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 A B S T R A C T

Cloud computing based aquatic monitoring systems fails to achieve significant performance improvement due 
to the long communication latency in reality. To overcome this limitation, we propose a UAV-USV cooperative 
Mobile Edge Computing (MEC) framework for smart city lake monitoring. In this framework, Unmanned 
Surface Vehicles (USVs) are intelligently dispatched to dynamically generated suspicious task points. Unmanned 
Aerial Vehicle (UAV) on the other hand serves as the edge node to provide aerial computational support for 
tasks generated by USVs. The UAV-USV cooperation enables real-time end-to-end suspicious points monitoring 
and sensing task processing during a single time slot. We jointly optimize the allocation of suspicious task 
points, the task offloading strategy of USVs, UAV trajectory planning, and computational resource allocation 
in dynamic task assignment scenarios. Our objective is to maximize UAV coverage while minimizing overall 
system delay and energy consumption. The optimization problem is decomposed into two subproblems: 
suspicious task point allocation and task offloading-trajectory optimization. The former employs a greedy 
algorithm to achieve efficient USV scheduling, while the latter integrates Deep Reinforcement Learning (DRL) 
and convex optimization to jointly optimize offloading decisions, UAV trajectory, and resource allocation. 
Simulation results demonstrate that the proposed framework achieves superior performance in terms of system 
delay, energy efficiency, and task coverage, validating its feasibility and application potential in dynamic smart 
lake environments.
1. Introduction

With the rapid pace of urbanization, aquatic environments are 
facing complex challenges such as eutrophication, pollution diffusion, 
and ecosystem degradation. Hence, the ecological monitoring of urban 
water bodies, such as lakes, reservoirs, and rivers, is becoming more 
important, with respect to sustainable environmental management, 
ecological security, and intelligent ecosystem governance [1–3]. Tra-
ditional aquatic monitoring systems typically depend on fixed sensor 
nodes or predefined periodic task scheduling mechanisms. These sys-
tems lack flexibility and adaptability in dynamic environments, making 
it difficult for them to respond promptly to sudden environmental 
changes or emergency events [4]. In addition, the existing cloud-based 
centralized architectures can offer robust computational and storage 
capabilities. However, they are constrained by communication band-
width and latency, consequently being unable to support real-time data 
processing and rapid decision-making in large-scale or remote aquatic 
scenarios [5].
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Recently, the mobile edge computing (MEC)-based paradigm has 
shown promising prospects for intelligent aquatic environment mon-
itoring. This paradigm integrates the advantages of both USVs and 
UAVs, helping reduce communication latency, alleviate network con-
gestion, and minimize energy consumption [6–8]. This architecture 
fully leverages the complementary advantages of aerial and surface 
platforms. On the one hand, UAVs possess high mobility, wide com-
munication coverage, and rapid deployment capability; on the other 
hand, USVs have strong endurance and high operational stability. For 
instance, UAVs can function as mobile edge servers to support USVs 
in communication and computation tasks, especially in regions where 
network connectivity is unreliable or terrestrial infrastructure is scarce. 
Compared with traditional static sensing systems, this MEC-enhanced 
cooperative architecture demonstrates superior advantages in dynamic 
water environments, in terms of adaptability, response latency, scalabil-
ity, and is well-suited for next-generation intelligent water environment 
monitoring.
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However, most existing studies assume static task models, meaning 
that the locations and quantities of tasks are predefined. Consequently, 
they neglect the dynamic and stochastic nature of aquatic monitoring 
tasks. In reality, suspicious events or abnormal monitoring points may 
irregularly emerge over time and space in lake environments, which 
requires the system to have dynamic task-processing and real-time 
adaptation capabilities. Worse still, jointly optimizing UAV trajectory 
planning, task offloading, and resource allocation under multiple sys-
tem constraints is highly complex. The objective of this optimization 
includes maximizing UAV coverage while minimizing processing delay 
and energy consumption, making the problem particularly challenging.

To address the above issues, we propose a USV–UAV cooperative 
edge computing system for intelligent aquatic monitoring. In this sys-
tem, multiple USVs autonomously cruise on the lake surface and travel 
to dynamically generated suspicious task points for data collection and 
task execution. Meanwhile a UAV equipped with a MEC module pro-
vides real-time computational support to the USVs. The UAV’s position 
is dynamically adjusted based on the distribution and communication 
status of the USVs to maintain efficient coverage and computational 
performance. During this process, the dynamic allocation of USVs to 
different suspicious task points is crucial, as it can significantly impact 
system evaluation metrics such as task load balance, fairness, and 
energy consumption. Inappropriate allocation may even lead to an 
increase in the task process latency, which violates the real-time latency 
requirement.

Accordingly, this paper designs a collaborative optimization mech-
anism, considering task load balancing among USVs and additional 
energy consumption, to prevent individual USVs from being overloaded 
and reduce overall system energy costs. To this end, a joint optimization 
of suspicious task point allocation, UAV flight trajectory, and USV 
task offloading in a USV-UAV cooperative aquatic monitoring scenario 
is proposed, aiming to simultaneously minimize load-balancing-aware 
energy consumption, maximize UAV coverage, and minimize task re-
sponse latency. The main contributions of this paper are summarized 
as follows:

• A USV-UAV cooperative monitoring framework is introduced, 
incorporating a dynamic task generation mechanism that aban-
dons the traditional static task assumption. Unlike prior studies 
assuming static task sets, this mechanism adapts to real-time 
monitoring needs, enabling efficient task allocation with load 
balancing among USVs and making the system more consistent 
with real-world aquatic monitoring scenarios.

• A joint optimization problem is formulated, and a load-balancing-
aware scheduling strategy is proposed for the allocation of sus-
picious task points, which also considers additional energy con-
sumption in the optimization objective. By jointly optimizing UAV 
trajectory and USV offloading decisions, the approach prevents 
individual USVs from being overloaded while maintaining high 
communication coverage, providing a more balanced and practi-
cal solution compared to standard energy-minimization or greedy 
scheduling strategies.

• An efficient hybrid algorithm is designed to address the formu-
lated optimization problem. Specifically, a greedy algorithm is 
used for dynamic task allocation among USVs considering both 
energy consumption and load balancing, a DRL-based algorithm 
is applied for UAV trajectory planning and offloading decisions, 
and convex optimization is employed for edge resource allocation. 
This combination of greedy, DRL, and convex optimization jointly 
addresses energy efficiency, coverage, and load balancing in a 
way that prior hybrid approaches combining only two techniques 
cannot.

• Extensive simulations are conducted under various scenarios, 
demonstrating that the proposed strategy consistently outper-
forms baseline methods across multiple performance metrics, 
validating both the novelty and practical effectiveness of the ap-
proach in dynamic multi-USV-UAV aquatic monitoring scenarios.
2 
The remainder of this paper is organized as follows: Section 2 re-
views recent advances in USV-based aquatic sensing and UAV-assisted 
MEC offloading optimization. Section 3 introduces the system model. 
Section 4 formulates the optimization problem. Section 5 details the 
proposed algorithmic framework. Section 6 presents and analyzes the 
simulation results, and Section 7 concludes the paper.

2. Related work

2.1. USV-based aquatic sensing

With the growing demand for intelligent aquatic monitoring and 
ecological protection, USVs have become key platforms for environ-
mental sensing and data collection in aquatic environments [9,10]. 
Compared with fixed monitoring stations, USVs offer high mobility, 
wide coverage, and redeployability, enabling flexible operations in 
complex aquatic conditions. As multi-USV cooperative monitoring tasks 
grow more complex, trajectory planning and energy consumption con-
trol have emerged as key factors affecting system performance.

Toyomoto et al. [11] proposed a multi-USV cooperative monitoring 
method combining linear and circular trajectory planning, and tried 
to achieve a balance between coverage and path continuity. Oshima 
et al. [12] developed an online path generation algorithm based on 
constrained control, enabling real-time trajectory updates and dynamic 
cooperative coverage among multiple USVs. Zhao et al. [13] introduced 
a two-layer navigation strategy integrating global path planning and 
local waypoint control, ensuring precise tracking and strong energy 
efficiency even in complex environments.

In terms of energy management, Huang et al. [14] proposed a self-
powered mechanism based on nonlinear ocean energy harvesting. By 
constructing a wave–energy conversion dynamic model, this method 
efficiently recycles environmental energy, enhancing USV endurance 
and operational stability. Additionally, Su et al. [15] proposed an 
intelligent trajectory planning method based on DRL, formulating the 
task as a Constrained Markov Decision Process and integrating target-
oriented steering optimization with the Twin Delayed Deep Q-Network 
algorithm to jointly optimize trajectory and speed, effectively reducing 
energy consumption and improving communication reliability.

2.2. RL-based UAV trajectory and MEC offloading optimization

As a key technology for alleviating the computational burden on 
end devices, MEC has been widely applied in various unmanned sys-
tems [16,17]. In recent years, researchers have increasingly introduced 
UAVs into the MEC framework, enabling them to serve as aerial edge 
nodes that participate in computation and communication processes, 
thereby achieving lower latency and more efficient task processing [18,
19].

