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Abstract: Multi-agent reinforcement learning (MARL) has demonstrated significant appli-
cation potential in addressing cooperative control, policy optimization, and task allocation
problems in complex systems. This paper focuses on its applications and development in
water environmental systems, providing a systematic review of the theoretical foundations
of multi-agent systems and reinforcement learning and summarizing three representative
categories of mainstream MARL algorithms. Typical control scenarios in water systems
are also examined. From the perspective of cooperative control, this paper investigates
the modeling mechanisms and policy coordination strategies of MARL in key tasks such
as water supply scheduling, hydro-energy co-regulation, and autonomous monitoring.
It further analyzes the challenges and solutions for improving global cooperative effi-
ciency under practical constraints such as limited resources, system heterogeneity, and
unstable communication. Additionally, recent progress in cross-domain generalization,
integrated communication–perception frameworks, and system-level robustness enhance-
ment is summarized. This work aims to provide a theoretical foundation and key insights
for advancing research and practical applications of MARL-based intelligent control in
water infrastructure systems.

Keywords: reinforcement learning; multi-agent systems; cooperative control; intelligent
environmental systems; Air-space-ground-water integrated framework

1. Introduction
A multi-agent system (MAS) is a complex system composed of multiple agents

equipped with capabilities for computation, perception, communication, learning, and
execution. Through localized sensing and interactive collaboration, these agents achieve
coordinated control and optimal decision-making for global tasks. Compared with single-
agent systems, a MAS offers greater flexibility and robustness in addressing large-scale,
complex problems characterized by dynamics, uncertainty, and high-dimensional state
spaces. MASs have thus found widespread application in various domains, including
cooperative robotics, intelligent transportation, unmanned aerial vehicle (UAV) formation
control, and power system scheduling. In recent years, with the continuous advancement
of intelligent technologies, multi-agent cooperative control has become a core topic across
several interdisciplinary fields, such as artificial intelligence, automation, game theory, and
control theory, and is recognized as one of the key theoretical challenges in next-generation
AI [1,2].
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Traditional research on multi-agent cooperative control has primarily focused on
consensus-based approaches, emphasizing the interplay between agent dynamics and
information exchange mechanisms. These studies aim to address distributed consensus
control under complex constraints, such as limited communication, dynamic topologies,
and actuator saturation. However, as agent objectives become increasingly diverse and
autonomous, the conventional single-objective coordination paradigm is no longer suffi-
cient to capture complex interactions in real-world scenarios. To address this limitation,
an increasing number of studies have adopted a game-theoretic framework, modeling
agents as rational decision-makers engaged in strategic interactions driven by individual
objectives. Through strategy optimization under multi-objective trade-offs, system-level
coordination is achieved. This integration of game theory and control theory has shown
promising results in robust control, optimal control, and cooperative estimation, providing
a unified modeling foundation and solution framework to describe autonomy, interaction,
and cooperation in MASs [3,4].

On the other hand, reinforcement learning (RL) has emerged as a powerful tool for
cooperative MAS research due to its capability to optimize adaptive policies in model-free
environments. Multi-agent reinforcement learning (MARL) further combines the represen-
tational power of deep learning with the policy optimization ability of RL, enabling agents
to learn effective strategies under incomplete information and unstable environments.
Building upon this foundation, deep MARL methods have been widely applied in domains
such as autonomous formation control, intelligent manufacturing, and traffic management,
demonstrating strong generalization and scalability [5,6].

With the rapid advancement of complex systems research driven by large-scale mod-
els, high-performance computing, and big data, water environment systems have emerged
as a critical application domain for multi-agent deep reinforcement learning (MADRL)
methods. These systems typically exhibit the following key characteristics: (1) an inherently
multi-agent structure consisting of components such as pump stations, monitoring sites,
control gates, and unmanned underwater or surface platforms; (2) strong spatiotemporal
heterogeneity and nonlinear coupling in system dynamics; (3) the need to coordinate multi-
ple sub-objectives, including ensuring water supply security, reducing energy consumption,
and responding to extreme events; and (4) high levels of uncertainty, data sparsity, and
stringent real-time requirements [7,8].

Against this backdrop, MADRL offers novel theoretical tools and practical approaches
for modeling and optimizing water environment systems. Representative application
scenarios include the following:

• Intelligent pump station scheduling: Modeling multiple pump stations as cooperative
agents, MADRL integrates predictive management with adaptive control to achieve
optimal trade-offs between energy consumption and water supply efficiency.

• Urban flood control: Under extreme rainfall conditions, drainage nodes must collabo-
ratively optimize retention and discharge strategies. MADRL enables the learning of
disaster response policies in simulated environments.

• Underwater monitoring and detection systems (USV/UGV/AUV): Teams of au-
tonomous surface or underwater vehicles execute long-term monitoring and pol-
lutant source tracking through cooperative path planning and area coverage optimiza-
tion [9,10].

• Joint scheduling of multiple water sources and watershed management: In large-scale
basins with coupled water sources, MADRL supports multi-objective water resource
allocation and coordination.
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• Emergency pollution control: In response to sudden water quality events, multiple
sensing and control nodes collaborate to optimize the timing and spatial extent of
emergency interventions.

To date, a growing body of literature has systematically reviewed MADRL approaches
from various perspectives. For example, Yang et al. explored multi-agent strategy evolution
mechanisms within a game-theoretic (especially meta-game) framework [11]; Shi et al.
investigated experience sharing and policy generalization among agents through transfer
learning [12]; Han et al. provided a comprehensive review of hierarchical multi-agent
reinforcement learning algorithms [13]; and Luo et al. examined the differences between
online and offline learning paradigms in the context of game-theoretic modeling [14].
Furthermore, challenges such as scalability, heterogeneity, and stability in large-scale multi-
agent systems have spurred research into emerging directions such as “massively multi-
agent systems” and “scalable MARL,” driving the application of graph neural networks,
attention mechanisms, and mean-field theory in MARL [15–17].

The integration of multi-agent deep reinforcement learning (MADRL) with water
environment systems is experiencing rapid advancement, yet several persistent challenges
remain. These include the complexity of cooperative game modeling, limited policy stability,
and the lack of interpretability and deployability in real-world scenarios. To address these
issues, this paper introduces MADRL as a pivotal research paradigm for intelligent control
in water environment systems, highlighting its unique strengths in enabling collaborative
mechanisms and dynamic control optimization among multiple control units.

This work presents a comprehensive overview of the theoretical foundations, learning
architectures, representative applications, and critical challenges of MADRL in water-
related domains. Special emphasis is placed on addressing complex conditions—such as
partial observability, non-stationarity, and large-scale spatial distribution—through policy
coupling, task-level coordination, and inter-agent information sharing. MADRL demon-
strates strong potential to enhance system-wide coordination and efficiency, particularly
in clustered control tasks such as multi-pump station scheduling, upstream–downstream
regulation, and multi-point compliance of water quality metrics. By building unified frame-
works for learning, MADRL opens new pathways for intelligent scheduling in complex
systems. Its growing maturity not only propels innovation in multi-agent control theory
and algorithms but also provides a technological foundation for more resilient, efficient,
and sustainable management of water resources.

From the perspective of multi-agent coordination and reinforcement learning inte-
gration, this paper systematically explores the typical applications, core techniques, and
development trends of MADRL in the context of water environment systems. The remain-
ing sections of this article are organized as follows. In Section 2, this paper introduces
the coordination mechanisms and game-theoretic foundations for multi-agent systems,
providing the theoretical underpinnings for distributed decision-making; Section 3 reviews
the evolution of MADRL, focusing on training paradigms and modeling frameworks in
dynamic and partially observable environments; Section 4 proposes a cross-domain collab-
orative control architecture tailored to water systems, addressing structural heterogeneity
and operational complexity; Section 5 presents MADRL-based applications in four key
water system scenarios, namely, urban drainage control, distributed water resource manage-
ment, hydropower regulation, and autonomous monitoring with path planning; Section 6
investigates the generalization capabilities of MADRL in complex system settings and its
integration with digital twin technologies; Section 7 outlines future research directions for
MADRL-driven intelligent control in water systems; and Section 8 concludes this paper by
summarizing the key findings and offering critical research insights.
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2. Theoretical Fundamental and Modeling Mechanisms of
Multi-Agent DRL

Benefiting from the powerful nonlinear approximation and high-dimensional feature
extraction capabilities of deep neural networks, DRL has emerged as a mainstream algo-
rithm in intelligent decision-making research [18]. In DRL, neural networks are used to
approximate value functions and policies, thereby enabling the handling of continuous
and high-dimensional state–action spaces that are otherwise intractable. This allows for
end-to-end learning in complex environments [19].

As illustrated in Figure 1, the general framework of DRL involves two tightly inte-
grated components: feature representation and policy optimization. First, deep learning
techniques are employed to extract meaningful representations from high-dimensional
input data, providing an accurate depiction of the current environmental state. Then,
reinforcement learning algorithms use the extracted features and cumulative rewards to
optimize decision-making policies, mapping the current state to appropriate actions [20].

Figure 1. Structure of multi-agent reinforcement learning.

2.1. Problem Formulation and Modeling Framework

In water environment systems engineering, many control processes exhibit the Markov
property, i.e., the system’s state transitions depend solely on the current and historical states,
independent of future anticipated states. This memoryless nature makes water environment
control problems naturally amenable to modeling as Markov Decision Processes (MDPs).
As the foundational framework of reinforcement learning, MDPs offer a theoretical basis
for structuring the interaction between decision-making agents and complex, dynamic
environments [21,22].

With the increasing deployment of sensor networks and the Internet of Things (IoT),
environmental systems now generate high-dimensional, spatiotemporally heterogeneous
data related to water quality, quantity, and pollutant dispersion. Traditional control ap-
proaches often face significant performance limitations when dealing with such complex
and dynamic systems. In contrast, deep reinforcement learning (DRL) has demonstrated
remarkable capabilities in handling high-dimensional state spaces and continuous control
problems, positioning it as a promising tool for intelligent water environment management.

Under this modeling paradigm, an individual control unit in the water environ-
ment system—such as a treatment plant, pump station, sluice gate, or sub-watershed—
can be abstracted as an intelligent agent. Its interaction with the surrounding envi-
ronment can be formalized as a Markov Decision Process (MDP), defined by the tuple
MDP = (S ,A,Psa, π, γ), where
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• S denotes the system state space (e.g., water quality parameters, flow conditions,
meteorological inputs);

• A represents the set of available control actions (e.g., switching pumps on/off, adjust-
ing chemical dosages, regulating flow rates);

• Psa is the state transition probability function;
• π is the agent’s decision-making policy;
• γ is the discount factor used to balance immediate and future rewards.

When multiple control units operate concurrently, the water environment control
problem evolves into a finite-horizon Multi-Agent Markov Decision Process (MAMDP),
represented as MAMDP = (S ,A, N,Psa, π, γ), where N denotes the number of interacting
agents. In such settings, agents may engage in both information cooperation and resource
competition, with the shared objective of optimizing joint control policies under system
constraints to achieve goals such as pollution mitigation, water quality assurance, and
coordinated resource allocation.

2.2. Identification of Key State Variables in Water Environment System Regulation

In the context of intelligent control for water environment systems, the system typically
comprises multiple observation nodes or control units, each of which can access partial
state information from its local environment, forming the overall state observation space
s ∈ S . Based on the observed state, an intelligent agent executes an optimal control action
to achieve specific objectives such as water quality maintenance, hydrological balance, or
emergency pollution response. This section reviews the commonly used categories of state
observations in current research.

(1) Pollutant concentration.

Pollutant indicators represent the most fundamental type of state information in wa-
ter environment control. Typical variables include dissolved oxygen (DO), ammonium
nitrogen (NH+

4 ), total phosphorus (TP), pH, and temperature. These measurements are
often collected from multiple spatial nodes and organized into spatial-variable matrices
or time-series vectors, which reflect either localized or system-wide water quality con-
ditions. Such representations are critical for assessing pollution levels and determining
regulatory requirements.

(2) Flow velocity, discharge, and water level.

Information regarding flow velocity, discharge, and water level—obtained via hydro-
dynamic simulation or real-time sensor measurements—serves as a key basis for control
decisions, especially in scheduling operations such as pump activation or gate regulation.
These features are typically represented using grid-based hydrodynamic models in the form
of multi-dimensional tensors or numerical fields, allowing the spatiotemporal dynamics of
water movement within the system to be effectively captured.

(3) Operational status of control facilities.

