to operate
under unpredictable and rapidly evolving conditions. Moreover, the variability of disaster scales, resource
availability, and communication constraints poses considerable challenges for both algorithm design and real-
world implementation. Many existing studies rely on idealized simulations or simplified assumptions that do not
fully capture the complexity found in actual emergencies. As a result, there is often a gap between academic
research and operational application, with issues such as data sparsity, incomplete information, and system
robustness requiring further attention. Addressing these practical concerns is crucial for enhancing the reliability
and adaptability of reinforcement learning-based dispatch strategies in real-world emergency management.

Reinforcement learning optimization of emergency resource dispatch strategies faces challenges including
complex environment modeling, high real-time requirements, multi-agent coordination, and data privacy and
security [75].

Complex Environment Modeling

Real-world emergency scenarios involve highly dynamic and uncertain environments, including random disaster
occurrences, dynamic resource availability, and real-time traffic changes, making precise modeling challenging
[76]. Developing environment models that accurately capture these complexities remains a critical hurdle for
applying reinforcement learning in emergency resource allocation. In natural disaster relief, factors like
aftershocks, flood expansion, and sudden weather shifts can impact rescue operations and resource demands,
yet these elements are difficult to capture with precise mathematical models [77-78].

High Real-Time Requirements

In emergency response, time is critical, demanding extremely high real-time performance for resource allocation
[79]. However, the training and decision-making processes of reinforcement learning models may require
significant time, particularly in complex models and large-scale state spaces, making it difficult to meet real-time
scheduling demands [80]. Deep reinforcement learning models typically require vast amounts of training data
and computational resources, with training processes potentially lasting hours or even days—an approach
impractical in actual emergency scenarios [81].

Multi-Agent Coordination

Achieving efficient coordination and cooperation among agents to avoid conflicts and resource wastage poses a
significant challenge in multi-agent emergency resource allocation [82]. Multiple agents may possess differing
objectives and interests, making the design of effective communication mechanisms and coordination strategies
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for collaborative operation an urgent issue. In multi-UAV emergency rescue missions, drones must avoid
collisions while rationally dividing tasks to collectively accomplish rescue operations [83].

Data Privacy and Security

When training models using real-world emergency data, data privacy and security are paramount. Emergency data
may contain sensitive information, such as personal details of affected individuals or detailed rescue operation
plans, necessitating robust technical safeguards. During public health events, patient personal information must
be strictly protected to prevent data breaches [84].

Future Development Directions

Addressing the aforementioned challenges, this section outlines future development directions for reinforcing
learning-based optimization of emergency resource allocation strategies: 1) Enhance interdisciplinary
integration with operations research, systems engineering, computer science, and other fields. Leverage
theories and methodologies from these disciplines to further refine reinforcement learning models, thereby
improving the scientific rigor and effectiveness of emergency resource allocation. 2) Continuously refine existing
reinforcement learning algorithms to enhance their adaptability, convergence speed, and decision accuracy in
complex environments. 3) Leverage advanced hardware technologies such as cloud computing, edge computing,
and the Internet of Things (loT) to provide robust computational support and data transmission guarantees for
training and deploying reinforcement learning models, thereby improving model real-time performance and
response speed. 4) Strengthen the integration of theoretical research with practical applications. Conduct more
case studies and demonstration projects to validate and refine reinforcement learning models for optimizing
emergency resource allocation, driving their widespread adoption in emergency management.

Conclusion

This paper provides a systematic review of reinforcement learning models for optimizing emergency resource
dispatch strategies. Beginning with the theoretical foundations of reinforcement learning, it categorizes and
analyzes existing models while exploring key influencing factors and challenges. Research indicates that
reinforcement learning holds broad application prospects in the field of emergency resource dispatch,
effectively enhancing the scientific rigor and precision of resource allocation to provide critical support for
emergency rescue operations. However, the application of reinforcement learning in this domain remains in its
developmental stage, necessitating further research and exploration in model refinement, algorithm
optimization, and multidisciplinary integration. Moving forward, we should strengthen the integration of
theoretical innovation and practical application, fully leverage advanced computational technologies and data
analysis methods, and further enhance the efficiency and effectiveness of emergency resource dispatch. This
will enable faster and more efficient responses to complex and dynamic emergencies, thereby playing a greater
role in safeguarding social stability and protecting people's lives and property.

In addition to the aforementioned points, it is crucial to recognize the importance of realistic scenario modeling
and data quality in the development of reinforcement learning-based dispatch systems. Effective simulation
environments that accurately reflect the uncertainties and complexities of emergency situations are
fundamental for training and evaluating algorithms. Moreover, the integration of domain knowledge with
reinforcement learning frameworks can facilitate more robust decision-making under various constraints, such
as limited resources, evolving situational information, and diverse stakeholder needs. Collaboration between
emergency management experts and technical researchers is essential to ensure that algorithmic strategies align
with real-world operational requirements. By fostering interdisciplinary cooperation and emphasizing
continuous feedback from field applications, reinforcement learning approaches can be progressively tailored
to address the nuanced demands of emergency resource management, ultimately contributing to more resilient
and adaptive response systems.
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