To address latency issues arising from cloud-based task offloading, 
Wang et al. [20] introduced a UAV-assisted MEC framework that 
jointly optimizes task offloading, UAV trajectory, and occlusion-aware 
communication. The authors modeled the problem as an MDP and 
developed an improved adaptive delayed DDPG (AD3PG) algorithm, 
which dynamically adjusts connectivity, noise power, and offloading 
ratios. Simulation results show that AD3PG outperforms conventional 
DDPG and TD3 in dynamic scenarios, reducing overall system latency 
by up to 35.3%.

Tong et al. [21] investigated a multi-base-station collaborative mo-
bile edge computing (MEC) system, focusing on the joint optimiza-
tion of task offloading and resource pricing. In their model, a macro 
base station cooperates with multiple energy-harvesting-enabled micro 
base stations to provide computation services for dense end-users. 
The interactions between base stations and users are formulated as 
a Stackelberg game, where base stations act as leaders to set pricing 
strategies, and users, as followers, determine offloading decisions to 
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Fig. 1. Intelligent water monitoring system.

minimize their costs. To address the resulting coupled and incomplete-
information problem, the authors proposed a TO-SG-MADDPG algo-
rithm that integrates Stackelberg game theory with a multi-agent deep 
deterministic policy gradient framework. Through centralized training 
and distributed execution, the method jointly optimizes pricing and 
offloading policies. Simulation results show that the proposed approach 
effectively reduces average task latency and task loss while achieving a 
balanced trade-off between the utilities of service providers and users.

Zhao et al. [22] proposed a collaborative MEC framework where 
multiple UAVs cooperatively process offloaded tasks from mobile users, 
incorporate charging stations to ensure UAV endurance, and jointly 
optimize computation offloading, resource allocation, and charging 
scheduling using a TD3-based reinforcement learning algorithm, which 
demonstrates superior performance in terms of system utility and re-
source utilization compared with conventional approaches.

Wang et al. [23] proposed an intelligent algorithm integrating 
MADDPG, LQR, and CVXPY, achieving real-time joint optimization of 
UAV trajectory control and resource allocation to minimize energy con-
sumption and task latency. Simulations demonstrate its effectiveness in 
complex multi-UAV cooperative edge computing scenarios.

Although research on USV-based aquatic sensing and UAV-assisted 
edge computing has made progress, several gaps remain. First, most 
existing studies rely on static or quasi-static task sets and lack mech-
anisms for dynamically generated suspicious tasks. Second, current 
task allocation and offloading strategies primarily optimize energy 
consumption or delay, with limited consideration of load balancing 
among USVs. Third, existing hybrid optimization frameworks typically 
combine only two types of techniques (e.g., greedy methods with 
convex optimization or deep reinforcement learning with convex opti-
mization), making it difficult to jointly address dynamic task allocation, 
UAV trajectory control, and edge resource management. In contrast, the 
proposed approach integrates greedy scheduling, deep reinforcement 
learning, and convex optimization into a unified framework that simul-
taneously considers energy efficiency, coverage, and load balancing. 
Moreover, Yuan et al. [24] proposed AIRA, which integrates multi-
agent reinforcement learning with smart contracts to jointly optimize 
resource allocation, task compression, and offloading with adaptive in-
centives. Meanwhile, Yuan et al. [25] developed JORA, which leverages 
blockchain-based incentive mechanisms and formulates joint offloading 
and resource allocation as an optimization problem solved via decom-
position techniques. Although these studies address joint optimization 
in edge systems, our work focuses on USV–UAV cooperative aquatic 
monitoring, which involves dynamic task generation, UAV trajectory 
planning, and real-time resource allocation in maritime environments, 
highlighting the novelty of our approach.
3 
To address the limitations of existing approaches, we propose a joint 
optimization framework that integrates greedy suspicious-monitoring-
point allocation, DRL-based UAV trajectory and task offloading opti-
mization, and convex optimization for UAV computational resource 
allocation. Unlike previous studies assuming static task assignments, 
the greedy suspicious-monitoring-point allocation in our framework 
incorporates dynamic task generation and load-balancing awareness, 
enabling the system to adapt to real-time monitoring requirements 
while distributing tasks more evenly among USVs. The combination of 
greedy, DRL, and convex optimization simultaneously addresses energy 
efficiency, coverage, and load balancing, which cannot be achieved by 
prior hybrid approaches combining only two techniques, demonstrating 
the framework’s uniqueness and practical applicability in intelligent 
aquatic monitoring scenarios.

3. System model

As shown in Fig.  1, we consider an intelligent lake monitoring 
system consisting of 𝑀 USVs, a reconnaissance UAV, and a UAV 
equipped with a MEC module. The set of USVs is denoted as  =
{1,… ,𝑀}. A Time Division Multiple Access (TDMA) mechanism is 
adopted in this paper. The continuous time is divided into equal-length 
time slots, denoted as  = 1,… , 𝑇 . Communication scheduling is 
performed at the granularity of time slots. Within each slot, multiple 
USVs may concurrently access the UAV, and the UAV multiplexes the 
total bandwidth among them. The positions of the UAV and USVs are 
assumed to be unchanged within each time slot, and they are updated 
at the end of each time slot according to the flight and navigation 
decisions. Before the system begins to operate, the reconnaissance 
UAV is first deployed to scan the entire lake surface to identify and 
dynamically generate a set of suspicious task points. Meanwhile, the 
UAV equipped with the MEC module provides real-time computational 
and communication support to the USVs, with its position dynamically 
adjusted based on the distribution and communication status of the 
USVs to maintain efficient coverage and computational performance. 
For example, a continuous anomalous bubble plume on the lake surface 
often indicates potential underwater disturbances, such as gas seepage, 
pipeline leakage, or abnormal biological activity. Therefore when the 
reconnaissance UAV detects a continuous anomalous bubble plume at 
a specific position on the lake surface, it designates that position as a 
suspicious task point. Therefore, a suspicious task point is essentially 
a location where potential anomalous events could occur. These sus-
picious task points are then assigned to different USVs, and the USVs 
will visit them sequentially according to the designated strategy for 
further verification. When a USV arrives at a suspicious task point, it 
performs close-range high-precision detection at that location to deter-
mine whether a genuine anomaly exists. For instance, the USV may 
measure turbidity, conductivity, or harmful substance concentration 
at the suspicious point to assess whether a pollution event is indeed 
present. If the detection confirms that an actual anomaly exists, a 
task is immediately generated at that position, triggering subsequent 
processing procedures.

After the initial suspicious task points and their assignments have 
been determined, each USV employs the classical Ant Colony Opti-
mization (ACO) algorithm to plan the visiting sequence of its assigned 
suspicious points. Each USV strictly follows this planned sequence 
to sequentially navigate to the suspicious task points and, upon ar-
rival, trigger and complete the corresponding monitoring tasks. Within 
each time slot, task sensing and generation, UAV trajectory planning, 
task offloading decision-making, and computation execution are syn-
chronously performed. We assume that the data size of each task is 
sufficiently small, such that the generated tasks can complete both 
computation and communication operations within the same time slot, 
thereby ensuring the temporal independence and modeling feasibility 
of the system. Therefore, each USV is assumed to handle only a sin-
gle task within each time slot. If tasks extend across multiple time 
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slots, they may introduce task backlog, queue accumulation, and inter-
slot coupling of communication and computation resources, requiring 
offloading decisions to consider long-term delay and system stability. 
Furthermore, during task execution, each USV continues moving along 
its planned trajectory, and task computation and communication are 
performed concurrently with navigation. Under this assumption, the 
impact of mobility on communication and computation can be ne-
glected within a single time slot. This constitutes a different class of 
optimization problem.

During the cruising process of the USVs, new tasks may be dynami-
cally generated. On the one hand, the reconnaissance UAV may detect 
new suspicious task points, while continuously patrolling and scanning 
the lake area. Then, the system assesses the additional travel cost for 
each USV to reach suspicious task points, and assigns the most suitable 
USV to visit then by considering the current load of each USV. On 
the other hand, USVs can detect anomalies via their onboard sensing 
modules and autonomously generate new tasks during navigation.

In our energy modeling, we explicitly consider the energy consump-
tion of both USVs and UAVs and divide it into different components. 
Specifically, the total energy consumption of each USV includes propul-
sion energy, communication energy, and computation energy, while for 
the UAV, its energy model primarily includes the energy consumed 
for task computation. This distinction allows each type of energy 
consumption to be clearly represented in its respective optimization 
objectives, ensuring a comprehensive evaluation of the overall system 
energy consumption.

It should be noted that, for modeling tractability and to focus on 
the core joint optimization problem, the USV energy model assumes 
constant-speed hydrodynamic drag, and the channel model adopts 
a deterministic Line-of-Sight (LoS) path loss. Complex effects such 
as acceleration/deceleration dynamics, multipath fading, and water 
surface reflections are not explicitly modeled. These simplifications 
help maintain analytical feasibility while not affecting the validity 
of the proposed optimization framework in theoretical analysis and 
simulation results.