The real-time operational status of control facilities (e.g., pumps, sluice gates, aerators,
chemical dosing systems) also constitutes an important component of the system’s state
space. This category of information is often encoded as vectors that represent the on/off
states, operational intensity, or duration of various devices. Such representations facilitate
the reduction of regulatory conflicts and enhance operational safety and efficiency.

Beyond the typical observation types listed above, the selection of state features can
be tailored to specific control objectives. Depending on the task, state representations may
consist of a single modality or leverage multi-modal data fusion to construct joint state
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spaces, thereby enhancing the system’s perception and responsiveness in complex aquatic
environments [23].

2.3. Action Space Design and Classification in Intelligent Control

Agents select and execute optimal control actions Am based on the current observed
state s ∈ S . These actions aim to optimize system objectives such as water quantity
regulation, hydraulic stability, and pollutant control. The design of the action space and
its corresponding policy structure directly affects the decision-making flexibility of the
agent and the safety and stability of the control system. At present, action spaces in water
environment systems are generally categorized into two types:

(1) Fixed action sequences.

In this control strategy, the action set is denoted in Equation (1):

Am = {Am1, Am2} (1)

with clearly defined switching rules and a predetermined sequence:

• When the agent executes action Am1, the system maintains the current control state
without adjustment (e.g., keeping the current pump speed, gate open, or aeration
intensity);

• When executing action Am2, the system switches to the next predefined control mode
or scheduling scheme (e.g., sequentially activating different water treatment units or
rotating pump operations according to a fixed schedule).

To ensure operational safety and prevent system lag or environmental load accumula-
tion, each control mode is typically assigned a maximum duration threshold ∆tmax. Once
the threshold is reached, the system automatically transitions to the next state. This ap-
proach is widely applied in standardized water treatment processes and automated control
systems, particularly in scenarios with well-defined task flows and stable operational logic.

(2) Variable action sets.

In this control strategy, the action set is defined in Equation (2):

Am = {Am1, Am2, . . . , Amn} (2)

where the set includes all feasible combinations of control actions within the system, such
as different pump speeds, gate opening levels, and on/off states of multiple aeration or
chemical dosing units, as follows:

• At each decision step t, the agent selects an action at ∈ Am based on a learned policy
π(at | st), which defines a probability distribution over all candidate actions.

• This approach provides greater flexibility in control and is more adaptable to non-
stationary water quality disturbances or multi-objective regulatory tasks.

However, due to the high dimensionality and combinatorial complexity of the action
space, this method may introduce risks such as discontinuous control behavior, abrupt
system load changes, water body disturbances, or resource conflicts. Therefore, in practical
implementations, it is often necessary to introduce the following:

• Action constraints C(Am): to limit the feasible action set;
• Penalty functions Rpenalty(at): to discourage unsafe or costly actions;
• Safety filtering mechanisms: to override or restrict high-risk action execution.

This classification of action space design serves as a theoretical and practical founda-
tion for applying RL-based intelligent controllers in real-world water environment systems.
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By carefully structuring the action space, it is possible to balance decision-making preci-
sion and system robustness, enabling safe and adaptive control in dynamic and uncertain
aquatic environments [24].

2.4. Reward Mechanism Design in Intelligent Regulation of Water Environment Systems

In reinforcement learning (RL)-based intelligent control of water environment systems,
the agent receives a scalar feedback signal—known as the reward—from the environment
after executing a specific control action. The reward function not only quantifies the positive
or negative impact of an action on the system’s control objectives but also serves as the core
driver for policy optimization in the learning process. A well-designed reward function
can effectively guide the agent to learn control strategies that contribute to water quality
improvement, energy efficiency, and operational effectiveness, as detailed in Table 1.

Table 1. Multi-agent reinforcement learning-based modeling for water environment regulation.

State Variable S Action Variable A Reward Function R Control Objective

Water quality status Chemical dosing rate Penalty for threshold
exceedance of pollutants

Control nutrient levels to
prevent eutrophication

Time correlation parameters Associated control operations Penalty based on
recovery time

Evaluate the system’s
recovery efficiency after

pollution events

Water level/flow indicators Gate or valve
scheduling control

Penalty for deviation from
target water level

Maintain water levels within
the target range

Operational status of devices Regulatory actions of
the agent

Penalty for energy
consumption and
operational cost

Optimize resource utilization
to enhance

economic efficiency

To accommodate the multi-objective nature of water environment regulation, reward
function design typically incorporates the following categories of indicators:

(1) Duration or cumulative degree of pollutant concentration violations.

This indicator measures the time duration or cumulative extent to which key water
quality parameters (e.g., dissolved oxygen [DO], ammonium nitrogen [NH+

4 ], total phos-
phorus [TP]) exceed predefined safety thresholds. Persistent exceedance indicates serious
pollution and ecological risk and should be penalized via a negative reward. A typical
formulation is denoted in Equation (3):

R1 = −
n

∑
i=1

max(Ci − Cth, 0) · ∆t (3)

where Ci is the pollutant concentration at observation point i, Cth is the specified threshold
value, and ∆t is the time step duration.

(2) Energy consumption or operational cost of control actions.

Operational facilities (e.g., pump stations, aerators, dosing systems) in water envi-
ronments often incur significant energy consumption and maintenance costs. To enhance
economic efficiency, control cost terms are frequently introduced as penalties in the reward
function denoted in Equation (4):

R2 = −
m

∑
j=1

Pj · tj (4)

where Pj is the power consumption of device j and tj is the operational duration of device j.
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(3) Water quality recovery time or target achievement time.

In pollution events or under fluctuating water quality, the speed of recovery to a
safe state is a key indicator of control performance. A time-based reward function can be
formulated as in Equation (5):

R3 = −Trestore (5)

where Trestore is the time required for the system to return from a threshold-violating to a
compliant state; a shorter Trestore yields a higher reward.

(4) Water level and volume balance indicators.

For systems involving water resource scheduling or flood control, hydraulic vari-
ables such as water level and flow must also be considered. One approach is to penalize
deviations from a target water level range, denoted in Equation (6):

R4 = −∑
t

∣∣ht − htarget
∣∣ (6)

where ht is the observed water level at time t and htarget is the desired/target water level,
reflecting constraints for flood mitigation or ecological flow maintenance.

(5) Multi-objective integration via weighted aggregation.

In practical applications, water environment control systems often involve multiple
concurrent objectives. To balance factors such as water quality, energy consumption, and
response efficiency, a composite reward function is often constructed as a weighted sum
denoted in Equation (7):

R = λ1R1 + λ2R2 + λ3R3 + λ4R4 (7)

where λi denotes the weighting coefficients reflecting the relative importance of each control
objective.

The choice of weights directly influences the agent’s behavioral strategy. These weights
can be manually tuned based on domain knowledge or adaptively learned through meta-
optimization techniques.

3. Training Paradigms in Multi-Agent DRL
Multi-agent systems (MASs) consist of multiple autonomous agents and are well-

suited for controlling complex, distributed, and dynamically coupled environments. In the
context of water environment systems, functional components such as pump stations, sluice
gates, aeration devices, and sensor nodes can be abstracted as agents. These agents perceive
local environmental states, perform control actions, and—when necessary—interact or
coordinate with other agents to collectively achieve system-level objectives such as water
quality stabilization, energy minimization, or pollution mitigation. The training paradigms
of multi-agent reinforcement learning are summarized in Table 2.
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Table 2. Comparative analysis of multi-agent learning paradigms.

Learning Paradigm Core Concept Evaluation Representative Algorithms

Independent learning

This approach ignores
interactions among agents and

Offers high scalability but is
prone to non-stationarity DRUQN, DLCQN, DDRQN

learns individual policies
independently.

due to the lack of inter-agent
coordination. WDDQN

Centralized learning
Treats all agents as a unified

entity, enabling joint
Immune to environmental
non-stationarity but prone —

policy optimization. to curse of dimensionality.

Value function decomposition
Decomposes global value
function to optimize the

Solves credit assignment,
struggles in non-stationary QMIX, WQMIX,

the overall objective. or complex environments. QPLEX, Qatten

Centralized value function

Trains a value network with
global information

Reduces problems of high
dimensionality and non- MADDPG, MATRPO,

to guide independent policy
learning. stationarity problem. MAPPO, MATD3

3.1. Independent Learning Paradigm

The independent learning paradigm (ILP) is one of the most fundamental strategies in
MADRL. Under this paradigm, each agent independently optimizes its own policy, treating
the behaviors of other agents as part of the environment dynamics—without explicitly
modeling their strategies or states. This approach is particularly suitable for scenarios
where inter-agent communication is limited or costly. In water environment systems,
geographically distributed and structurally independent units such as pump stations, gates,
and aerators naturally align with the assumptions of this paradigm.

As shown in Figure 2a, ILP allows each agent to update its policy independently,
without relying on coordination or information sharing. This design offers good parallelism
and scalability, making it especially applicable to small-scale, discrete state–action space
scenarios such as sectional chemical dosing or localized water quality compliance strategies.
However, due to the non-stationarity introduced by independently evolving policies, ILP
may suffer from convergence instability and degraded learning performance.

Figure 2. Schematic illustration of three representative learning paradigms in multi-agent deep
reinforcement learning. (a) distributed training and distributed execution; (b) centralized training
and centralized execution; (c) centralized training and distributed execution.

DLCQN (Decentralized Learning with Coupled Q-Networks) introduces a policy
adaptivity mechanism that allows agents to autonomously switch between independent
and coordinated behaviors. This switching is guided by negative reward signals and
observation dependencies. In river network systems with upstream–downstream hydrody-
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namic coupling, DLCQN enables local agents to dynamically adjust their strategy coupling
strength based on hydraulic linkages, improving system adaptability. Palmer et al. pro-
posed the Lenient Deep Q-Network (LDQN) to address early-stage policy oscillations
that occur in synchronous multi-agent learning. By assigning tolerance to early negative
feedback, this method avoids premature penalization and helps mitigate early policy col-
lapse [25]. It is well-suited for uncertain scenarios such as pollution source tracking and
emergency response dispatching. Building on this, Zheng et al. proposed the Weighted
Double Q-Network (WDQN), which combines lenient reward strategies with double Q-
learning updates. WDQN significantly alleviates Q-value overestimation and improves the
robustness of policy updates under stochastic disturbances, making it valuable in high-risk
and dynamic water regulation tasks [26].

In addition to DQN-based methods, some researchers have extended the independent
learning paradigm to partially observable environments using recurrent neural network
(RNN) architectures. This is particularly relevant in water environment systems where
sensors may fail intermittently, monitoring stations may be sparsely distributed, or mea-
surements are collected with low temporal resolution. In the context of water environment
systems, such approaches can be extended to complex tasks such as multi-source pollution
tracing and multi-section collaborative regulation, where observations may be incom-
plete or delayed. These RNN-based independent learners improve the robustness and
adaptability of control strategies under conditions of limited or unreliable environmental
information.

3.2. Centralized Learning Paradigm

The centralized learning paradigm is a fundamental architecture in multi-agent re-
inforcement learning (MARL), where the policy optimization processes of all agents are
managed and trained by a central learner. As shown in Figure 2b, the central controller has
access to the local states, actions, and rewards of all agents, as well as the global state of
the system, thereby enabling comprehensive environmental awareness and a system-level
perspective. In complex water environment systems—such as cross-regional water quality
regulation, upstream–downstream coordination in river networks, and joint operation
of reservoir clusters—control units are highly coupled and interdependent. These tasks
require precise coordination and joint decision-making among agents. The centralized
learning paradigm provides theoretical support for learning such collaborative strategies by
aggregating global information, making it especially suitable for multi-objective optimiza-
tion scenarios requiring a high degree of cooperation. However, as the number of agents
increases, the joint state–action space grows exponentially, leading to the well-known curse
of dimensionality. This significantly degrades learning efficiency, hinders convergence
to global optima, and limits the paradigm’s scalability and applicability to large-scale
intelligent water control systems.

3.3. Centralized Training with Decentralized Execution in Water Environment Systems

The centralized training and decentralized execution (CTDE) paradigm effectively
combines the strengths of global coordination and local autonomy. As shown in Figure 2c,
this approach allows agents to exchange state, action, and reward information during
training, facilitating the centralized optimization of system-wide objectives. Once deployed,
however, each agent operates independently using only its own local observations and
experience, without relying on others’ internal states or policies.

This learning paradigm is particularly well-suited to intelligent water environment
systems, which are characterized by delayed information flow, limited observability, and
spatially distributed control nodes. In such contexts, fully centralized control is often
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impractical due to communication constraints, while isolated learning may fail to achieve
coordinated and globally optimal behaviors.

By leveraging global insights during training and enabling autonomous action at run-
time, this hybrid framework offers a scalable, practical solution for real-world deployment.
It has thus emerged as a key enabler for developing intelligent, adaptive, and resilient
environmental control systems.

3.3.1. Value Decomposition Approaches for Distributed Control

Methods based on value function decomposition seek to reduce the complexity of
multi-agent learning by factorizing the global value function into a set of local components.
Within this framework, each agent updates its policy independently, relying solely on
local observations and rewards without requiring full awareness of other agents’ strategies.
This design alleviates the training instability associated with non-stationary environments
typical in independent learning settings while enabling effective credit assignment for each
agent’s contribution to overall system performance—an essential capability in collaborative
water resource management. Representative algorithms and their applicability to water
environment systems are summarized below.

Value decomposition networks (VDNs) decompose the global Q-value linearly into
the sum of individual agents’ local Q-values. The contribution of each agent to the global
return is quantified via gradient backpropagation, as shown in Figure 3. Due to its simplicity
and training efficiency, the VDN is particularly applicable to water systems in which each
control unit has clearly defined local objectives and weak coupling with others.

1. Multi-point water quality control involves maintaining indicators such as dissolved
oxygen (DO), ammonium nitrogen (NH+

4 ), or total phosphorus (TP) within target
thresholds across multiple monitoring sections;

2. Zonal aeration strategy optimization uses independently operating aeration units
to locally regulate oxygenation while contributing to system-wide water quality
balance [27].

QMIX introduces a nonlinear mixing network that improves the model’s ability to
approximate complex interactions while maintaining a monotonicity constraint between the
global Q-value and individual agents’ local Q-values [28]. This structure is well-suited for
coordinated control tasks in complex water systems, such as total pollutant load regulation
or basin-wide discharge compliance. However, the performance of QMIX may degrade
in tasks that involve non-monotonic coordination dynamics, such as pollutant dispersion
control coupled with water level regulation.

QPLEX introduces a dueling network structure for modeling agent-specific advantage
functions, which constrains the mixing network to be a monotonic function of individual
agent Q-values to guarantee consistency with decentralized execution. QPLEX relaxes
this constraint by introducing an advantage-based factorization framework. Specifically, it
decomposes the joint action-value function as

Qtot(s, a) = V(s) +
n

∑
i=1

Ai(s, ai) (8)

where V(s) is a shared, state-dependent baseline and Ai(s, ai) is the advantage function for
agent i. The mixing network then aggregates these agent-specific advantages using a mono-
tonic function, allowing the model to capture more expressive joint action dependencies
while still preserving the guarantees of decentralized execution.

This formulation effectively addresses the representational limitations of QMIX in
non-monotonic environments, such as competitive or partially cooperative tasks.
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Qatten integrates a multi-head attention mechanism into the value decomposition
framework to more effectively capture the varying significance of individual agents under
different global state conditions. In contrast to conventional additive or monotonic mixing
architectures, Qatten employs an attention-based mixing network, where the attention
weights are computed as

αi = softmax( f (hi, g)) (9)

Here, hi represents the latent feature of agent i, typically derived from its local obser-
vation, and g denotes a global context vector extracted from the shared environment state.
These attention scores αi are then used to dynamically modulate each agent’s contribution
to the joint action-value function.

By leveraging this adaptive weighting mechanism, Qatten enables the model to focus
more effectively on contextually relevant agents, thereby enhancing the expressiveness
of the value function and improving credit assignment in cooperative tasks, especially in
scenarios involving role specialization or situational importance.

Figure 3. Schematic illustration of the training process in the value decomposition network (VDN)
algorithm.

Value decomposition-based MARL methods, due to their localized information depen-
dency, scalable architecture, and training stability, provide a solid theoretical foundation and
technical pathway for distributed intelligent control in complex water environments. These
methods are particularly effective under challenging conditions such as high-dimensional
state spaces, non-stationary dynamics, and weakly coupled or delayed inter-agent commu-
nication. However, most existing value decomposition algorithms are designed for discrete
action spaces, which limits their applicability in continuous control tasks—such as pump
speed modulation, water level adjustment, or continuous chemical dosing.

3.3.2. Applications of Centralized Value Function Methods in Multi-Agent Regulation

Compared with value decomposition-based methods, centralized value function (CVF)
methods leverage global information during training to construct a unified critic network,
which guides the independent optimization of each agent’s actor policy network. These
methods typically adopt the actor–critic architecture, enabling decoupled learning between
policy and value functions. This paradigm offers a balance between policy flexibility and
training stability and is particularly suitable for water environment systems where control
units exhibit strong state coupling and complex inter-agent interactions [29,30].

Representative algorithms and their application scenarios in water environment regu-
lation are as follows:
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MADDPG (Multi-Agent Deep Deterministic Policy Gradient) was the first to extend
deterministic policy gradient methods to multi-agent settings by combining a central-
ized critic with decentralized actors [31]. It enables agents to learn deterministic policies
while utilizing shared global information. MADDPG is applicable to scenarios such as
multi-pump flow distribution, reservoir group water level coordination, and upstream–
downstream joint discharge optimization. However, its scalability is limited in large-scale
systems due to the curse of dimensionality and difficulties in credit assignment.

MATD3 (Multi-Agent Twin Delayed DDPG) improves upon MADDPG by intro-
ducing twin centralized critics and delayed policy updates, effectively addressing the
overestimation bias in value functions. It is particularly suited for fine-grained control
tasks involving continuous variables, such as pump frequency modulation, water level
gradients, or chemical dosing rates, and offers strong performance in terms of both control
precision and training stability.

HATRPO and HAPPO were proposed to overcome the monotonic policy improve-
ment limitations of traditional TRPO/PPO in cooperative multi-agent settings. By de-
composing the advantage function and employing a sequential update mechanism, these
algorithms enhance policy expressiveness and coordination capabilities without requiring
parameter sharing or joint value function assumptions. They are particularly effective
for heterogeneous control scenarios, such as functionally differentiated pump stations or
asynchronous operation of distributed treatment plants [32].

Centralized value function-based methods, by leveraging global information integra-
tion, demonstrate strong adaptability in controlling water environment systems character-
ized by strongly coupled regulation nodes, complex collaborative tasks, and widespread
continuous action spaces. In particular, algorithms based on the actor–critic architec-
ture exhibit distinct advantages in terms of policy stability, sample efficiency, and multi-
objective optimization.

4. Cross-Domain Collaborative Control and Decision Architectures in
Water Environment Systems

With the rapid advancement of sensor networks, intelligent control, and environmen-
tal modeling technologies, intelligent control of water environment systems is evolving
from traditional point-based regulation toward large-scale, multi-agent, and cross-regional
collaborative management paradigms. By integrating the global scheduling capability of
shore-based control centers, the environmental sensing capability of in situ monitoring
nodes, and the local execution capability of distributed agents (e.g., autonomous monitoring
buoys, intelligent pumping stations), intelligent water systems can effectively support criti-
cal tasks such as pollution source tracking, dissolved oxygen regulation, water quality early
warning, and coordinated emergency response. These capabilities position such systems as
a core technological framework for achieving precision water quality management, basin-
wide coordinated scheduling, and ecological restoration. Current research on intelligent
water environment systems primarily focuses on the following key technical domains:

1. Task deployment and optimization;
2. Information perception and transmission mechanisms;
3. Path planning and agent scheduling;
4. Multi-agent cooperative control strategies.

Meanwhile, ongoing breakthroughs in reinforcement learning, graph neural networks
(GNNs), adaptive control, and multi-agent systems provide viable pathways for advancing
water environment systems toward large-scale, multi-source collaboration, heterogeneous
device integration, and adaptation to complex physical environments. This transformation
is gradually pushing water environment systems from automation in monitoring toward
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ultimately self-organizing ecosystems, establishing itself as a prominent research frontier
in smart water management and watershed governance.

In this context, this section presents a comprehensive review of the current state of
the art and emerging trends of these key technologies in water environment systems. In
addition, the interconnections among various technical modules are mapped and analyzed.
The technical architecture is illustrated in Figure 4, and the representative algorithms are
described in Table 3.

Figure 4. Logical structure and technical pathways of cross-domain collaborative control architecture.

Table 3. Representative algorithms for cross-domain intelligent cooperative control in water environ-
ment systems.

Technical Category Algorithm Type Technical Characteristics Model Limitations

Task deployment

Heuristic algorithm and
game-theoretic strategy Construct goal allocation Ignore intrinsic correlation

between complex tasks
Self-organizing mapping

algorithm
Adaptive capability of edge

intelligence
Lack of coordination in task

execution

Information exchange

Local topology control by
autonomous learning

Flexible topology
configuration

Difficult to ensure network
connectivity

Graph-theoretic or
Q-learning-based Capability-aware routing Difficult to balance

transmission rate

Path planning

Robust optimization or state
estimation Multi-sensor fusion Data heterogeneity across

cross-domain platforms
Federated learning or
centralized learning Edge computing algorithms High computational cost and

parameter space

Cooperative control

Centralized or distributed
architecture

Architecture-based
coordination

Communication overhead and
latency

Federated learning algorithm Centralized/unified
cross-domain training

Data heterogeneity and high
control cost

4.1. Strategies of Task Deployment in Collaborative Control

Building on the preceding discussion of training paradigms and policy optimization
mechanisms in multi-agent systems, this section focuses on the practical layer of task
deployment in intelligent water environment control. It provides a systematic overview of
centralized, distributed, and hybrid task scheduling strategies, as well as their architectural
designs and representative applications.

In intelligent water systems, task deployment plays a critical role in the efficient orga-
nization and dynamic coordination of heterogeneous control resources—such as pumping
stations, sluice gates, unmanned monitoring vessels, and sensor nodes—with respect to
diverse operational objectives including emergency pollution response, real-time water
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quality regulation, and multi-source supply coordination. By constructing rational task
allocation schemes and control frameworks, the overall system performance in terms of
responsiveness and resource efficiency can be significantly improved. This is particu-
larly crucial under complex scenarios involving sudden pollution events, water quality
fluctuations, or basin-scale coordinated regulation.

According to the underlying collaboration architecture, current task deployment
strategies in intelligent water systems can be broadly categorized into centralized and
distributed approaches.

(1) Centralized task deployment strategies.

In centralized deployment architectures, a shore-based control center assumes respon-
sibility for generating global task plans, allocating system resources, and issuing execution
commands to individual control nodes. This paradigm is suitable for scenarios with tight
time constraints, high task complexity, and a need for high-precision coordination, such as

• Multi-section pollutant source tracking;
• Eutrophication emergency remediation;
• Unified water quality standard enforcement across river basins.

For instance, Liu et al. proposed a task-oriented intelligent control framework for
centralized coordination across multiple water resource nodes [33]. Chen et al. developed
a multi-source cooperative model incorporating heuristic optimization and coalition game
theory to optimize joint monitoring task assignment between surface buoys and unmanned
vessels [34]. Zhang et al. introduced a variable task value model that considers both
static goals and dynamic feedback to achieve centralized allocation for maximum pollution
reduction benefit [35].

While centralized strategies offer strong consistency and command controllability, they
often suffer from limitations in adaptability and scalability, particularly under conditions
of high task heterogeneity, environmental uncertainty, incomplete information, or unstable
communication. These constraints can result in inflexible resource allocation, delayed node
responses, and low execution robustness.

(2) Distributed task deployment strategies.

To address the limitations of centralized methods, distributed task deployment has
garnered increasing attention. In this paradigm, individual control units or edge agents
autonomously perceive, decide, and collaborate, executing tasks and managing resources
at the regional level without relying on global communication. This makes it particularly
suitable for large-scale, dynamically changing, and weakly coupled water environments
with limited data transmission capability [36,37].

Han et al. proposed a self-organizing task mapping algorithm based on belief func-
tions, enabling dynamic task chain configuration from sensing nodes to target control
zones [38]. Davis et al. used a marginal cost-based method to optimize conflict-free routing
of mobile monitoring robots in water quality surveillance [39].

Although distributed strategies enhance system resilience, local responsiveness, and
edge intelligence utilization, they may lead to task conflicts, resource fragmentation, and
insufficient coordination if global planning mechanisms are not properly integrated.