Denote the sequence of suspicious task points allocated to USV 𝑚
at time slot 𝑡 by 𝑚(𝑡). The position of USV 𝑚 at time slot 𝑡 is given 
by 𝑙𝑢𝑠𝑣𝑚 (𝑡) =

(

𝑥𝑚(𝑡), 𝑦𝑚(𝑡), 0
)

. We assume that one USV can generate at 
most one task at its current position with probability 𝜌𝑚(𝑡). Therefore, 
the task generated by USV 𝑚 during time slot 𝑡 can be expressed as: 
𝑊𝑚(𝑡) =

{

(𝐷𝑚(𝑡), 𝐶𝑚(𝑡))|𝑋𝑚(𝑡) = 1
}

, (1)

where 𝑋𝑚(𝑡) ∼ Bernoulli
(

𝜌𝑚(𝑡)
)

, and 

𝜌𝑚(𝑡) =

{

𝜌1, if 𝑙𝑢𝑠𝑣𝑚 (𝑡) is a normal position.
𝜌2, if 𝑙𝑢𝑠𝑣𝑚 (𝑡) is a suspicious task point. (2)

where 𝑋𝑚(𝑡) = 1 indicates that a task is generated by USV 𝑚 at time 
slot 𝑡, and 𝑋𝑚(𝑡) = 0 indicates no task generation.

When the task 𝑊𝑚(𝑡) needs to be processed, we adopt a partial task 
offloading mechanism in this paper. Specifically, the USV 𝑚 can choose 
to execute 𝑊𝑚(𝑡) locally or offload part of task to the UAV for execu-
tion, when USV 𝑚 is within the serving area of the UAV. The partial 
offloading mechanism enables the acceleration of task processing and 
energy optimization at the local side.

3.1. USV motion model

We assume that each USV 𝑚 moves at a constant speed 𝑉𝑚 between 
different suspicious task points. According to its task points sequence 
𝑆𝑚(𝑡), the next target suspicious task point to which it will move in the 
current time slot is given by: 
𝑙next𝑚 (𝑡) =

(

𝑥next𝑚 (𝑡), 𝑦next𝑚 (𝑡), 0
)

∈ 𝑆𝑚(𝑡), (3)

where 𝑙next𝑚 (𝑡) represents the spatial coordinate of the next suspicious 
task point to be visited by USV 𝑚. The position of the next suspicious 
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task point is updated as the USV reaches a new suspicious task point. 
Therefore, at time slot 𝑡+1 the position model of the USV 𝑚 is updated 
as follows: 
{

𝑥𝑚(𝑡 + 1) = 𝑥𝑚(𝑡) + 𝜏𝑣𝑚 cos 𝜃𝑚(𝑡),
𝑦𝑚(𝑡 + 1) = 𝑦𝑚(𝑡) + 𝜏𝑣𝑚 sin 𝜃𝑚(𝑡).

(4)

where 𝜃𝑚(𝑡) = atan2
(

𝑦next𝑚 (𝑡) − 𝑦𝑚(𝑡), 𝑥next𝑚 (𝑡) − 𝑥𝑚(𝑡)
)

 represents the 
heading direction of the USV m, and 𝜏 is the duration of a time slot.

Generally, the hydrodynamic drag encountered by a USV during 
navigation is much greater than the aerodynamic drag. Therefore, in 
this paper we only consider the hydrodynamic drag. According to the 
energy consumption model, for USV 𝑚, the hydrodynamic drag can be 
expressed as: 

𝑅[𝑉𝑚] =
1
2
𝜚𝑤𝐶𝑓𝛺𝑚𝑣

2
𝑚, (5)

where 𝜚𝑤 is the water density, 𝐶𝑓  is the friction coefficient, and 𝛺𝑚 is 
the wetted surface area of USV 𝑚. Consequently, the propulsion energy 
consumption of USV 𝑚 per unit distance can be expressed as: 

𝐸unit𝑚 =
𝑅[𝑣𝑚]
𝜂prop

, (6)

where 𝜂prop denotes the propulsion efficiency of the USV.

3.2. UAV mobility model

Assume that at the current time slot 𝑡, the position of UAV is 𝑙uav𝑢 (𝑡) =
(

𝑥𝑢(𝑡), 𝑦𝑢(𝑡), 𝑧𝑢(𝑡)
)

, with horizontal yaw angle 𝜃ℎ𝑢 (𝑡) ∈ [0, 2𝜋), pitch angle 
𝜃𝑝𝑢 (𝑡) ∈ [−𝜋∕2, 𝜋∕2], and flight speed 𝑣𝑢(𝑡) ∈ [0, 𝑣max]. Then, the position 
of UAV at time slot 𝑡 + 1 can be expressed as: 
⎧

⎪

⎨

⎪

⎩

𝑥𝑢(𝑡 + 1) = 𝑥𝑢(𝑡) + 𝜏𝑣𝑢(𝑡) cos 𝜃
𝑝
𝑢 (𝑡) cos 𝜃ℎ𝑢 (𝑡),

𝑦𝑢(𝑡 + 1) = 𝑦𝑢(𝑡) + 𝜏𝑣𝑢(𝑡) cos 𝜃
𝑝
𝑢 (𝑡) sin 𝜃ℎ𝑢 (𝑡),

𝑧𝑢(𝑡 + 1) = 𝑧𝑢(𝑡) + 𝜏𝑣𝑢(𝑡) sin 𝜃
𝑝
𝑢 (𝑡).

(7)

Assume that the maximum communication pitch angle of UAV is 
𝜃𝑐𝑢(𝑡) ∈

(

0, 𝜋2
)

. Then, at time slot 𝑡, the maximum communication 
distance is given by: 𝐷max(𝑡) = 𝑧𝑢(𝑡)

cos 𝜃𝑐𝑢 (𝑡)
. For USVs located within the 

UAV’s communication range, the UAV can connect with them and 
process the portion of tasks offloaded by these USVs. Let 𝛿𝑢,𝑚(𝑡) ∈ {0, 1}
indicate whether UAV can provide service to USV 𝑚 during the current 
time slot 𝑡. Specifically, 𝛿𝑢,𝑚(𝑡) = 1 means that USV 𝑚 is within the 
communication range of the UAV at time slot 𝑡, whereas 𝛿𝑢,𝑚(𝑡) = 0
indicates that it is out of the UAV’s communication range at time slot 
𝑡.

3.3. USV local computation model

For task processing, we adopt a partial task offloading strategy: 

𝜑(𝑡) = {𝜑𝑚,𝑢(𝑡) ∣ 1 ≤ 𝑚 ≤𝑀}, (8)

where 𝜑𝑚,𝑢(𝑡) ∈ [0, 1] denote the proportion of the task offloaded from 
USV 𝑚 to UAV at time slot 𝑡. Specifically, 𝜑𝑚,𝑢(𝑡) = 0 indicates that the 
task is entirely processed locally on the USV, while 𝜑𝑚,𝑢(𝑡) = 1 means 
the task is fully offloaded to the UAV for computation. Therefore, at 
time slot 𝑡, the delay incurred by USV 𝑚 to process its task can be 
expressed as: 

𝑇 local𝑚 (𝑡) =
(1 − 𝜑𝑚,𝑢(𝑡))𝐷𝑚(𝑡)𝐶𝑚(𝑡)

𝑓usv𝑚
, (9)

where 𝑓usv𝑚  denotes the computational capability of USV 𝑚. Thus, the 
local computation energy of USV 𝑚 can be expressed as: 
𝐸local𝑚 (𝑡) = 𝑘usv

(

𝑓usv𝑚
)3𝑇 local𝑚 (𝑡), (10)

where 𝑘  denotes the computation energy coefficient of USV.
usv
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3.4. Edge offloading model

Since there are very few obstacles over urban lakes, the link between 
the UAV and the USV can be considered a standard LoS link. Denote 
the distance between USV 𝑚 and the UAV at time slot 𝑡 by 

𝐷𝑚,𝑢(𝑡) =
√

(𝑥𝑢(𝑡) − 𝑥𝑚(𝑡))2 + (𝑦𝑢(𝑡) − 𝑦𝑚(𝑡))2 + 𝑧𝑢(𝑡)2, (11)

and if 𝐷𝑚,𝑢(𝑡) ≤ 𝐷max(𝑡), then 𝛿𝑢,𝑚(𝑡) = 1.
The channel gain between USV 𝑚 and the UAV can be expressed as: 

𝑔𝑚,𝑢(𝑡) = 𝑔0𝐷𝑚,𝑢(𝑡)𝜛 , (12)

where 𝑔0 denotes the channel power gain at a reference distance of 
one meter. 𝜛 denotes the path-loss exponent, which can be adjusted to 
model different channel attenuation characteristics.

Assuming that the bandwidth of the UAV is 𝐵0, during time slot 𝑡, 
the UAV’s bandwidth is equally shared among the USVs connected to 
it at that time. Therefore, the bandwidth allocated to USV 𝑚 is: 

𝐵𝑚(𝑡) =
𝐵0

∑𝑀
𝑚=1 𝛿𝑢,𝑚(𝑡)

. (13)

Therefore, the data transmission rate between USV 𝑚 and the UAV 
is given by: 

𝑅𝑚,𝑢(𝑡) = 𝐵𝑚(𝑡) log

(

1 +
𝑝𝑚𝑔𝑚,𝑢(𝑡)

𝜎2

)

, (14)

where 𝑝𝑚 denotes the transmit power of USV 𝑚, and 𝜎2 denotes the 
power of additive white Gaussian noise.