4.2. Communication Mechanisms for Multi-Agent Collaboration in Intelligent Water
Environment Systems

In intelligent water environment systems, the collaborative operation and optimiza-
tion of control strategies across multi-source heterogeneous nodes fundamentally rely on
efficient and reliable communication mechanisms. This is particularly critical in representa-
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tive applications such as watershed scheduling, pollution tracking, lake management, and
smart drainage systems, where multi-level coordination among underwater sensors, sur-
face unmanned vehicles, and land-based control platforms is required. These components
collectively constitute a complex air–land–water integrated communication network oper-
ating across diverse physical media and dynamic environments. Consequently, designing
communication architectures and cooperative mechanisms adapted to the hydrophysi-
cal characteristics of water environments has become a foundational task for enabling
system-wide intelligent operation [40].

Currently, the dominant communication modalities in such systems include radio
frequency (RF) communication, optical wireless communication, and underwater acoustic
(UWA) communication. Each medium exhibits distinct trade-offs in terms of data rate,
coverage, energy consumption, and environmental robustness and must be tailored to
specific spatial and operational requirements.

4.2.1. Intelligent Communication Mechanisms for Collaborative Regulation in Water
Environment Systems

In complex environments, communication mechanisms are regarded as a key enabler
for achieving collaboration and efficient decision-making in multi-agent systems. In the
context of intelligent regulation of water environment systems, agents—such as pumps,
valves, sensor nodes, and monitoring drones—must share experiences, intentions, and
local observations through communication technologies. This information exchange allows
each agent to develop a more comprehensive understanding of both the system state and
the behavior of other agents, ultimately facilitating the coordinated completion of complex
tasks such as pollution control, water resource allocation, and flood warning, as illustrated
in Figure 5.

Figure 5. Schematic diagram of a multi-agent communication system.

The core of multi-agent communication mechanisms involves three essential questions:
when to communicate, with whom, and what information to exchange. In practical tasks
within intelligent water regulation, this is reflected in situations such as follows: When
should upstream sensing nodes transmit pollutant concentration data to downstream con-
trol units? Should control modules communicate based on dynamic factors in water quality
models? Research on communication mechanisms has provided transferable technical
frameworks and insights for water environment systems.

DIAL (Differentiable Inter-Agent Learning) offers an end-to-end communication mech-
anism that, while simple, is limited to discrete communication settings—thus restricting
its direct applicability in complex water resource management scenarios [41]. Abdallah
proposed a centralized communication architecture in which the hidden states of all agents
are averaged to enhance local observation capabilities [42]. In the context of water systems,
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this can be analogized to aggregating data from multiple sensor nodes to assist decision-
making. However, the method suffers from semantic information loss, which limits its
performance when dealing with multi-source heterogeneous environmental data.

In highly complex water system coordination tasks, communication optimization has
also been modeled as a game-theoretic problem. For instance, Xue evaluated the marginal
contribution of communication content to effectively prune irrelevant information [43].
This idea can be applied to assess the value of communication among multiple nodes in
river network scheduling, providing more valuable transmission paths under resource-
constrained conditions.

4.2.2. Graph Topologies for Air–Water–Land Multi-Agent Collaboration in Water
Environment Systems

In the study of intelligent control for complex water environment systems, the prob-
lem of coordination and interaction among multiple control units has emerged as one of
the core challenges in multi-agent modeling and optimal control. Coordination graphs,
which explicitly represent inter-agent relationships, have gained significant attention in
distributed control and intelligent optimization in recent years. By decomposing the global
value function over a graph structure, this framework models system-wide utility through
a higher-order abstraction.

In this setting, nodes correspond to control units, while edges or hyperedges represent
local reward functions defined over the joint action–observation spaces of interacting
agents. Once the coordination graph is constructed, distributed constrained optimization
algorithms are typically employed to solve for optimal control actions. Control units
perform multiple rounds of local information exchange and policy updates along graph
edges [44].

A critical challenge in water environment systems lies in learning dynamic, sparse,
and task-dependent coordination graphs that can efficiently support distributed decision-
making among control agents. Existing research still faces several limitations. For instance,
sparse coordination Q-function methods attempt to automatically learn sparse graph struc-
tures for value function factorization, but the learned structures are often static and require
substantial prior knowledge. The MACO environment and the CASEC algorithm provide
testing platforms and context-aware coordination graph modeling methods, aiming to re-
duce value estimation error through graph representation learning, and have demonstrated
promising results across multiple tasks [45]. Recent studies have also focused on structural
advances in coordination graphs, such as nonlinear topology modeling and self-organizing
polynomial structures, to further enhance adaptability in complex water control scenarios.

On the other hand, several approaches adopt implicit graph construction strategies
by leveraging attention mechanisms to prune redundant connections and improve both
the efficiency and interpretability of the learned graph structures. For example, DICG
constructs an implicit coordination graph via a graph neural network that dynamically
infers inter-agent coordination relationships, thereby improving cooperative performance
in multi-agent systems [46]. Although such methods increase the flexibility of graph
modeling, they still encounter scalability and stability issues when applied to large-scale,
multi-scale, and highly coupled control scenarios in water environment systems.

Therefore, developing scalable, robust, and task-adaptive coordination graph learning
and optimization mechanisms in high-dimensional and dynamic water environments
remains an open and critical research direction [47].

4.2.3. Communication-Aware Collaboration and Adaptive Swarm Control Strategies

Most existing task scheduling designs for perception platforms remain centered on
single-agent control, often neglecting the impact of dynamic communication channel



Machines 2025, 13, 503 18 of 44

conditions on overall system performance in water environments. To address the control
challenges of multi-node systems under communication constraints, researchers have
gradually begun to integrate channel state modeling with task coordination mechanisms,
aiming to explore stable operational strategies for distributed intelligent systems operating
in communication-limited environments.

Cao et al. proposed a communication quality estimator based on integral reinforcement
learning (IRL). By considering both channel fading and uncertainties in node dynamics, a
communication-aware cooperative control framework was constructed, which significantly
improves the convergence efficiency of monitoring platform formation tasks, illustrated in
Figure 6 [48]. The state update model is formulated in Equation (10):

Xi = AXi + Bπi + B(π̂i − πi) + Gi + Ni (10)

where πi denotes the current learned policy, π̂i is a reference policy, and A, B, Gi, and
Ni represent system transition dynamics and disturbance terms. This model enables the
neural network to estimate system evolution under conditions of node mobility and channel
fluctuations.

Yan et al. developed a terminal sliding mode controller with a dual-power reaching
law, effectively reducing control chattering and enhancing system stability under wind-
induced disturbances. Furthermore, considering channel constraints such as path loss
and multipath fading, a value iteration-based RL controller was proposed to predict the
communication quality of the target node. This controller achieves an integrated design
that combines communication estimation with task coordination control, offering a more
robust solution for multi-platform water environment monitoring tasks [49,50].

Figure 6. Formation control under joint communication–perception feedback in water environ-
ment systems.

4.2.4. Cross-Regional Integrated Sensing and Control System Architectures

In practical water environment governance, challenges such as large spatial coverage
of water bodies, strong task heterogeneity, and diverse information sources are frequently
encountered. To address these issues, recent studies have proposed the construction of cross-
regional, multi-platform unified perception and regulation frameworks. By integrating
ground stations, unmanned aerial vehicles (UAVs), autonomous monitoring buoys, and
underwater sensor nodes, a multi-layer heterogeneous sensing network can be established
to enable task data sharing and distributed control execution.

Zhu et al. proposed a cooperative protocol design for cross-regional unmanned plat-
forms, aiming to address the communication heterogeneity between aerial and surface
platforms and thereby improve overall task scheduling efficiency [51]. Chen et al. intro-
duced blockchain and federated learning mechanisms to ensure data synchronization and
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security within the system [52]. In addition, a threshold signature scheme was employed to
prevent tampering of monitoring data, thereby enhancing the verifiability and resilience of
the system against adversarial attacks.

Meanwhile, related studies utilized network simulation platforms such as NS-3 to
evaluate the performance of cross-platform collaborative systems, assessing key metrics in-
cluding data throughput, command transmission delay, and system redundancy tolerance.
These simulations provide theoretical support for real-world deployment. Through strate-
gies such as proactive deployment, dynamic aquatic area partitioning, and task buffering
at edge nodes, the system can adapt to diverse water environment task scenarios and has
demonstrated strong collaborative performance in applications such as pollution response,
emergency dispatching, and water–ecological joint regulation.

4.3. Path Planning and Adaptive Control for Water Infrastructure Systems in
Complex Environments

In the simulation and intelligent control of water infrastructure systems, improving
task reliability and operational safety requires integrated consideration of target locations,
hydro-geographic terrain features, and obstacle distributions. Based on the sensed en-
vironmental state, cooperative scheduling between path planning and dynamic obstacle
avoidance enables control agents to adapt to environmental uncertainties—such as sud-
den hydrological events, equipment malfunctions, or structural changes—by dynamically
adjusting control strategies, thereby enhancing system robustness and response efficiency.

4.3.1. Multi-Platform Collaborative Mapping for Water Environment
Infrastructure Systems

To ensure accurate navigation and stable task scheduling in large-scale water en-
vironment systems, robust and high-resolution map construction has become a critical
prerequisite, especially in integrated control frameworks spanning aerial, surface, and
underwater domains. Recent advances have explored diverse perception strategies in-
corporating visual, LiDAR, acoustic, and multi-sensor fusion techniques to address this
fundamental challenge.

Du et al. developed a sparse, trackable mapping method based on environmental
feature matching and key-frame extraction, which has been widely adopted for localization
and navigation in autonomous platforms [53,54].

However, such vision-based methods often encounter limitations in complex 3D
environments—such as fluctuating water surfaces, low-light scenes, and turbid underwater
conditions—where sparse features and unstable registration severely degrade mapping
quality. To enhance robustness under these conditions, Matsuki et al. constructed a dense
mapping framework based on camera poses and selected key-frames [55], while Alireza et
al. applied full-pixel sampling of image intensity gradients by minimizing photometric
error, removing the reliance on conventional feature detectors [56].

In an effort to incorporate semantic understanding into the mapping process, Zhong
proposed a sparse semantic mapping method that integrates semantic priors into deep
odometry networks. While effective in structured environments, most of these models are
still designed under static or ideal conditions and fail to address the challenges posed by
dynamic natural disturbances—such as wind fields, water flows, and tidal shifts—which
lead to image mismatches and position drift in multi-agent collaborative mapping [57].

To address these issues, recent work has turned attention toward robust mapping
under environmental perturbations. For instance, Billings et al. incorporated visual feature
extraction with robust optimization techniques to mitigate the impact of external noise and
enhance the reliability of visual map matching [58].
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4.3.2. Target Situation Awareness in Intelligent Water Environment Systems

Target Situation Awareness (TSA) technologies aim to support decision-making units
in dynamic air–space–surface–underwater environments by fusing, analyzing, and model-
ing multi-source information to enable accurate judgment and adaptive strategy formu-
lation. This technology is particularly well-suited for mission execution in unstructured
water environments—such as oceans, reservoirs, and waterways—including applications
such as pollutant tracking, illegal vessel detection, and emergency response. Existing
research has proposed a variety of TSA approaches, aiming to construct an interconnected
and intelligent perception framework to overcome challenges such as underwater noise,
weak communication, and discontinuous sensing.

(1) Multi-platform collaborative perception based on edge computing.
To address issues such as limited underwater bandwidth, low acoustic communication

rates, and frequent data loss, researchers have proposed heterogeneous edge computing
architectures for distributed data processing. Brecko et al. introduced a federated learning
framework on edge platforms that enhances convergence speed and perception accuracy
while preserving data locality [59]. However, this approach suffers from high local training
costs relative to aggregation, leading to suboptimal resource utilization.

To improve system-level resource scheduling, Chen et al. proposed a hybrid learning
scheme that integrates centralized and federated paradigms and solves the joint optimiza-
tion iteratively [60]. Lindsay et al. developed a cooperative system combining drones,
surface vehicles, and underwater agents [61]. Through multi-domain sensing fusion, this
system enhances real-time situational awareness and performs well in applications such as
reservoir gate control, water quality monitoring, and target tracking.

(2) Multi-source perception enhanced by intelligent learning.
Traditional sensor-reliant systems face limitations in detecting non-cooperative targets

and in image degradation scenarios. Braca et al. fused active and passive observations with
Bayesian inference for underwater target recognition [62]. Chen et al. addressed underwater
image degradation by combining blur estimation with physical image formation models to
restore clarity [63].

To address the computational demands of deep models, Wang et al. proposed a
frequency-interleaved progressive network to learn frequency-domain features for super-
resolution enhancement [64]. Guo et al. built a 3D multi-static sonar network to reduce
localization error [65]. For system-level validation, Wang et al. introduced a lightweight
YOLOX-s model with transfer learning to detect vessels at multiple scales, achieving a
balance between detection accuracy and runtime performance [66].

Research on Temporal–Spatial Awareness (TSA) in water environment systems is
evolving from traditional physical sensing toward intelligent and integrated perception.
Recent advancements include cross-platform information fusion, edge inference under
weak communication conditions, semantic-aware sensing, and model compression. Future
efforts should prioritize the system-level integration and validation of TSA methods, as
well as their tight coupling with control strategies and mission planning, in order to develop
closed-loop intelligent water environment systems.

4.3.3. Dynamic Monitoring and Target Tracking Mechanisms

In intelligent regulation tasks of water environment systems, complex spatial struc-
tures, hydrodynamic processes, and pollutant transport pathways impose increasing de-
mands on monitoring systems. Achieving efficient and dynamic perception and tracking
of target regions—such as pollution sources, water quality anomaly zones, and ecologically
sensitive areas—has become a critical challenge in water environment management. In
recent years, researchers have introduced multi-source sensing, machine learning, and intel-
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ligent control into aquatic monitoring networks, driving advancements in target situation
recognition, path optimization, and task coordination.

(1) Dynamic perception path planning and local tracking control.
During practical monitoring operations, limitations such as communication range,

water disturbances, and system latency make traditional fixed-node deployment insuffi-
cient for fine-grained sensing in spatially heterogeneous areas. In response, dynamic and
adaptive path planning frameworks have been proposed to enhance the match between
mobile sensing units and target regions, enabling flexible and responsive coverage. Typi-
cally, the spatiotemporal delay and localization error between sensor nodes and control
points are formulated as an optimization problem, which can be solved using supervised,
unsupervised, or semi-supervised learning frameworks, illustrated in Figure 7.

Figure 7. Scenario illustration of target localization in complex water systems. (a) supervised learning;
(b) unsupervised learning; (c) semi-supervised learning.

For example, Yan et al. proposed a target localization method based on broad learning,
integrating incremental learning for rapid model parameter adjustment [67]. While this
improved computational efficiency, it did not fully compensate for errors introduced by
node mobility and clock drift. In water environments, asynchronous clocks and depth-
dependent acoustic propagation are modeled in Equation (11):

T = t̂ + θ, C(z) = αz + b (11)

where T denotes the local node clock, t̂ is the actual time, and θ is the clock drift. C(z)
represents the sound speed at depth z, with α and b denoting the vertical gradient and
surface-layer sound speed, respectively. Based on this, Han et al. developed an adaptive
non-singular fast terminal sliding mode controller to track pollution plumes or critical
water regions within a finite time horizon [68].

Furthermore, to handle uncertainties caused by environmental factors such as water
density gradients, wind fields, and temperature layers, Naoki et al. proposed a robust
control framework that integrates sliding mode control with disturbance observers [69].
Zhao et al. employed minimum rigidity graph theory and velocity observers to predict the
target evolution path, balancing monitoring accuracy and operational cost [70].

(2) Multi-source platform collaborative sensing and task allocation.
Although individual sensor path planning can provide localized monitoring capabili-

ties, large-scale and multi-regional water environments demand efficient multi-platform
sensing coordination. Soriano et al. introduced a cross-platform relative localization scheme
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that fuses aerial visual feedback with surface/underwater sensing data. This approach
maintains stability even under conditions of data loss or inconsistency [71].

To meet the needs of distributed monitoring in time-varying target regions, Zeng
et al. integrated predictor structures with neural dynamic surface controllers, enabling
collaborative multi-point sensing under unknown disturbances and model uncertainties.
This method demonstrates strong adaptability in scenarios such as reservoir pollution
tracing and algal bloom detection [72].

Despite these advances in improving system responsiveness and target recognition,
real-world deployments still face challenges such as communication instability, sensor
energy limitations, and weak model transferability. Future research should focus on het-
erogeneous data fusion mechanisms, dynamic modeling of unstructured targets, and low-
power adaptive scheduling algorithms, aiming to build an intelligent water environment
monitoring and management system with a closed loop of perception–decision–control.

(3) Reinforcement learning-driven intelligent regulation and policy optimization.
In complex water environment scenarios—such as reservoir scheduling, pollutant

tracking, and dynamic area coverage for water quality monitoring—coordinated deploy-
ment of heterogeneous platforms (e.g., UAVs, surface patrol boats, and underwater sen-
sor networks) is often required. To enhance system responsiveness and task execution
efficiency under environmental uncertainties, researchers have increasingly introduced
artificial intelligence technologies into studies of path optimization and multi-platform
cooperative control.

Conventional methods typically rely on environment perception data collected via
optical or LiDAR sensors, which may include visual imagery, laser scans, and infrared
signals. These are commonly coupled with artificial potential fields or rule-based path
planning methods for area coverage and obstacle avoidance [73,74]. However, such ap-
proaches often struggle to simultaneously meet the requirements of real-time performance,
feasible path planning in dynamic environments, and constraints on energy consumption
and navigation stability imposed by complex aquatic structures.

To address these challenges, deep reinforcement learning (DRL) has emerged as an
adaptive strategy optimization tool, enabling systems to iteratively interact with the environ-
ment and learn optimal control policies through trial and error. In water environment tasks,
DRL can be applied to solve multi-objective scheduling problems such as path generation,
task area selection, and energy-aware control. When deployed on mobile sensing platforms,
the learned outputs can be directly mapped to path decisions or operational commands.

Given the high cost and risk associated with real-world trial-and-error training in
aquatic environments, Yan et al. proposed a DDPG (Deep Deterministic Policy Gradient)-
based path optimization method. This approach utilizes disparity angles between the
monitoring platform and surrounding obstacles as input and incorporates a cost function to
generate energy-efficient and communication-aware obstacle avoidance paths, illustrated
in Figure 8 [75].

Moreover, information coordination and task allocation among heterogeneous plat-
forms are essential for enhancing overall system effectiveness. Hu et al. proposed a
Distributed Guiding-Vector Field (DGVF) control architecture, establishing a perception
network composed of aerial drones and surface vessels. The system employs a hierarchical
control structure to decouple task allocation from command tracking [76].

Under more complex marine–atmospheric interference conditions, Sana et al. re-
viewed motion control techniques for hybrid-powered, high-mobility platforms operating
in uncertain environments. Their work provides multi-dimensional dynamic modeling
support for intelligent cruise monitoring in aquatic systems [77].
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Figure 8. Illustration of a DDPG-based obstacle avoidance strategy using parallax and channel
state estimation.

4.4. Towards Application-Oriented Deployment of Cross-Domain Control Architectures

Building upon the systematic review of key technologies such as task allocation
mechanisms, cross-medium communication architectures, and environment-aware con-
trol strategies, it is evident that water environment systems are gradually evolving from
localized autonomous control toward large-scale collaborative intelligence. Through hy-
brid centralized–distributed deployment, air–ground–water coordinated communication
schemes, and graph-structured path planning algorithms empowered by reinforcement
learning, multi-agent systems have demonstrated promising capabilities in cross-domain
coordination and adaptive regulation.

However, most of these control architectures and mechanisms remain in the theoretical
or experimental validation phase. Their effectiveness in complex real-world systems
requires further evaluation through scenario-based systematic testing. For example, urban
drainage systems demand rapid regulation in response to heavy rainfall and pollutant
surges; water supply systems aim for energy efficiency and pressure stability during
peak demand periods; hydropower systems must balance water availability, electricity
generation, and ecological sustainability; and multi-platform water quality monitoring
faces challenges such as sensor heterogeneity and unreliable communication.

Therefore, the subsequent chapters will focus on representative water system sce-
narios to explore the deployment pathways and application effectiveness of multi-agent
reinforcement learning (MARL) in real-world water environment control. By engaging in
task-specific modeling practices and comparative performance analysis, the next section
aims to delineate the applicability boundaries, latent challenges, and evolutionary trends
of existing methods—ultimately laying both theoretical and engineering foundations for a
more robust and generalizable intelligent control framework in water environment systems.

5. Application Practices of Multi-Agent Reinforcement Learning in Water
Environment Systems
5.1. Urban Drainage and Emergency Pollution Control
5.1.1. Intelligent Regulation Requirements and Reinforcement Learning

Under the dual pressures of rapid urbanization and increasing frequency of extreme
rainfall events, urban drainage systems face escalating challenges, including combined
sewer overflows (CSOs) and urban flooding, which pose serious threats to urban water
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safety and aquatic ecosystems [78]. As a key component of smart infrastructure, real-time
control (RTC) has been widely adopted to dynamically adjust hydraulic loads based on
sensor and actuator feedback, enabling proactive intervention in the drainage process.

In recent years, reinforcement learning (RL) has emerged as a powerful control method
in urban drainage systems (UDSs), offering the ability to learn optimal control policies
through environmental interaction without requiring precise physical models. Compared
to traditional model predictive control (MPC) approaches, RL demonstrates lower compu-
tational cost and greater adaptability to environmental variability [79]. Studies have shown
that RL algorithms can effectively reduce CSO occurrences, mitigate flooding risks, and
limit pollutant discharges. However, RTC systems are often susceptible to real-world un-
certainties such as actuator failures, sensor inaccuracies, and communication breakdowns,
posing challenges to the robustness and safe deployment of RL-based controllers [80].

HEO proposed an explainable MARL-driven flexible SBR system, which enables coor-
dinated control of DO and EC regulators during the SBR process. The approach achieved
an average energy consumption reduction of 4.93% while maintaining effluent quality
standards under varying influent conditions [81]. Huang employed a multi-agent deep
reinforcement learning (DRL) approach to evaluate the effectiveness of real-time control
(RTC) strategies and developed an integrated assessment framework comprising multiple
quantitative metrics, including control objectives, decision-making latency, robustness, and
adaptability. A total of 31 historical rainfall events were analyzed. The results demonstrated
that compared with conventional RTC methods, the DRL-based approach reduced flood
and overflow risks by an average of 15.1% to 43.5% [82].

5.1.2. Robustness Assessment and Fault Tolerance Under Communication Failures

Sensors and actuators in urban drainage networks are typically spatially distributed
and rely on wireless communication to connect with centralized controllers or intelligent
agents. Thus, communication failures or signal delays can significantly impair control per-
formance. To evaluate system resilience under such conditions, researchers constructed two
simulated fault scenarios: (1) sensor data loss leading to observation gaps; and (2) delayed
control signals preventing timely actuation.

In centralized DQN systems, control signal failures can result in total loss of function-
ality. However, decentralized architectures such as IQL and VDN can incorporate default
fallback rules or historical behavior references to retain partial autonomy in the absence of
communication. To further enhance fault tolerance, an integrated control architecture was
proposed, where a central agent governs remote control under normal conditions, while
local agents autonomously take over during communication interruptions, improving
emergency response stability.

Simulation experiments under varying communication failure rates revealed that
decentralized MARL structures demonstrate superior robustness and performance reten-
tion, particularly in CSO volume reduction and response time, as illustrated in Figure 9.
These findings underscore the practical advantages of MARL-based architectures in urban
water management, supporting the development of resilient, communication-tolerant, and
intelligent drainage systems.
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Figure 9. Integrated control architecture combining centralized, decentralized, and default fall-
back strategies.

5.2. Multi-Agent Intelligent Control for Urban Water Distribution Systems

In the context of smart urban water management, the water distribution network
(WDN)—as the core infrastructure of urban supply systems—has emerged as a critical
focus for enhancing resource utilization, operational efficiency, and water security. Unlike
drainage systems that primarily manage gravity-based flow and stormwater routing,
supply systems must address challenges such as pressure regulation, dynamic demand
response, and coordinated pump–valve control [83,84].

5.2.1. Intelligent Control Requirements in Water Supply Systems

Urban water supply systems must maintain service reliability while minimizing en-
ergy consumption, ensuring pressure balance, and prolonging equipment lifespan. These
systems are structurally complex, typically comprising multiple sets of pumps, tanks,
valves, pipelines, and user demand nodes. Given the spatial heterogeneity and temporal
variability of demand, scheduling decisions must strike a balance between real-time re-
sponsiveness, cost-efficiency, and system safety. Currently, the main control problems in
WDNs are related to pump scheduling and valve operation, where pump activity directly
influences energy usage and carbon emissions, while valves govern pressure distribution
and flow equilibrium. These control processes are highly nonlinear and strongly inter-
connected, rendering conventional rule-based or optimization methods inadequate in the
face of abrupt demand fluctuations, equipment malfunctions, or uncertain disturbances.
Hence, there is a pressing need for intelligent control strategies capable of environmental
perception, temporal memory, and multi-objective coordination.