Assume that at time slot 𝑡, the amount of task from USV 𝑚 to be 
offloaded is denoted as 𝜑𝑚,𝑢(𝑡)𝐷𝑚(𝑡). Therefore, the transmission delay 
required for uploading its task is: 

𝑇 tran𝑚,𝑢 (𝑡) =
𝜑𝑚,𝑢(𝑡)𝐷𝑚(𝑡)
𝑅𝑚,𝑢(𝑡)

, (15)

and the corresponding energy consumption for uploading the task is: 

𝐸tran𝑚,𝑢 (𝑡) = 𝑝𝑚 𝑇
tran
𝑚,𝑢 (𝑡). (16)

The UAV can process tasks offloaded from multiple USVs at the 
same time. The computation resource allocation of the UAV at time 
slot 𝑡 can be expressed as: 

𝑓 (𝑡) = {𝑓𝑢,𝑚(𝑡) ∣ 1 ≤ 𝑚 ≤𝑀}, (17)

where 𝑓𝑢,𝑚(𝑡) denotes the computation resource allocated by UAV to the 
task uploaded by USV 𝑚 at time slot 𝑡. Accordingly, the computation 
delay for UAV processing USV 𝑚’s task is: 

𝑇 uav𝑚 (𝑡) =
𝜑𝑚,𝑢(𝑡)𝐷𝑚(𝑡)𝐶𝑚(𝑡)

𝑓𝑢,𝑚(𝑡)
, (18)

where 𝐶𝑚(𝑡) denotes the required CPU cycles per bit for USV 𝑚’s task.
The energy consumption of the UAV processing USV 𝑚’s task is: 

𝐸uav𝑚 (𝑡) = 𝑘uav
(

𝑓𝑢,𝑚(𝑡)
)3 𝑇 uav𝑚 (𝑡), (19)

where 𝑘uav denotes the computation energy coefficient of the UAV. 
Since the data size of execution result returned to USV 𝑚 is negligible, 
it is ignored in this work. Therefore, the processing delay for the task 
offloaded by USV 𝑚 to the UAV during time slot 𝑡 is: 

𝑇mec𝑚 (𝑡) = 𝑇 tran𝑚,𝑢 (𝑡) + 𝑇 uav𝑚 (𝑡), (20)

and the corresponding energy consumption is 

𝐸mec𝑚 (𝑡) = 𝐸tran𝑚,𝑢 (𝑡) + 𝐸uav𝑚 (𝑡). (21)
5 
3.5. Load-balancing USV assignment for new task points

As mentioned earlier, the reconnaissance UAV may detect new 
suspicious task points at different time slots. In this case, the system 
needs to determine which USVs are assigned to detect the new task 
points. If the task assignment only focuses on minimizing the addi-
tional energy needed to reach the task point, certain USVs may be 
scheduled more frequently, leading to unbalanced workload and energy 
consumption among USVs. This imbalance can greatly degrade the 
overall efficiency of the system in terms of operability and robustness. 
To address this issue, we put forward a load-balancing USV assignment 
strategy for newly detected suspicious task points, aiming to strike a 
balance between the additional energy consumption and workloads 
among different USVs.

Note that the energy consumed during the navigation of a USV is 
much higher than that required for task computation. Therefore, we 
only take the navigation energy into account when a USV moves for 
the new suspicious task point. Assume that the UAV detects a new 
suspicious task point 𝑙new(𝑡) at time slot 𝑡 that is assigned to the USV 𝑚, 
the additional energy consumption for 𝑚 can be given as: 
𝛥𝐸𝑚(𝑡) = 𝐸unit𝑚 𝛥L𝑚(𝑡), (22)

where 𝛥L𝑚(𝑡) denotes the extra path cost for USV 𝑚 to reach the new 
suspicious task point. The additional energy consumption 𝛥𝐸𝑚(𝑡) should 
satisfy the following constraint: 
𝐸remain𝑚 (𝑡) − 𝛥𝐸𝑚(𝑡) ≥ 𝐸𝜀, (23)

where 𝐸remain𝑚 (𝑡) represents the remaining energy of USV 𝑚 at the 
current time slot. The value of 𝐸remain𝑚 (𝑡) can be initialized according 
to each USV’s initial path planning and updated dynamically during 
operation. 𝐸𝜀 is the energy consumption threshold of the USV. A 
penalty term 𝜓𝑚(𝑡) is defined to characterize the load balance of USV 
𝑚 [26]: 

𝜓𝑚(𝑡) =

(

∑𝑀
𝑚=1𝑁𝑚(𝑡)

)2

𝑀
∑𝑀
𝑚=1

(

𝑁𝑚(𝑡)
)2
, (24)

where 𝑁𝑚(𝑡) represents the number of suspicious task points assigned 
to USV 𝑚 at time slot 𝑡 after tentatively allocating the current suspicious 
monitoring point to it. The load-balancing coefficient 𝜓(𝑡) ∈ [ 1

𝑀 , 1]
measures the overall load balance among all USVs at time 𝑡. To evaluate 
candidate assignments of suspicious monitoring points, we define 𝜓𝑚(𝑡)
as the resulting global fairness index if  the task were assigned to USV 𝑚. 
Therefore, while 𝜓(𝑡) reflects the actual system state, a higher 𝜓𝑚(𝑡)
indicates a potentially better assignment strategy and the overall cost 
function can be expressed as: 

𝐹𝑚(𝑡) =
𝛥𝐸𝑚(𝑡)
𝜓𝑚(𝑡)

. (25)

4. Problem formulation

The optimization problem in this paper includes two distinct parts. 
The first part addresses the USV assignment for multiple suspicious 
task points dynamically detected during system operation. The goal 
of this USV assignment problem is to minimize the required energy 
consumption while maintaining load-balancing among all the USVs. 
𝐽1 ∶ 𝑚∗(𝑡) = arg min

𝑚∈
𝐹𝑚(𝑡), ∀𝑡 ∈  (26)

s.t. 𝐸remain𝑚 (𝑡) − 𝛥𝐸𝑚(𝑡) ≥ 𝐸𝜀, ∀𝑚 ∈  (26a)

where 𝐹𝑚(𝑡) is the cost function defined in (25).
The second part aims to jointly optimize the UAV flight trajectory 

and task offloading strategy so as to maximize the overall coverage 
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of USVs by UAV during the system operation period, while simultane-
ously minimizing the task response latency and computational energy 
consumption.

For each task generated by a USV 𝑚, the required computation delay 
can be expressed as: 
𝑇𝑚(𝑡) = max

(

𝑇 local𝑚 (𝑡), 𝑇mec𝑚 (𝑡)
)

, (27)

and the energy consumption is: 
𝐸𝑚(𝑡) = 𝐸local𝑚 (𝑡) + 𝐸mec𝑚 (𝑡). (28)

The overall optimization objective can be expressed as: 

𝐽2 ∶ max
𝜑(𝑡), 𝑓 (𝑡),

𝑣𝑢 (𝑡), 𝜃
𝑝
𝑢 (𝑡), 𝜃

ℎ
𝑢 (𝑡)

𝑇
∑

𝑡=1
𝜂(𝑡) = 𝜁1

( 𝑇
∑

𝑡=1

∑𝑀
𝑚=1 𝛿𝑢,𝑚(𝑡)
𝑀

)

− 𝜁2
𝑇
∑

𝑡=1

𝑀
∑

𝑚=1

(

𝛼
𝑇𝑚(𝑡)
𝑇max

+ (1 − 𝛼)
𝐸𝑚(𝑡)
𝐸max

)

(29)

s.t. 
𝑀
∑

𝑚=1
𝑓𝑢,𝑚(𝑡) ≤ 𝑓UAV, (29a)

𝜑𝑚,𝑢(𝑡) ∈ [0, 1], (29b)

0 ≤ 𝑣𝑢(𝑡) ≤ 𝑣max, (29c)

𝜃ℎ𝑢 (𝑡) ∈ [0, 2𝜋), (29d)

𝜃𝑝𝑢 (𝑡) ∈
[

− 𝜋
2 ,

𝜋
2

]

, (29e)

0 ≤ 𝑥𝑢(𝑡) ≤ 𝑥max, (29f)

0 ≤ 𝑦𝑢(𝑡) ≤ 𝑦max, (29g)

0 ≤ 𝑧𝑢(𝑡) ≤ 𝑧max, (29h)

where 𝜑(𝑡) denotes the offloading decision of the USV, 𝑓 (𝑡) represents 
the computation resource allocation of the UAV, 𝑣𝑢(𝑡) denotes the 
UAV speed, and 𝜃ℎ𝑢 (𝑡) and 𝜃𝑝𝑢 (𝑡) represent the horizontal yaw angle 
and vertical pitch angle. 𝛿𝑢,𝑚(𝑡) indicates whether USV 𝑚 is within 
the UAV’s coverage at time 𝑡 (𝛿𝑢,𝑚(𝑡) = 1 if covered, 0 otherwise). 
The coverage term 

∑𝑀
𝑚=1 𝛿𝑢,𝑚(𝑡)
𝑀  thus represents the proportion of USVs 

currently covered by the UAV, ranging from 0 (no USVs covered) to 
1 (all USVs covered). 𝜁1 and 𝜁2 are weighting factors that balance the 
trade-off between the coverage benefit and the delay–energy cost, 𝛼
denotes the weight coefficient between delay and energy consumption, 
𝑇max and 𝐸max are the reference maximum delay and maximum energy 
for task execution in the system, i.e., the maximum time and energy 
a single task could consume under worst-case conditions. To unify the 
scales of delay and energy for weighting, the delay metric is normalized 
by dividing by 𝑇max, and the energy metric is normalized by dividing 
by 𝐸max before applying the weight 𝛼. 𝑉max, 𝑥max, 𝑦max, 𝑧max are the 
corresponding maximum limits, and 𝑓UAV is the total computation 
resource of the UAV.