5.2.2. Multi-Agent Modeling and Task Decomposition for Water Supply Networks

A water distribution system can be abstracted as a graph-based structure, where
nodes represent reservoirs, tanks, consumers, or junctions, while edges represent physical
components such as pipes, pumps, or valves. The control objective is typically to maintain
acceptable tank levels while achieving network-wide pressure minimization under mini-
mum pressure constraints. In a MAS framework, key control components—such as pump
stations, main valves, and tanks—are modeled as autonomous agents. Each agent indepen-
dently perceives its local state (e.g., pressure, tank level, demand flow) and selects actions
(e.g., adjusting pump speed or valve position) accordingly. System-wide optimization is
achieved through indirect coordination via environmental dynamics. Each agent is defined
by four core functions: perception, memory, decision-making, and execution. Agents
operate in a distributed manner without requiring explicit inter-agent communication,
enhancing system scalability, robustness, and fault tolerance.
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5.2.3. Applications of Deep Reinforcement Learning in Water Supply Control

To enhance autonomous decision-making, deep reinforcement learning (DRL) tech-
niques have been widely applied to pump scheduling and valve operation, as illustrated
in Figure 10. Representative algorithms such as Proximal Policy Optimization (PPO) and
Deep Q-Networks (DQN) are trained through state–action–reward interactions in simulated
environments to derive long-term optimal policies.

Figure 10. Real-time pump scheduling framework in a water distribution network.

PPO, a stable policy gradient method, clips the objective function to prevent excessively
large updates. Its loss function is defined in Equation (12):

L(θ) = Et
[
log πθ(at|st) · Ât

]
(12)

where Ât is the advantage function, measuring the deviation of the action from the average
policy performance. PPO often uses a two-layer neural network to output parameters α

and β of a Beta distribution for the action policy, defined in Equation (13):

h(x; α, β) =
Γ(α + β)

Γ(α)Γ(β)
· xα−1(1 − x)β−1 (13)

To ensure uni-modal concavity, the outputs are transformed via Equation (14):

α = LeakyReLU(x) + 1, β = Softplus(x) + 1 = log(1 + exp(x)) + 1 (14)

In practical applications, PPO agents are trained with an hourly time step over a 24 h
operational cycle. The state inputs include pressure, tank level, and time, while the actions
represent valve positions or pump speed settings. EPANET is used for hydraulic simulation
and reward computation.

To reflect real-world demand variability, Zaman et al. applied a DQN strategy to
optimize pump operating periods, reducing energy consumption while maintaining supply
reliability [85]. Candelieri et al. used Q-learning for pump on/off control, demonstrating
scalability and tolerance to demand uncertainty in multi-pump systems [86]. Xu et al.
integrated knowledge assistance using maximum state values from historical data to
accelerate PPO convergence under unstable conditions [87]. Vercouter further enhanced
DQN with offline learning and supervised pretraining (e.g., k-NN) for improved policy
performance. Hung used Q-learning to allocate water quantities in non-stationary supply
environments [88].

Hung employed Q-learning to allocate water resources under non-stationary supply
conditions, effectively addressing dynamically changing water availability [87]. Overall,
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deep reinforcement learning (DRL) algorithms—particularly PPO, DQN, MADDPG, and
Q-learning—have demonstrated promising applicability in urban water supply systems,
especially under multi-scenario, multi-objective, and high-disturbance settings [89]. Future
research may further enhance the generalization capabilities and cross-regional deployment
efficiency of multi-agent policies by integrating meta-learning, transfer learning, and
federated learning techniques.

Wang applied a data-driven personalized federated multi-agent attention-based deep
reinforcement learning (PFL-MAADRL) algorithm to address the intake scheduling prob-
lem of three water abstraction pump stations in an urban water treatment system. The
model simultaneously optimized energy consumption, reservoir water levels, and trunk
line pressure. Under uncertainty, the proposed method demonstrated robust performance
and achieved up to a 10.6% reduction in maximum energy consumption compared to
benchmark approaches [90].

Jiang proposed a coupled framework that integrates a comprehensive water quality
model with a deep reinforcement learning (DRL) algorithm and applied it to the eutrophic
Lake Dianchi—the largest freshwater lake in China—for validation. The results showed
that compared to previous operational strategies, the proposed approach significantly
reduced total nitrogen and total phosphorus concentrations in the lake by 7% and 6%,
respectively [7].

5.3. Multi-Agent Regulation in Hydropower Energy Systems

Hydropower systems, functioning as integrated water infrastructure that combines
water supply, flood control, power generation, and ecological regulation, involve highly
complex and nonlinear processes. Particularly in scenarios such as multi-reservoir joint
scheduling, real-time flood discharge, and energy conversion efficiency optimization, the
system is characterized by significant uncertainty and conflicting multi-objective demands,
which pose challenges for traditional optimization approaches [91]. In recent years, rein-
forcement learning (RL) and deep reinforcement learning (DRL) have been increasingly
applied to the intelligent operation of hydropower systems, demonstrating superior adapt-
ability and generalization capabilities. In contexts where accurate environmental modeling
is infeasible or traditional methods fail to yield timely solutions, multi-agent systems
(MASs) offer a scalable paradigm for addressing high-dimensional and dynamic control
problems collaboratively, as illustrated in in Figure 11.

Figure 11. Deep reinforcement learning framework for hydropower system control.
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5.3.1. Hydropower Scheduling Problems and DRL-Based Hydropower System Control

Hydropower operation problems can be formulated as Markov Decision Processes
(MDPs), where the state space typically includes reservoir levels, inflow rates, and inflow
forecasts, the action space includes turbine flow or spill discharge, and the reward function
integrates electricity revenue, water utilization efficiency, and risk mitigation. Hu et al.
were among the first to apply the Deep Q-Network (DQN) to real-time multi-reservoir
scheduling, using two separate neural networks to estimate action values and policy
functions. This approach effectively overcomes the “curse of dimensionality” faced by
conventional RL in high-dimensional state spaces and outperforms both dynamic program-
ming and decision tree-based strategies, particularly in balancing hydropower benefits and
interpretability [92].

Luo et al. further enhanced DQN performance by integrating dueling networks, Dou-
ble DQN (DDQN), and prioritized experience replay, which improved learning stability
and sample efficiency [93]. Jiang et al. extended DQN to a multi-energy system by incor-
porating solar and wind power forecasts, achieving significant improvements in overall
system profit through cross-energy coordination [94]. Wu et al. developed a multi-objective
RL framework to optimize water supply, ecological preservation, and power generation
simultaneously. By introducing weighted combinations into the reward function and
evaluating multiple policy strategies, the study demonstrated superior performance in
multi-objective trade-offs compared to traditional baselines [95].

Mitjana et al. addressed constraint scheduling under reservoir level uncertainty using
the REINFORCE algorithm. By incorporating chance constraints and fallback mechanisms,
they enhanced system safety and operational robustness [96]. Riemer-Sorensen employed
the Soft Actor–Critic (SAC) algorithm to optimize weekly hydropower dispatch, leveraging
historical electricity price and inflow data to reduce overflow loss and increase generation
profit [97].

5.3.2. Cutting-Edge Applications of Multi-Agent DRL in Hydropower Systems

Multi-agent architectures are particularly well-suited for coordinated scheduling tasks
in multi-reservoir and multi-hydropower systems. Hu et al. developed a collaborative
model based on Multi-Agent Deep Deterministic Policy Gradient (MADDPG) for hy-
dropower dispatching, achieving significant improvements in both energy consumption
control and electricity generation efficiency [98].

MADDPG adopts a centralized training and decentralized execution (CTDE) paradigm,
wherein each agent (e.g., reservoir unit) makes decisions independently using local obser-
vations, while policy updates are performed using global information. This enhances the
generalization ability and robustness of the overall system.

Xi et al. systematically evaluated the sensitivity of scheduling performance with
respect to key hyperparameters, including scheduling time step, state space representation,
and policy update frequency. To alleviate the training burden caused by high-dimensional
inputs, state space compression and feature construction techniques were applied to reduce
input dimensionality [99].

To improve modeling under high-dimensional state inputs, researchers have incorpo-
rated factors such as hydraulic interdependencies among reservoirs, seasonal forecasts, and
stochastic inflow disturbances. These enhancements enable DRL models to better adapt
to abrupt hydrological changes across river basins. Moreover, the design of DRL decision
networks is evolving toward deeper and more modular architectures. By introducing
residual connections, attention mechanisms, and contrastive learning components, the
models exhibit enhanced capabilities in extracting and leveraging temporal features for
robust and adaptive scheduling.



Machines 2025, 13, 503 29 of 44

5.4. Intelligent Task and Path Control in Multi-Platform Autonomous Monitoring Systems

In response to the growing demand for dynamic sensing, real-time response, and
efficient spatial coverage in water environmental systems, multi-platform autonomous
monitoring systems have demonstrated substantial value in tasks such as pollution tracking,
water quality assessment, and ecological early warning. Approaches based on multi-agent
systems (MASs)—covering task allocation, path planning, and water body monitoring—
have emerged as key technologies driving intelligent regulation in aquatic environments.

5.4.1. Multi-Agent Task Allocation and Coordination Mechanisms

A key challenge lies in optimizing task allocation and execution coordination among
multiple AUV/SV platforms. To address issues such as task priority, platform heterogeneity,
and communication constraints, researchers have proposed various distributed strategies—
such as auction-based mechanisms, market-driven games, and graph-theoretic modeling—
for multi-objective task planning. Wu et al. proposed an improved consensus algorithm
based on bundle assignment for dynamic task allocation among heterogeneous AUV
platforms [100].

Furthermore, Nguyen developed a distributed coordination architecture for under-
water multi-robot systems with limited communication bandwidth, which improved task
coverage while maintaining manageable communication loads [101]. Lin et al. intro-
duced a software-defined networking framework for centralized management of AUV
networks. By integrating graph-based optimization strategies with reinforcement learning,
they proposed a graph-structured SAC algorithm for optimal path scheduling and system
input selection [102]. Their system further incorporates a three-tier network architecture—
SDNA-ITS—comprising Detection AUVs at the network layer, Local Control AUVs at the
intermediate layer, and a USV-based Master Controller (USV-MC) at the global coordination
layer, enabling robust collaborative scheduling for complex pollution detection tasks.

5.4.2. Autonomous Path Planning and Dynamic Obstacle Avoidance Strategies

In intricate and obstacle-dense underwater environments, effective inspection of
submerged structures relies on advanced path planning systems. These systems must not
only address energy efficiency and obstacle avoidance but also dynamically adapt to ocean
currents, physical obstructions, and sensor feedback. A hierarchical MER-SAC framework
for AUV path planning is illustrated in Figure 12.

Figure 12. Schematic of the hierarchical MER-SAC architecture for AUV path planning.

Studies have shown that traditional methods perform well in static environments,
but their effectiveness is limited in complex underwater scenarios [103]. In the realm of
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intelligent path optimization, bio-inspired algorithms—including Ant Colony Optimization
(ACO), Particle Swarm Optimization (PSO), and Cuckoo Search—have been widely applied
to path generation for underwater missions [104]. However, their robustness is limited
when facing abrupt environmental changes or unstructured scenarios. In recent years, deep
reinforcement learning (DRL) has demonstrated significant advantages in underwater path
planning, offering improved adaptability to uncertain environments and enhancing the
overall intelligence of navigation systems [105]).

In addition, underwater defect detection tasks based on optical imaging impose higher
requirements on path planning. Underwater image quality is often degraded by lighting
variability, color attenuation, and turbidity. Therefore, path planning systems must simulta-
neously optimize imaging position, illumination angle, and obstacle avoidance strategy. To
address the complexity and adaptivity required for underwater structure inspection, Tao
proposed multi-objective DRL-based path planning frameworks [106]. These models, incor-
porating algorithms such as SAC or DDPG, enable dynamic responsiveness and real-time
policy adaptation during the exploration of targeted regions.

5.4.3. Multi-Source Data Fusion and Real-Time Control in Water Body Monitoring Tasks

In water body monitoring tasks, multi-platform systems must ensure high spatiotem-
poral resolution in data acquisition over target regions and provide rapid responses to
abnormal events such as sudden pollution incidents or algal bloom outbreaks. To achieve
this, constructing a perception and control architecture based on multi-source heteroge-
neous data fusion has become a critical enabler, as illustrated in Figure 13.