5. Algorithm implementation

For the optimization problem 𝐽1, an algorithm named GDSTA and 
presented in Algorithm 1, is designed to assign dynamically generated 
suspicious task points to the most suitable USV, aiming to minimize the 
total system energy consumption while maintaining the load-balancing 
of task allocation among all USVs. For optimization problems 𝐽2, which 
jointly involve UAV trajectory planning, task offloading, and computa-
tional resource allocation, the problem exhibits strong coupling among 
multiple decision variables and is therefore highly complex. To address 
this challenge, a Joint Aerial Trajectory and Offloading algorithm based 
on Deep Reinforcement Learning (JATO-DRL) is proposed to jointly 
optimize the UAV flight trajectory and task offloading decisions. Owing 
to the convexity of the resource allocation subproblem, a convex opti-
mization method is employed to obtain the optimal UAV computational 
resource allocation after the offloading decision is determined at each 
iteration.
6 
5.1. GDSTA algorithm description

When a new suspicious task point 𝑙new(𝑡) is detected by the re-
connaissance UAV at time slot 𝑡, the GDSTA algorithm dynamically 
evaluates the impact of inserting this task into each USV’s current 
route. For USV 𝑚, the additional travel distance 𝛥D𝑚(𝑡) is determined by 
traversing all possible insertion positions within the unvisited portion 
of its route and selecting the one that yields the minimal incremental 
path length: 

𝛥L𝑚(𝑡) = min
𝑖

(

𝐷(𝑃𝑖, 𝑙new(𝑡)) +𝐷(𝑙new(𝑡), 𝑃𝑖+1) −𝐷(𝑃𝑖, 𝑃𝑖+1)
)

, (30)

where 𝑃𝑖 and 𝑃𝑖+1 denote two consecutive task points in USV 𝑚’s route, 
and 𝐷(⋅, ⋅) represents the Euclidean distance.

From a computational perspective, evaluating a single insertion for 
USV 𝑚 requires 𝑂(1) distance computations, and there are at most 
|𝑚(𝑡)| candidate insertion positions within the remaining route. There-
fore, the worst-case time complexity for computing 𝛥D𝑚(𝑡) is 𝑂(|𝑚(𝑡)|). 
Since this operation is performed for all 𝑀 USVs, handling a newly 
detected task point incurs a total worst-case complexity of: 

𝑂
(

𝑀
∑

𝑚=1
|𝑚(𝑡)|

)

, (31)

which simplifies to 𝑂(𝑀𝑁) when each USV maintains 𝑂(𝑁) unvisited 
task points.

Compared with large-scale combinatorial optimization methods that 
require global re-planning of all tasks, the proposed insertion mech-
anism exhibits linear complexity with respect to both the number 
of USVs and task points, leading to lightweight computational over-
head and fast online updates under dynamically arriving tasks. There-
fore, GDSTA offers clear advantages in lake surface inspection sce-
narios where both real-time capability and large-scale deployment are 
required.

Algorithm 1 summarizes the procedure of dynamic task insertion 
and allocation (i.e., GDSTA algorithm).
Algorithm 1: Greedy Dynamic Task Allocation (GDSTA) Algo-
rithm

Input: (𝑡): task sequences of all USVs;
𝑙new(𝑡): position of new suspicious task point;
𝐸remain(𝑡): remaining energy of USVs;
𝜓(𝑡): load factor of USVs
Output:  Updated (𝑡), selected USV 𝑚∗(𝑡), insert position 𝑖∗(𝑡), 

minimum cost 𝐹min(𝑡)
1 𝐹𝑚𝑖𝑛(𝑡) ← ∞;
2 𝑚∗(𝑡) ← −1;
3 𝑖∗(𝑡) ← −1;
4 for each USV 𝑚 do
5 Obtain current position 𝑙usv𝑚 (𝑡);
6 for each insertion point 𝑖 in unvisited tasks do
7 Compute incremental distance 𝛥𝐿𝑚(𝑡) using Eq. (30);
8 Compute extra cost 𝐹𝑚(𝑡) using Eq. (25);
9 if 𝐹𝑚(𝑡) < 𝐹𝑚𝑖𝑛 and (26a) then
10 Update 𝐹min(𝑡) ← 𝐹𝑚(𝑡), 𝑚∗ ← 𝑚, 𝑖∗ ← 𝑖;

11 Insert 𝑆new(𝑡) into 𝑚(𝑡) at position 𝑖∗(𝑡);
12 return (𝑡), 𝑚∗(𝑡), 𝑖∗(𝑡);

5.2. JATO-DRL algorithm

For UAV trajectory optimization and task offloading decision mak-
ing, traditional optimization algorithms often struggle to simultane-
ously minimize task execution delay and energy consumption while 
maximizing UAV coverage in dynamic environments. In particular, 
under complex conditions such as time-varying channels, fluctuating 
task loads, and limited computational resources, these methods usually 
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fail to achieve global optimality. To address this issue, we propose the 
JATO-DRL algorithm, which enables intelligent decision-making and 
cooperative optimization for UAVs. The overall optimization objective 
is formulated as a Markov Decision Process (MDP), whose key compo-
nents include the state space 𝑆𝑡, action space 𝐴𝑡, and reward function 
𝑅𝑡.

State Space 𝑆𝑡: The environment state contains all the information 
required for DRL, which is jointly composed of the states of the UAV 
and USVs, and dynamically changes with each time slot 𝑡. The state 
space can be expressed as: 𝑆𝑡 = {𝑠𝑢𝑠𝑣𝑚 (𝑡), 𝑠𝑢𝑎𝑣𝑢 (𝑡) ∣ 𝑚 ∈ {1,… ,𝑀}}.

The state of USV 𝑚 is defined as 𝑠𝑢𝑠𝑣𝑚 (𝑡) = {𝑙𝑢𝑠𝑣𝑚 (𝑡), 𝑓 𝑢𝑠𝑣𝑚 , 𝑉𝑚, 𝐷𝑚(𝑡),
𝐶𝑚(𝑡), 𝛿𝑢,𝑚(𝑡), 𝑗𝑢𝑠𝑣𝑚 (𝑡)}, where each element represents the current posi-
tion of the USV, its available computational resources, velocity, task 
data size, computational cycles required for the task, whether it is 
within the UAV’s coverage area, and the target suspicious monitoring 
point location, respectively.

The UAV state is defined as: 𝑠𝑢𝑎𝑣𝑢 (𝑡) = {𝑙𝑢𝑎𝑣𝑢 (𝑡), 𝑓𝑢𝑎𝑣} where each 
element denotes the current position of the UAV and its available 
computational resources, respectively.

Action Space 𝐴𝑡: In this study, the action space of the UAV agent 
includes its flight trajectory control variables 𝑣𝑢(𝑡), 𝜃𝑝𝑢 (𝑡), 𝜃ℎ𝑢 (𝑡), and the 
task offloading decision 𝜑(𝑡) for each USV. Therefore, the action space 
is defined as: 𝐴𝑡 = {𝑣𝑢(𝑡), 𝜃

𝑝
𝑢 (𝑡), 𝜃ℎ𝑢 (𝑡), 𝜑(𝑡)}.

Reward Function 𝑅𝑡: When the agent takes an action in a given 
state, it receives an immediate reward. To minimize the weighted sum 
of task execution delay and energy consumption while maximizing the 
UAV coverage rate, the reward function is defined as: 𝑅𝑡 = 𝛽1𝜂(𝑡) −
𝛽2𝜂penalty(𝑡), where 𝛽1 and 𝛽2 represent the weighting coefficients for 
the coverage benefit and the combined delay-energy-constraint penalty, 
respectively.

Constraint Handling: During the learning process, constraints
(29a)–(29h) are enforced through a hybrid mechanism. Constraint (29a)
defines a convex feasible region for UAV computation resource al-
location and is always satisfied when generating allocation actions. 
Constraints (29b)–(29e) are interval constraints related to UAV motion 
and orientation, and continuous actions are projected (clipped) into 
their respective feasible ranges at each step. Spatial boundary con-
straints (29f)–(29h) are treated as hard limits: the UAV state is clipped 
back into the valid region whenever a violation occurs, and such 
violations contribute to the penalty term 𝜂penalty(𝑡) in the reward. This 
mechanism ensures physical feasibility while preserving the stability of 
policy learning.

In this paper, we propose the JATO-DRL algorithm, which is built 
upon the Soft Actor-Critic (SAC) framework. The algorithm is capable 
of performing joint optimization of policy learning and value estimation 
in continuous action spaces. Its core modules include a policy network 
(Actor) and a double Q-value network (Critic). The policy network 
takes the current environment state 𝑆𝑡 as input, extracts high-level 
features through two fully connected layers, and outputs the mean and 
logarithm of standard deviation of a Gaussian policy: 

𝜋𝜃(𝐴𝑡 ∣ 𝑆𝑡) = 
(

𝜇𝜃(𝑆𝑡), 𝜎2𝜃 (𝑆𝑡)
)

. (32)

To ensure differentiability, the reparameterization trick is employed 
to sample actions: 

𝐴𝑡 = tanh
(

𝜇𝜃(𝑆𝑡) + 𝜎𝜃(𝑆𝑡)⊙ 𝜖
)

, 𝜖 ∼  (0, 𝐼). (33)

The value networks adopt a double Q structure to mitigate over-
estimation bias. Two Q-networks estimate the state–action value sep-
arately: 𝑄𝑖(𝑆𝑡, 𝐴𝑡), 𝑖 ∈ {1, 2}. To further improve training stability, 
each Q-network is implemented in two forms: (1) an online Q-network 
𝑄𝑖(𝑆𝑡; 𝜃𝑖), whose parameters are updated directly via gradient descent, 
and (2) a target Q-network 𝑄𝑖(𝑆𝑡; 𝜃′𝑖 ), which is a slowly updated copy 
of the online network. The target Q-networks are used exclusively 
for computing the temporal-difference (TD) targets, thereby reducing 
7 
oscillation during training. Using the target networks, the temporal-
difference target for the next state is defined as: 

𝑦𝑡 = 𝑅𝑡 + 𝛿
[

min
𝑖=1,2

𝑄′
𝑖(𝑆𝑡+1, 𝐴𝑡+1) − 𝜆 log𝜋𝜃(𝐴𝑡+1|𝑆𝑡+1)

]

, (34)

where 𝜆 is the temperature parameter that balances exploration and 
exploitation.

The critic loss function is defined as: 

𝐿critic = E(𝑆𝑡 ,𝐴𝑡)∼

[ 2
∑

𝑖=1

(

𝑄𝑖(𝑆𝑡, 𝐴𝑡) − 𝑦𝑡
)2
]

. (35)

The actor is optimized to maximize the expected Q-value while 
penalizing low-entropy actions: 

𝐿actor = E𝑆𝑡∼
[

𝜆 log𝜋𝜃(𝐴𝑡|𝑆𝑡) − min
𝑖=1,2

𝑄𝑖(𝑆𝑡, 𝐴𝑡)
]

. (36)

The temperature parameter 𝜆 is automatically adjusted to maintain 
a target entropy level 𝐻target: 

𝐿𝜆 = E𝐴𝑡∼𝜋𝜃
[

−𝜆(log𝜋𝜃(𝐴𝑡|𝑆𝑡) +𝐻target)
]

. (37)

The target Q-networks are updated using a soft update strategy: 

𝜃′𝑖 ⟵ 𝜉𝜃𝑖 + (1 − 𝜉)𝜃′𝑖 , 𝑖 = 1, 2, (38)

where 𝜉 ∈ (0, 1) is the update coefficient, 𝜃𝑖 denotes the parameters of 
the online Q-network, which is directly updated by gradient descent. In 
contrast, 𝜃′𝑖 represents the parameters of the target Q-network, which 
are updated slowly using the soft update rule in (38) to provide a stable 
target for temporal-difference learning.
Algorithm 2: Joint Aerial Trajectory and Offloading based on 
Deep Reinforcement Learning (JATO-DRL) Algorithm

Input: 𝑁episode: maximum training episodes;
𝑁step: maximum steps per episode;
𝛾: discount factor;
𝜏: soft update coefficient;
: replay buffer;
environment env.
Output:  Trained actor network 𝜋𝜃 and critic networks 

𝑄𝜙1 , 𝑄𝜙2 .
1 Initialize actor 𝜋𝜃 , critic 𝑄𝜙1 , 𝑄𝜙2 , target critic 𝑄̄𝜙′ ← 𝑄𝜙;
2 Initialize replay buffer ;
3 for episode = 1 to 𝑁episode do
4 Reset environment env and get initial state 𝑆0;
5 Initialize cumulative reward 𝑅ep ← 0;
6 for 𝑡 = 1 to 𝑁step do
7 Select action 𝐴𝑡 using Eq. (33);
8 Execute action 𝐴𝑡 in env, observe (𝑆𝑡+1, 𝑅𝑡, 𝑑𝑜𝑛𝑒𝑡);
9 Update the suspicious task queue (𝑡) for all USV using 

Algorithm 1;
10 Store (𝑆𝑡, 𝐴𝑡, 𝑆𝑡+1, 𝑅𝑡, 𝑑𝑜𝑛𝑒𝑡) into replay buffer ;
11 if || > 𝑁min then
12 Sample a mini-batch (𝑆,𝐴, 𝑆′, 𝑅, 𝑑𝑜𝑛𝑒) from ;
13 Compute target value using Eq. (34);
14 Update critics by minimizing Eq. (35);
15 Update actor by minimizing Eq. (36);
16 Adjust temperature parameter 𝛼 via Eq. (37);
17 Soft-update target critics using Eq. (38);
18 𝑅ep ← 𝑅ep + 𝑅𝑡;
19 if 𝑑𝑜𝑛𝑒𝑡 then
20 break;

21 Save model parameters if 𝑅ep > 𝑅best;
22 Record loss curves and 𝛼 evolution for visualization;
23 return 𝜋∗𝜃 , 𝑄∗

𝜙1
, 𝑄∗

𝜙2
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5.3. UAV computing resource allocation under fixed offloading decisions

After the task offloading decisions have been determined using the 
JATO-DRL algorithm and the tasks have been uploaded from the USVs 
to the UAV, the next step is to allocate the limited computational 
resources of UAV among its assigned tasks efficiently. Let 𝑈 (𝑡) denote 
the set of USVs that uploaded tasks to the UAV at time slot 𝑡, and define 

𝑓 (𝑡) = {𝑓𝑢,𝑚(𝑡) ∣ 𝑚 ∈ 𝑈 (𝑡)}, (39)

where 𝑓𝑢,𝑚(𝑡) > 0 represents the computation resource allocated by the 
UAV to the task offloaded by USV 𝑚 in slot 𝑡.

The slot-level optimization problem for the UAV is formulated as:

min
𝑓 (𝑡)

𝐺(𝑓 (𝑡)) ∶=
∑

𝑚∈𝑈 (𝑡)
𝑔𝑚

(

𝑓𝑢,𝑚(𝑡)
)

=
∑

𝑚∈𝑈 (𝑡)

[

𝛼2
𝜑𝑚,𝑢𝐷𝑚(𝑡)𝐶𝑚(𝑡)

𝑓𝑢,𝑚(𝑡)

+ (1 − 𝛼2)𝑘uav𝜑𝑚,𝑢𝐷𝑚(𝑡)𝐶𝑚(𝑡)
(

𝑓𝑢,𝑚(𝑡)
)2

]

(40)

s.t.
∑

𝑚∈𝑈 (𝑡)
𝑓𝑢,𝑚(𝑡) ≤ 𝑓uav, (40a)

𝑓𝑢,𝑚(𝑡) > 0, ∀𝑚 ∈ 𝑈 (𝑡). (40b)

We next show that problem (40) is strictly convex. For a single 
task 𝑚, define 𝑔𝑚(𝑓 ) as in (40). It can be verified that 𝑔𝑚(𝑓 ) is strictly 
convex for 𝑓 > 0, since its second derivative is strictly positive. As 
the objective is separable across tasks, the full objective 𝐺(𝑓 (𝑡)) =
∑

𝑚∈𝑈 (𝑡) 𝑔𝑚(𝑓𝑢,𝑚(𝑡)) remains strictly convex. Meanwhile, constraint (40a) 
is linear and (40b) defines a convex domain, thus problem (40) is 
a strictly convex optimization problem and admits a unique global 
optimum.

To compute the solution, consider the Lagrangian: 

(𝑓 (𝑡), 𝜆) =
∑

𝑚∈𝑈 (𝑡)
𝑔𝑚(𝑓𝑢,𝑚(𝑡)) + 𝜆

(

∑

𝑚∈𝑈 (𝑡)
𝑓𝑢,𝑚(𝑡) − 𝑓uav

)

, (41)

where 𝜆 ≥ 0 is the dual variable. The KKT stationarity condition yields a 
monotonic equation in 𝑓𝑢,𝑚(𝑡) whose unique positive root can be written 
as: 
𝑓 ∗
𝑢,𝑚(𝑡) = 𝜒𝑚(𝜆). (42)

The optimal 𝜆∗ enforces the total capacity constraint: 
∑

𝑚∈𝑈 (𝑡)
𝜒𝑚(𝜆∗) = 𝑓uav. (43)

Since 𝜒𝑚(𝜆) is strictly decreasing in 𝜆, 𝜆∗ can be efficiently obtained 
using a one-dimensional bisection search.

6. Simulation experiments and result analysis

The experimental environment is based on the Python 3.10 platform 
with the PyTorch 2.0.1 framework. In the simulation setup, the area 
size is set to 200×200×100 m3, with 75 initial suspicious task points, 5 to 
9 USVs, 1 UAV, and the task generation probability of each USV ranging 
from 0.5 to 0.9. The key DRL training settings are as follows: the Actor 
network has two fully connected layers (256, 128) outputting mean 
and log standard deviation, and the Critic is a double Q-network with 
two hidden layers per network (256, 128); the learning rate is 3e-4, soft 
update coefficient 𝜏 = 0.005, batch size 256, replay buffer size 106, total 
training episodes 1000, and maximum steps per episode 500–1000; 
random seeds for NumPy, PyTorch, and the environment can be fixed 
to ensure reproducibility; during training, the best-performing model is 
saved according to the cumulative reward.