Figure 13. Architecture of a deep reinforcement learning-based framework for multi-sensor data
fusion.

Punit proposed a water quality monitoring framework that integrates data from
multiple sensors, enabling real-time perception of key environmental parameters and
improving accuracy through error correction techniques [107]. Joana et al. further utilized
a collaborative autonomous underwater vehicle (AUV) sensing mechanism to significantly
enhance response times during algal bloom events [108].

Mancy proposed the FL-MAPPO model, which promotes decentralized and privacy-
preserving decision-making to minimize latency and eliminate single points of failure. The
framework adopts a multi-layer architecture encompassing data acquisition, distributed
learning, and real-time execution. Experimental results showed that the proposed method
outperformed existing large-scale real-time flood forecasting systems, achieving a mean
squared error (MSE) of 0.112, R-squared (R2) of 0.953, and mean absolute error (MAE) of
0.207 [109].
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Building upon edge intelligence principles, Ren et al. developed a water environment
monitoring system that integrates computation, analytics, and feedback mechanisms into a
unified edge architecture. The real-time regulation system leverages wireless communi-
cation and edge computing to upload local sensing results to the control center, enabling
rapid command dissemination and adaptive task updating [110].

Future advancements in multi-platform collaborative monitoring are expected to focus
on intelligent formation control, energy-efficient coordination, and fine-grained target recog-
nition. These developments will further enhance the system’s comprehensive capabilities
in emergency response, pollutant diffusion tracking, and ecological risk assessment.

6. Cross-Domain Generalization and Digital Twin Integration in
Multi-Agent Systems
6.1. Policy Transfer and Robustness in Heterogeneous Scenarios

The deployment of multi-agent systems (MASs) in complex water environment sce-
narios faces substantial challenges, including diverse task types, heterogeneous geographic
conditions, sensor inconsistency, and communication instability. To enhance the generaliza-
tion and adaptability of learned policies across such non-stationary conditions, researchers
have explored transfer learning and meta-reinforcement learning (meta-RL) techniques [111].

Yang et al. investigated the issue of suboptimal renewable energy utilization in inte-
grated power systems (IPS) combining hydropower, photovoltaics, and pumped storage.
They proposed a parallel multi-agent dynamic scheduling framework that integrates spa-
tiotemporal information, enabling more efficient coordination and adaptation in dynamic,
multi-modal energy environments [112].

Other studies have employed adversarial perturbation training and parameter regular-
ization to improve the robustness of RL agents to sensor drift and input disturbances [113].
Under conditions of inconsistent or missing multi-source data, Bayesian policy optimiza-
tion and distributed collaborative training were introduced to stabilize cross-regional
deployments [114]. In heterogeneous systems such as urban water networks and moun-
tainous reservoirs, knowledge distillation and agent weight-sharing strategies have been
applied to transfer experiential knowledge across domains, significantly reducing the cost
of retraining.

6.2. Integration Potential of Digital Twins in Intelligent Water System Control

Digital twins (DTs), as a key technology linking physical systems with virtual models,
are increasingly being integrated into water system control. By fusing sensor data, simula-
tion models, and control logic, DTs enable real-time mapping, prediction, and optimization
of MAS operations. Heo et al. implemented a DT system in a wastewater treatment plant
for dynamic aeration control using reinforcement learning, enabling feedback from on-
line policy updates to physical processes and thus forming a closed-loop optimization
cycle [115].

In urban water supply systems, Salvatore et al. developed a multi-scale DT framework
that integrates LSTM-based prediction modules with MAS-based scheduling to achieve
coordinated optimization of tank levels and pump energy consumption [116]. In multi-AUV
systems, DTs are used to replicate individual agent states, supporting dynamic simulations
of task planning, path optimization, and energy consumption while enabling real-time
policy adjustment [117]. Looking ahead, DT-enabled intelligent water systems are expected
to integrate complex system modeling, real-time simulation, and policy iteration, serving
as foundational platforms for building high-reliability intelligent control systems.
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Despite the strong theoretical synergy between digital twin (DT) technologies and
reinforcement learning (RL), their integration in practical engineering systems still faces
several critical challenges.

First, the simulation-to-reality gap (sim-to-real gap) remains a major bottleneck limit-
ing the generalizability of trained models. In simulated environments, it is difficult to fully
replicate real-world sensor precision, control dynamics, and external disturbances. As a
result, policies trained within DT environments may experience performance degradation
and lack robustness when deployed in real systems.

Second, model fidelity is a fundamental prerequisite for constructing effective digital
twins. Any deviation or simplification in the physical modeling used for policy learning can
impair the multi-agent system’s perception capabilities, thereby undermining the stability
and interpretability of the training process.

Third, system latency is a key factor influencing real-time control performance. In
scenarios involving multi-source sensing, data transmission, model inference, and control
execution, excessive system response time relative to the dynamics of the target process
may result in ineffective decisions or system instability. This issue is particularly critical in
high-frequency control tasks such as pump regulation and aeration control.

Therefore, the future integration of DT and multi-agent reinforcement learning (MARL)
requires in-depth research into cross-modal data alignment, enhanced environmental
modeling fidelity, and low-latency architecture design in order to build intelligent water
system control frameworks that are stable, trustworthy, and practically deployable.

6.3. Edge Computing and Control Latency Optimization

In multi-agent systems deployed in real-world water infrastructure, limited wireless
communication capacity and the spatial distribution of agents impose significant constraints
on centralized coordination. As a result, both control commands and observation data
must be processed at edge nodes near the source to mitigate communication latency.

Zhang proposed a distributed control strategy based on multi-agent reinforcement
learning (MARL) to enhance system-level coordination and robustness under unstable
communication conditions [118]. This approach enables agents to make decentralized
decisions locally, while still contributing to global system objectives.

Applied to real-time control (RTC) in urban drainage systems, the method not only
improves regulation efficiency but also addresses potential risks arising from hardware
malfunctions in sensors and actuators or communication failures. The framework supports
resilient operations in cyber–physical water infrastructure by leveraging edge intelligence
for timely and adaptive control.

In large-scale AUV clusters, Zhang et al. deployed lightweight inference models at
each edge node and used information compression mechanisms to upload only key control
parameters to the cloud, maintaining global system consistency while minimizing network
load [119]. For high-frequency control devices such as pumps, gates, and monitoring
units, Qian et al. introduced edge-side control caches and sliding window prediction
mechanisms, improving fault tolerance and latency robustness to achieve microsecond-level
response times [120]. By integrating mobile edge computing (MEC), 5G network slicing,
and asynchronous event-driven control architectures, future edge-intelligent water systems
are expected to feature modular design, high-frequency responsiveness, and adaptive fault
tolerance, driving the evolution toward low-latency and highly robust intelligent control.
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7. Research Challenges and Future Directions
7.1. Challenges and Technical Limitations

Despite the promising applications of multi-agent reinforcement learning (MARL), dig-
ital twins, and edge intelligence in water environment systems, several challenges remain
in their real-world deployment and adaptation to complex scenarios. These challenges can
be broadly categorized into four major aspects:

(1) Limited policy generalization and poor system transferability.
Current MARL frameworks face significant difficulties in cross-regional deployment

and heterogeneous scenario adaptation. Most policy transfer and meta-learning approaches
rely heavily on structural similarities between source and target tasks, which are often
lacking in complex water systems due to variations in geographic features, task objectives,
and sensor configurations. While adversarial training and parameter regularization
have been proposed to improve robustness, these methods still struggle to general-
ize under unpredictable disturbances and multi-source uncertainties encountered in
real-world settings.

(2) Incomplete system-level co-modeling and control architectures.
Water environment systems are inherently composed of multiple interconnected sub-

systems characterized by multi-scale, multi-objective, and multi-constraint dynamics. Most
existing methods remain focused on localized optimization, lacking a unified architecture
for system-wide coordinated control. In large-scale, heterogeneous MARL settings, issues
such as role assignment, communication protocols, and policy synchronization among
agents are yet to be fully addressed. These limitations hinder task integration, reduce
policy efficiency, and make it difficult to achieve real-time optimization under complex and
dynamic conditions.

(3) Complexity in twin and edge system construction with limited real-time respon-
siveness.

Digital twin systems require high-fidelity physical modeling and high-quality real-
time data, leading to high implementation costs and poor scalability. They are currently
applicable mainly to isolated or small-scale systems. While edge computing can reduce
control latency, challenges remain in terms of information sharing, global consistency
maintenance, and resilience to communication failures. Moreover, limitations in computing
power and sensing range at edge nodes hinder their scalability and adaptability in large-
scale deployments.

(4) Limited adaptability and safety robustness under extreme conditions.
Most existing intelligent control models are primarily trained under stable operating

conditions, lacking sufficient capacity to model system behavior in the face of nonlinear
environmental responses, data incompleteness, or equipment malfunctions encountered
during extreme events. This results in poor dynamic adaptability and inadequate coor-
dination across multiple data and control sources during emergencies. In scenarios such
as sudden flooding, contamination accidents, or system failures, agents typically lack
risk-awareness mechanisms and fault-tolerant strategies, making it difficult to achieve
resilient, safe, and continuous control—key objectives in the management of critical water
infrastructure systems.

7.2. Future Research Directions
7.2.1. Building a Data Ecosystem and AI Integration for Intelligent Water Systems

Given the complexity of pollutant compositions, limitations in detection techniques,
and severe fragmentation of data across water systems, constructing a comprehensive data
ecosystem integrated with AI and machine learning has become a crucial direction for
enhancing intelligent water system regulation. In recent years, researchers have proposed
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using advanced spectroscopic detection, two-dimensional chromatography, and multi-
channel online sensors to collect high-dimensional and structured environmental data.
These data are then processed using AI models to identify key pollutants, enabling precise
water quality risk warnings and real-time optimization.

Ding et al. developed an AI-assisted framework that integrates detection, analysis, and
control optimization for identifying disinfection by-product (DBP) precursors. This frame-
work separates dissolved organic matter (DOM) using two-dimensional chromatography,
converts it into a digital matrix via UV/fluorescence detectors, and applies AI/ML methods
to model the relationship between DOM composition and DBP formation potential [121].
The resulting predictive model informs the adjustment of disinfection parameters, thereby
improving both the timeliness and accuracy of pollution detection and supporting dynamic
optimization of water treatment processes.

Furthermore, integrating such approaches with digital twin systems enables real-
time virtual–physical synchronization, dynamic water quality mapping, and strategy
co-optimization. Future research should focus on multi-source data fusion modeling,
the development of standardized and shareable data platforms, and the evolution of AI
algorithms from black-box models to explainable frameworks, all aiming to enhance the
reliability and autonomy of intelligent water environment management.

7.2.2. Perception-Driven Communication Mechanisms

In intelligent aquatic environments, clusters of distributed agents—such as water
quality sensors, storage control units, and mobile sampling devices—must collaboratively
perform complex tasks under conditions of partial observability. Given the constraints
imposed by limited communication bandwidth, restricted sensing range, and dynamic
task environments, the design of efficient systems has emerged as a critical enabler for
intelligent system coordination.

Regarding communication timing, non-continuous (event-triggered) strategies have
received considerable attention. In this paradigm, agents initiate communication only when
significant state changes occur or when interaction is deemed essential. This approach
effectively reduces communication overhead and is particularly suitable for scenarios
that demand both responsiveness and resource efficiency, such as dynamic hydrological
response, emergency pollution mitigation, or stormwater regulation.

In terms of interaction targets, group-based communication mechanisms offer a hybrid
approach by integrating global and local communication strategies. Agents dynamically
select communication partners based on current task demands, enabling broader coordina-
tion coverage while minimizing redundant exchanges. This approach is highly effective for
cross-regional water resource allocation and multi-site water quality monitoring, facilitating
task decomposition and goal partitioning among agents.

The encoding and compression of communication content are also critical for improv-
ing system scalability. Current research emphasizes techniques such as localized state
sharing and neighbor-based compressed representations to reduce computational and
memory burdens, making them well-suited for large-scale distributed deployments. These
methods are applicable to scenarios including large-scale water network simulation and
regional decision integration in urban drainage systems.