Each monitoring task is assumed to correspond to a single data 
packet of approximately 4–5 Mbits, which is consistent with the typical 
bitrate range of compressed 720p video streams under H.264/H.265 
encoding (about 2.5–6 Mbps). In the simulation, each time slot is set 
to 1 s. Under this time slot length, for a 5 Mbits task, the worst-case 
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Table 1
Simulation parameters.
 Parameter description Value  
 Task Size 4–5 Mbits  
 Sensor Task Cycle Frequency 200–400 MHz 
 Wireless Bandwidth 50–150 MHz  
 USV Speed 1–3 m/s  
 USV Computing Capacity 3 GHz  
 UAV Computing Capacity 15 GHz  
 Maximum Elevation Angle 60◦  
 USV Upload Power 0.5–0.6 W  
 UAV flight altitude 30–100 m  
 Gaussian White Noise PSD −60 dBm  
 UAV Speed 4-6 m/s  
 Channel Power Gain at Reference Distance (1 m) 10−4  

Table 2
Algorithm hyperparameters and network overview.
 Item TD3-JATO A2C-JATO DDPG-JATO JATO-DRL  
 𝛾 0.9 0.9 0.9 0.9  
 𝑙𝑟 1e−4 1e−4 1e−4 1e−4  
 𝜏 0.005 N/A 0.005 0.005  
 Policy delay 2 N/A N/A N/A  
 Policy noise 0.2 N/A 0.1 N/A  
 Noise clip 0.5 N/A 0.5 N/A  
 Buffer 1e6 N/A 1e6 1e6  
 Batch 256 N/A 256 256  
 Actor Det Gauss Det Gauss  
 Critic Twin Q Value Single Q Twin Q  
 Update Off-step On-trajectory Off-step Off-step  
 log_std N/A [−20,2] N/A [−20,2]  
 Actor Net 256-128-act 256-128-(𝜇/𝜎) 256-128-act 256-128-(𝜇/𝜎) 
 Critic net 256-128-1 256-128-1 256-128-1 256-128-1  

local processing time on a USV is approximately 0.67 s; if offloaded to 
the UAV, the combined transmission and computation delay is approxi-
mately 0.82 s. Thus, each task can be transmitted and processed within 
a single time slot, ensuring the feasibility of real-time task handling.

In the proposed JATO-DRL algorithm, the Actor network consists of 
two hidden layers with 256 and 128 neurons, respectively, and outputs 
both the action mean 𝜇 and log standard deviation log 𝜎 vectors to 
construct a Gaussian policy distribution. The Critic network adopts a 
double Q-network architecture, where each Q-network contains two 
hidden layers (256 and 128 neurons) and an output layer to estimate 
the action-value function 𝑄(𝑠, 𝑎). The learning rates for the Actor and 
Critic networks are both set to 0.0001, and the discount factor 𝛾 is set 
to 0.9. Specifics of USVs and UAV are listed in Table  1. The detailed 
information on algorithm hyperparameters and network structure is 
provided in Table  2.

The UAV speed range of 4− 6 m∕s is selected according to practical 
operational requirements for supporting USVs in edge computing task 
offloading. This range ensures reliable communication links between 
the UAV and multiple USVs and allows timely assistance for task 
execution, thereby mitigating potential delays in the offloading pro-
cess. Previous studies have demonstrated that UAVs can assist mobile 
platforms in edge computing and data collection, emphasizing the 
importance of selecting appropriate UAV speed and data payload sizes 
to guarantee real-time system performance [27,28].

6.1. Baseline approaches

For comparative analysis, we consider baseline approaches in three 
aspects of the system: dynamic suspicious task-point assignment for 
USVs, task execution with UAV trajectory planning, and a theoretical 
cloud computing baseline. 

First, regarding dynamic suspicious task-point assignment for USVs, 
we introduce two baseline allocation algorithms:
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Fig. 2. Reward of JATO-DRL under different path-loss exponents.

• Random Allocation: Task points are assigned to USVs in a purely 
random manner, without considering energy consumption, dis-
tance, or task urgency. This serves as a naive baseline for per-
formance comparison.

• Min-Energy Allocation: Each suspicious task point is assigned to 
the USV that requires the least energy to reach and process it, 
minimizing overall system energy consumption.

Second, for task execution and UAV trajectory planning, we intro-
duce three DRL-based baseline approaches:

• TD3-Based Joint Offloading and Trajectory Optimization  (TD3-
JOTO): Uses the Twin Delayed Deep Deterministic Policy Gradi-
ent (TD3) algorithm to jointly optimize task offloading decisions 
and UAV trajectories. The actor network outputs continuous of-
floading actions, while twin critic networks evaluate action values 
to mitigate overestimation.

• A2C-Based Joint Offloading and Trajectory Optimization  (A2C-
JOTO): Utilizes the Advantage Actor-Critic (A2C) framework, 
where the actor proposes offloading actions and the critic evalu-
ates them using estimated advantage values. Coordinated
offloading–trajectory strategies are learned through synchronous 
updates.

• DDPG-Based Joint Offloading and Trajectory Optimization (DDPG-
JOTO): Built on the Deep Deterministic Policy Gradient (DDPG) 
algorithm, employing a deterministic actor for continuous of-
floading decisions and a critic network to estimate Q-values. 
Noise-perturbed actions and experience replay are used to im-
prove performance.

In addition, in many practical scenarios, since the size of the re-
turned results is typically much smaller than that of the uploaded 
data, the downlink transmission delay 𝑇downlink can also be neglected. 
Therefore, a simplified task latency model can be expressed as: 
𝑇cloud = 𝑇uplink + 𝑇compute (44)

This simplified model still captures the latency bottleneck of central-
ized cloud architectures in real-time aquatic monitoring. Considering 
realistic network bandwidth, task sizes, and cloud processing rates, 
the resulting latency often exceeds the 1-second time-slot requirement. 
This analysis demonstrates that centralized cloud architectures may 
fail to meet stringent timing constraints, thereby further justifying the 
necessity of edge computing-based solutions.

6.2. Simulation results

Fig.  2 illustrates the convergence behavior of JATO-DRL under dif-
ferent path loss exponents: 𝜔 = −2 (corresponding to weaker attenua-
tion, representing open or suburban LoS-dominated environments) and 
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Fig. 3. Training reward curves under different discount factors 𝛾.

Fig. 4. Learning curves of different algorithms.

𝜔 = −3 (corresponding to stronger attenuation, closer to urban scenar-
ios with partial blockage or increased effective path loss). The results 
show that under 𝜔 = −3, although the harsher propagation environ-
ment increases the variance of the reward signal, leading to noticeable 
oscillations and spikes during training, the algorithm can still achieve a 
steeper initial decline within the first few dozen episodes and converge 
to a long-term Time-Energy reward level comparable to that under 𝜔 =
−2 (around −500) after approximately 200 episodes. In contrast, the 
curve for 𝜔 = −2 is overall smoother, with smaller amplitude and fre-
quency of fluctuations, demonstrating higher training stability. These 
observations indicate that the proposed JATO-DRL algorithm exhibits 
good robustness under different propagation conditions; even under 
stronger attenuation closer to realistic urban environments, it maintains 
effective convergence and near-optimal long-term time-energy reward, 
thereby mitigating the idealized limitations of purely LoS deterministic 
models. In the simulations, the physical duration of each time slot is 
set to 1.0 s, corresponding to a reasonable timescale under typical UAV 
trajectory updates and quasi-static channel assumptions, supporting the 
algorithm’s applicability in quasi-real-time scenarios.

Fig.  3 illustrates the variations in training rewards under different 
discount factors 𝛾 and reveals notable differences in convergence be-
havior across the four configurations. The results show that 𝛾 = 0.90
and 𝛾 = 0.95 achieve the fastest convergence during the early stage 
of training, with rewards increasing rapidly within the first 100–200 
episodes. As training progresses, 𝛾 = 0.90 maintains the most stable 
performance and achieves the highest long-term reward, whereas 𝛾 =
0.95 and 𝛾 = 0.99 converge more slowly and exhibit larger fluctuations. 
Overall, 𝛾 = 0.90 provides the best balance between convergence speed 
and stability.

Fig.  4 illustrates the learning performance of different DRL algo-
rithms during training. The solid curves represent the average reward 
over three independent runs with different random seeds, while the 
shaded regions show the corresponding standard deviation. A narrower 
shaded area indicates greater training stability and lower sensitivity 
to initialization. In terms of convergence, the proposed JATO-DRL 
method achieves the highest reward level and converges faster than 
the baseline algorithms. After approximately 150 episodes, JATO-DRL 
exhibits both rapid gain and reduced variance, indicating efficient 
policy learning and strong robustness. In contrast, DDPG-JOTO and 
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Fig. 5. Training convergence curve of JATO-DRL.

TD3-JOTO show slower convergence and larger fluctuations during 
training, while A2C-JOTO converges to a significantly lower reward 
level, suggesting weaker learning capability under the same task condi-
tions. These results collectively demonstrate that the proposed method 
not only converges more efficiently but also maintains superior stability 
and consistency across random seeds.

Fig.  5 illustrates the training reward curve of the proposed SAC 
algorithm over 1000 episodes, averaged over three independent runs 
with different random seeds. In the early stage of training, the re-
ward increases rapidly, indicating that the agent can quickly learn an 
effective policy. After approximately 200–300 episodes, the reward be-
comes stable with only minor fluctuations, demonstrating good training 
stability. The inset (episodes 200–300) highlights the detailed reward 
variations during the convergence phase. Due to the dynamic nature of 
the environment, the reward is not completely flat but exhibits certain 
fluctuations. Moreover, the reward is defined based on weighted cover-
age, latency, and energy consumption, so higher values correspond to 
overall improvements across these metrics.

Figs.  6 and 7 jointly illustrate the convergence behavior of the 
proposed algorithm across multiple performance metrics. As shown in 
Fig.  6, the weighted time–energy reward increase rapidly during the 
early training phase and stabilizes after approximately 300 training 
episodes, indicating that the agent quickly learns an efficient resource 
allocation policy. The smoothed curve further confirms that the overall 
convergence process is stable, with only minor fluctuations. Fig.  7 
presents the convergence trend of the coverage metric. The cover-
age steadily increases throughout training and eventually stabilizes 
at a high level, demonstrating that the agent continuously improves 
the system’s sensing coverage while maintaining favorable delay and 
energy performance. Taken together, Figs.  6 and 7 show that the pro-
posed algorithm achieves stable and consistent optimization between 
time-energy efficiency and coverage.

Fig.  8 illustrates the convergence behavior of the critic network dur-
ing training. The critic loss drops sharply at the beginning, indicating 
that the value function rapidly adapts to the environment dynamics. 
After approximately 150 episodes, the loss gradually stabilizes near 
zero, showing that the critic has effectively learned to approximate 
the true value function. The smooth and monotonic decline without 
oscillation suggests that the training process is numerically stable and 
free from issues such as value divergence or overestimation.

Fig.  9 illustrates the trade-off between latency and energy consump-
tion as the weight factor varies in the objective function. A larger 
weight emphasizes latency reduction, resulting in more offloading to 
UAV but higher energy consumption, whereas a smaller weight prior-
itizes local processing and energy efficiency. Our experiments indicate 
that once the weight factor becomes too large, the system tends to ex-
cessively offload tasks, causing a rapid increase in energy consumption. 
In this work, we set the weight factor to 0.7 to ensure a more balanced 
and stable trade-off between latency and energy consumption.

Fig.  10 illustrates the Time-Energy Reward of different algorithms 
under varying task generation probabilities in a multi-USV–UAV collab-
orative edge computing scenario. Overall, the system reward of all algo-
rithms decreases with higher task loads due to intensified competition 
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Fig. 6. Convergence curve of the weighted time–energy metric.

Fig. 7. Convergence curve of the coverage metric.

Fig. 8. Convergence of the critic network loss.

for computing and communication resources. JATO-DRL consistently 
achieves the highest reward; for example, at a task generation proba-
bility of 0.7, its reward is approximately −570, compared with −575, 
−886, and −1147 for DDPG-JOTO, TD3-JOTO, and A2C-JOTO, respec-
tively. Moreover, the reward of JATO-DRL and TD3-JOTO decreases 
more smoothly, indicating strong robustness and adaptability, whereas 
A2C-JOTO shows a sharp decreases under high load and DDPG-JOTO 
performs moderately. These results demonstrate that JATO-DRL ef-
fectively reduces latency and energy consumption while maintaining 
excellent robustness, making it a reliable task offloading solution for 
multi-USV–UAV systems.

Fig.  11 shows the Time-Energy Reward of different algorithms un-
der varying bandwidth conditions in the multi-USV–UAV collaborative 
edge computing scenario. Overall, increasing the available bandwidth 
increase the Time-Energy reward for all algorithms, as higher band-
width improves data transmission rates, thereby lowering task offload-
ing delay and energy consumption. JATO-DRL consistently achieves 
the highest and most stable Time-Energy reward across all bandwidth 
levels (around −510), demonstrating its robustness and efficient task 
scheduling under both limited and ample communication resources. 
In contrast, A2C-JOTO exhibits large fluctuations, particularly under 
constrained bandwidth, indicating poor adaptability. TD3-JOTO and 
DDPG-JOTO show moderate variations, with TD3-JOTO slightly more 
stable than DDPG-JOTO. These results indicate that JATO-DRL main-
tains superior performance and robustness under diverse communica-
tion resource conditions.

Fig.  12 illustrates the Time-Energy Reward of different algorithms 
under varying numbers of USVs. Overall, the system reward tends 
to decrease with the number of USVs, as more USVs generate tasks 
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Fig. 9. Impact of weight factor on latency and energy consumption.

Fig. 10. System time-energy reward under varying task generation probabili-
ties.

Fig. 11. System time-energy reward under varying bandwidth conditions.

simultaneously, intensifying competition for edge computing resources 
and communication bandwidth, which leads to higher task process-
ing delays and energy consumption. JATO-DRL maintains the highest 
reward across most USV numbers (approximately −652 to −512), 
demonstrating strong robustness and efficient task scheduling. In con-
trast, A2C-JOTO and TD3-JOTO exhibit significant reward decreases 
for certain USV numbers, indicating reduced adaptability under high-
load conditions, while DDPG-JOTO shows moderate performance but 
decrease notably when the number of USVs is large. These results 
indicate that JATO-DRL consistently achieves superior performance 
under different USV numbers, proving its reliability and efficiency in 
dynamic multi-USV task scenarios.

Fig.  13 shows the coverage achieved by different algorithms under 
varying numbers of USVs. Overall, JATO-DRL consistently achieves the 
highest coverage across all USV numbers (around 940–970), demon-
strating its effectiveness in coordinating UAV to cover multiple USVs 
efficiently. In contrast, the baseline algorithms exhibit larger fluctu-
ations: DDPG-JOTO and TD3-JOTO achieve moderate coverage with 
significant variability, while A2C-JOTO shows the lowest and most 
unstable coverage across different USV numbers. These results indicate 
that JATO-DRL not only maintains high coverage but also provides ro-
bust performance in dynamic multi-USV scenarios, effectively ensuring 
UAV can serve multiple USVs efficiently.
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Fig. 12. System time-energy reward under varying numbers of USVs.

Fig. 13. Coverage of UAVs under varying numbers of USVs.

Fig. 14. Monitoring point accommodation and fairness under varying numbers 
of USVs.

Fig.  14 illustrates the number of monitoring points accommodated 
and the fairness of task allocation for different algorithms under vary-
ing numbers of USVs. Overall, the Random strategy achieves the most 
balanced distribution among USVs, indicating high fairness, but it re-
sults in the lowest total number of accommodated monitoring points. In 
contrast, the Min-Energy-Cost approach can achieve high total coverage 
but often leads to highly imbalanced allocations, with some USVs 
handling disproportionately many points. The GDSTA algorithm strikes 
a balance between the two, maintaining relatively high total coverage 
while keeping task allocation reasonably fair. These results indicate 
that GDSTA effectively balances coverage and fairness in dynamic 
multi-USV monitoring scenarios.

6.3. Practical considerations and Sim-to-Real gap

While the proposed framework is evaluated in a simulation envi-
ronment, its deployment in real-world aquatic systems may introduce 
additional challenges, primarily due to the Sim-to-Real gap.

First, practical deployments are subject to limited computational 
resources and system constraints on embedded hardware platforms, 
which may lead to higher inference latency and computational over-
head compared to simulation. Although the proposed DRL-based
decision-making mechanism operates within the designed time slot in 
simulation, additional delays may arise in real systems due to processor 
limitations and scheduling overhead.

Second, real-world environments involve various uncertainties, in-
cluding sensor noise, communication instability, and dynamic channel 
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conditions (e.g., multipath fading and interference), which are not fully 
captured in the current simulation model and may affect both task 
generation and offloading performance. Furthermore, hardware-related 
constraints such as power consumption limits and energy budgets of 
UAV and USVs may also impact overall system performance.

To address these challenges, the proposed framework is designed 
with strong engineering extensibility. In particular, model compression 
and quantization techniques can be employed to reduce inference 
latency, while hardware-aware optimization can improve execution 
efficiency on embedded platforms. In addition, incorporating more re-
alistic environmental modeling and uncertainty-aware mechanisms can 
further enhance system robustness. Strategies such as partial task of-
floading and adaptive resource allocation also provide effective means 
to maintain real-time performance under practical constraints.

It is worth noting that incorporating detailed real-world factors 
(e.g., fine-grained channel modeling, sensor noise characterization, and 
hardware-specific constraints) requires extensive system-level integra-
tion and is beyond the primary scope of this work, which focuses on the 
design and validation of the decision-making framework. These aspects 
will be considered in future work.

Overall, the proposed framework has been systematically validated 
at the simulation and system-design level in terms of task scheduling, 
resource allocation, and multi-agent coordination. The adopted time-
slot modeling, task offloading mechanism, and resource management 
strategies are consistent with current edge computing system design 
paradigms, indicating its potential practical feasibility and providing 
valuable insights for real-world aquatic monitoring system deployment.

7. Conclusion

In this paper, we propose an intelligent system integrating multi-
USV path planning and UAV-assisted edge computing, leveraging DRL-
based strategies for efficient and fair aquatic monitoring. Simulation 
results demonstrate that the proposed JATO-DRL and GDSTA methods 
outperform baseline algorithms in terms of efficiency, robustness, and 
coverage. Future work will focus on deploying the system in real-world 
aquatic environments to enable large-scale multi-agent collaboration 
and robust performance under dynamic conditions, as well as ex-
tending the current time-slotted model to support more flexible and 
asynchronous operations.
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