From the perspective of information processing, the adoption of mutual information
optimization and attention-based mechanisms enhances the ability to extract salient signals
from noisy observations. Attention-driven communication protocols dynamically assess the
relevance of peer-provided information, allowing agents to focus on task-critical exchanges.
Such mechanisms exhibit strong adaptability in applications such as pollution plume
tracking and strategic protection of critical water sources [122].
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In summary, a perception-driven communication framework structured around four
core dimensions—communication timing, interaction targeting, message encoding, and in-
formation processing—lays a theoretical and technical foundation for effective coordination
in distributed intelligent systems. Future research directions include

• Developing task-sensitive communication triggers tailored to non-stationary environments;
• Designing multi-scale communication structures and hierarchical architectures to

accommodate system heterogeneity;
• Incorporating graph-based attention and multi-modal fusion for efficient heteroge-

neous information integration;
• Exploring co-optimization frameworks that jointly address communication and control

strategies.

Together, these strategies can drive the evolution of intelligent water systems from
“multi-point coordination” toward “ubiquitous intelligence,” enabling advanced manage-
ment and decision optimization across domains such as smart water engineering, real-time
operations, and ecological protection.

7.2.3. Self-Organizing Multi-Agent Collaboration

Self-organizing multi-agent collaboration aims to develop autonomous agents capable
of general collaboration, even in the absence of predefined protocols or prior knowledge.
This approach is highly relevant to heterogeneous and decentralized water systems, espe-
cially in scenarios such as cross-basin water allocation, multi-agency pollution prevention,
and emergency flood response, where agents must coordinate with unfamiliar or dynami-
cally changing partners.

Early studies assumed static and observable agent behaviors, analogous to predefined
operations in hydraulic facilities. However, real-world actors often exhibit behavioral
uncertainty. Subsequent work has relaxed these assumptions by enabling agents to dynami-
cally model their teammates through interaction learning. For example, agents can observe
the behaviors of others to infer strategies and adapt accordingly—critical in systems where
autonomous water quality sampling robots adjust their paths based on peer activity to
enhance monitoring efficiency.

Other studies enhanced inter-agent communication through robust, low-bandwidth
protocols to support temporary cooperation. These approaches are particularly applicable
to distributed hydrological sensor networks and real-time coordination in urban drainage
systems under low-latency constraints.

Despite progress, many approaches remain confined to closed-world settings with
fixed agent types. In contrast, open-world water systems—comprising mobile sensors,
heterogeneous infrastructure, and human interventions—require agents to adapt as their
population evolves. Emerging methods use graph neural networks (GNNs), such as the
GPL framework, to model evolving interaction structures, enabling effective coordination
in scenarios like cross-watershed dispatching.

Further research has also considered adversarial robustness—such as handling mali-
cious pollution sources or unreliable nodes—and few-shot collaborative learning for rapid
adaptation in new or emergency tasks. In flood events, for example, agents must quickly
learn effective strategies from minimal experience, while strategy coverage methods can
help build more generalized agent libraries to support scalable simulation and training.

7.2.4. Collaborative Control Architecture for Complex Water Systems

Water environment systems exhibit a high degree of complexity and multi-scale cou-
pling, encompassing a wide range of interconnected subsystems such as urban drainage,
water resource scheduling, water quality management, and ecological conservation. These
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subsystems are characterized by strong dynamic dependencies and spatiotemporal inter-
actions, necessitating coordinated control at the system level to ensure operational safety,
efficient resource allocation, and long-term ecological sustainability.

However, most reinforcement learning (RL)-based approaches to date are constrained
to isolated subsystems or static scenarios, making them insufficient for capturing the inter-
module dependencies and asynchronous dynamics inherent in such complex systems.
Particularly under conditions involving multi-objective trade-offs and complex operational
constraints, conventional RL methods often suffer from limited learning efficiency, poor
scalability, and lack of coordination. These limitations highlight the urgent need for a novel
control architecture that supports modularity, hierarchy, and collaboration.

Hierarchical control architectures (HCAs) provide a systematic framework for decom-
posing complex control problems into multiple layers, each responsible for perception,
planning, and execution at different levels of granularity. This structure enhances both
the manageability and learning efficiency of the system. Representative modeling meth-
ods include the following:

1. Task decomposition and role assignment: The global control objective is decomposed
into multiple sub-goals, each corresponding to a control layer or agent role. For
instance, in water resource management, the upper layer may handle high-level
scheduling tasks such as water allocation and inter-regional distribution, while the
lower layer focuses on local actuation tasks like pump control and feedback-based
flow adjustments.

2. Hierarchical policy learning: The high-level controller (meta-controller) learns to
assign sub-tasks or intermediate goals to lower-level controllers, while the low-level
controllers optimize their actions based on local observations to fulfill the high-level
directives. This structure can be implemented using the options framework or hierarchical
reinforcement learning (HRL), which improves policy interpretability and enhances
transferability across tasks.

3. State abstraction and coordination mechanisms: Each layer can define its own state–
action space abstraction to reduce learning complexity. Communication between
layers or across subsystems can be facilitated through intermediate variables, shared
representations, or attention-based mechanisms, enabling inter-layer coordination
and policy alignment.

4. Multi-agent cooperation within hierarchical structures: Each sub-task can be further
handled by one or more agents operating under a hierarchical framework. Mech-
anisms such as centralized training with decentralized execution (CTDE), heterogeneous
reward design, and graph neural networks (GNNs) are employed to promote agent collab-
oration and information sharing. For example, in wastewater treatment, individual
agents can control flow regulation, chemical dosing, and energy optimization, while
in watershed-scale management, agents can coordinate water storage operations,
pollutant dispersion control, and ecological flow management.

Such a hierarchical multi-agent architecture inherently supports scalability, mitigates
the curse of dimensionality in large state spaces, and addresses asynchronous dynamics
and local conflicts in distributed environments. Moreover, state abstraction and inter-layer
communication are key enablers for architectural efficiency. In practice, high-level policies
operate on low-dimensional abstract states representing system trends or progress, while
low-level agents respond to raw sensor inputs in real time. To ensure coherence between lo-
cal actions and global objectives, communication protocols based on GNNs, attention mech-
anisms, or policy embeddings can be employed to construct shared state representations.

Future research should further explore the integration of physics-informed modeling,
multi-source heterogeneous data fusion, and cross-scale process coupling into hierarchical multi-
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agent frameworks. Embedding such architectures within digital twin platforms will enable
closed-loop optimization from sensing and perception to cognitive decision-making. This
integrated approach is expected to significantly enhance the intelligence, adaptability, and
robustness of water environment systems under uncertainty, paving the way for a new
generation of resilient and sustainable water governance systems.

7.2.5. Modeling Large-Scale Heterogeneous Multi-Agent Systems

Most reinforcement learning (RL) applications in intelligent water management pri-
marily focus on small- to medium-scale homogeneous environments, where agents typically
share similar architectures, objectives, and operational tasks. However, real-world water
systems exhibit significantly greater complexity, encompassing functionally heterogeneous
subsystems—such as urban drainage management, watershed dispatching, water treatment
operations, and ecological preservation—along with multi-objective missions and diverse,
multi-modal data sources. This paradigm shift calls for control models that can effectively
manage large-scale, heterogeneous perception processes.

A comprehensive water management task may involve diverse agent types: sluice
gate controllers responsible for hydraulic regulation in river networks, industrial supervi-
sory agents focused on pollution mitigation, process-level agents optimizing wastewater
treatment operations, and ecological agents tasked with maintaining environmental flows.
These agents differ in their structural designs, functional objectives, underlying control
mechanisms, and operational spatiotemporal scales. When operating within shared and
dynamic environments, they must achieve strategic coordination across multiple layers to
ensure system stability and task diversity fulfillment.

Currently, there is a notable absence of scalable RL frameworks specifically designed
for heterogeneous multi-agent systems in complex water environments. This limits their
deployment in real-world settings where variability, conflict, and cooperation are prevalent.
Future research efforts should prioritize the following directions:

• Modeling heterogeneous tasks and role-based structures: Develop agent modeling
frameworks that accommodate varying structures, roles, capabilities, and objectives,
including clear task decomposition and role assignments;

• Multi-objective game theory and cooperative strategy learning: Employ game-
theoretic models and multi-objective optimization techniques to support robust strat-
egy formation under both cooperative and adversarial conditions;

• Cross-scale coordination and communication protocol design: Design efficient and
scalable communication protocols to resolve asynchrony and coordination issues
arising from distributed, multi-scale decision-making processes;

• Generalization and scalability: Construct RL training architectures that offer high
generalizability and scalability, thereby improving performance, adaptability, and
robustness in complex, uncertain real-world environments.

Addressing these challenges will be essential for transitioning from isolated RL de-
ployments to fully integrated, large-scale intelligent water management systems capable of
supporting long-term sustainability, operational resilience, and adaptive governance.

7.2.6. Adaptability and Robustness of Intelligent Models Under Extreme Conditions

The ability to optimize control strategies under extreme conditions is essential for
developing resilient and secure control architectures in water environment systems. In prac-
tice, such systems are often subjected to abrupt disturbances, including floods, droughts,
pollution incidents, equipment malfunctions, and extreme weather events. These anomalies
may induce partial system failures, abrupt changes in resource availability, or severe sensor
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outages, all of which pose considerable challenges to control models trained under nominal
operational conditions.

Most existing reinforcement learning (RL) approaches were developed with a focus
on optimal control in stable and routine scenarios, frequently overlooking the inherent
uncertainties and nonlinear dynamics associated with extreme events. However, in such
critical scenarios, both the system’s safety boundaries and its operational objectives may
undergo significant shifts.

Safety-constrained reinforcement learning algorithms have introduced distributed
risk-aware critic mechanisms to enhance the adaptability of agents in high-risk scenarios. By
incorporating distributed risk evaluation modules and context-aware policy optimization
strategies, these frameworks enable the construction of intelligent control architectures
capable of dynamically adjusting objective weights and strategy priorities under varying
extreme conditions. Future research should prioritize the following directions:

• Extreme scenario modeling and synthetic environment construction: Develop high-
fidelity simulation environments that emulate events such as flooding, pollution
surges, and water shortages to support adversarial training and generalization of
agent behavior;

• Safety-constrained reinforcement learning: Introduce risk-sensitivity metrics, dy-
namic safety threshold functions, and multi-objective constraint modeling to improve
system boundary awareness and ensure secure policy execution;

• Uncertainty modeling and robust optimization: Apply Bayesian reinforcement learn-
ing and distributed decision-making frameworks to explicitly represent environmental
and prediction uncertainties, thereby improving model robustness under disruptive
conditions;

• Integration of fault tolerance and emergency response: Incorporate fault diagno-
sis, contingency planning, and multi-source coordination mechanisms to combine
RL-based control with traditional emergency management systems for enhanced
responsiveness during critical events.

By embedding these capabilities, future intelligent water systems will be more capable
of handling rare yet high-impact disruptions, thereby contributing to the realization of
robust, adaptive, and secure environmental management infrastructures.

8. Conclusions
Multi-agent reinforcement learning (MARL) is emerging as a foundational method-

ology for intelligent control in water environment systems, enabling a paradigm shift
from centralized, rule-based operations toward distributed, cooperative, and adaptive
decision-making frameworks. This review has systematically traced the evolution of
MARL applications in the domain, highlighting its capabilities in improving water re-
source allocation, enhancing pollution response strategies, reducing operational energy
consumption, and reinforcing system resilience under complex and dynamic conditions.

Despite recent advances, deploying MARL in real-world water systems remains a
substantial challenge. Key limitations stem from agent heterogeneity, cross-domain task
coupling, communication constraints, and the inherent non-stationarity of environmental
dynamics. These challenges hinder the scalability, reliability, and interpretability of existing
MARL-based control frameworks in large-scale operational settings.

To address these gaps, future research must focus on several critical directions: (i) de-
veloping hierarchical and cross-layer modeling frameworks that support system-level
abstraction and inter-agent coordination; (ii) enhancing generalization and transfer capabil-
ities across spatiotemporally variable tasks with limited training samples; (iii) designing
interpretable and adaptive control architectures that remain robust under uncertain, multi-
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domain operating conditions; and (iv) establishing unified benchmarks and semi-realistic
testbeds that integrate hydrodynamic variability, sensing faults, communication latency,
and external disturbances for the systematic validation of MARL algorithms.

In summary, MARL holds strong potential to become a core enabling technology
for the next generation of intelligent, self-organizing, and sustainable water environment
systems. Advancing this vision will require closer integration across control theory, machine
learning, and environmental systems engineering, as well as a shift toward system-level
co-design, multi-scale optimization, and field-level deployment to fully bridge the gap
between algorithmic innovation and practical impact.
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