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Abstract. In UAV-assisted Mobile Crowd Sensing, ground workers are responsible for basic data collection,
while Unmanned Aerial Vehicles (UAVs) can perform supplementary sensing in areas that are difficult to
cover in a timely manner. To address the limited efficiency of distributed multi-UAV cooperative
supplementary sensing in the absence of a central controller, this paper proposes an information-exchange-
based distributed multi-UAV cooperative sensing algorithm, termed IE-DDQN. The proposed method
formulates the problem as a decentralized partially observable Markov decision process, enables inter-UAV
information exchange through short-range Device-to-Device (D2D) links, and employs a neighbor information
pooling module to aggregate multi-source high-dimensional messages into low-dimensional representations,
which are then combined with local observations for decision making. Experimental results demonstrate that
the proposed method outperforms pure-worker and pure-UAV schemes in terms of weighted data value per
unit composite cost, task completion rate, and task completion time.
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1. Introduction

Mobile Crowd Sensing (MCS) leverages ground workers equipped with smart devices to collect
environmental data, offering flexible deployment and wide coverage. It has been widely used in environmental
monitoring, traffic surveillance, and public safety applications [1-3]. However, as task areas become larger and
sensing scenarios more complex, relying solely on ground workers is often insufficient to achieve satisfactory
spatiotemporal coverage and data quality, especially in areas that are difficult, dangerous, or time-consuming
to access.

To address this limitation, UAV-assisted MCS has emerged as an important architecture. Owing to their
mobility and line-of-sight advantages, UAVs can perform supplementary sensing in regions that are difficult
for ground workers to reach, thereby improving sensing coverage and efficiency. Existing studies on UAV-
assisted MCS mainly focus on task allocation and trajectory planning. For example, Wang et al. [4] optimize
the amount and freshness of collected data under energy constraints, while Mao et al. [5] propose a
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hierarchical deep reinforcement learning framework for global task allocation and local path planning.
Although these methods improve UAV coverage efficiency and energy utilization, most of them treat ground
sensing resources as cost-free auxiliary units and fail to explicitly capture the trade-off between the labor cost
of ground workers and the energy consumption of UAVs in a unified framework.

In practical scenarios such as urban air quality monitoring and transmission line inspection, sensing
systems often exhibit a ground-air hybrid sensing structure, in which ground workers remain at fixed
collection points to provide basic sensing data, while multiple UAVs perform cross-regional supplementary
sensing for uncovered or high-priority tasks [6]. In such a structure, ground collection incurs labor costs,
whereas UAV-based supplementary sensing introduces additional energy consumption. Therefore, optimizing
only UAV trajectories and energy efficiency is insufficient for evaluating the overall sensing performance
under different divisions of labor between ground collection and aerial supplementary sensing.

A key challenge in this setting is to achieve efficient cooperation among multiple UAVs. Since each UAV
can only access local observations and limited neighboring information, the problem naturally exhibits multi-
agent, dynamic, and partially observable characteristics. Existing MARL-based methods often rely on
centralized training, global state visibility, or direct concatenation of neighboring UAV states, which may lead
to high communication overhead, poor scalability, and limited robustness in resource-constrained or
communication-limited environments [7-10].

To address these issues, this paper studies a typical UAV-assisted MCS scenario in which ground workers
continuously collect part of the required data at their task locations, while the remaining data are released as
task requests to multiple UAVs for supplementary collection. Ground workers are modeled as fixed basic
sensing nodes and do not participate in UAV decision-making. Under this setting, we aim to maximize the
ratio of weighted data value to composite cost by jointly considering task priority, worker cost, and UAV
energy consumption. Accordingly, we formulate the multi-UAV cooperative supplementary sensing problem
as a Decentralized Partially Observable Markov Decision Process (Dec-POMDP) and propose an information-
exchange-based distributed multi-UAV cooperative sensing algorithm, termed IE-DDQN. The proposed
method enables UAVs to exchange neighboring information through short-range Device-to-Device (D2D)
links and introduces a neighbor information pooling module to aggregate multi-source high-dimensional
messages into compact features for decision making. Experimental results show that the proposed method
achieves better weighted data value per unit composite cost, task completion rate, and task completion time
than pure-worker and pure-UAV schemes.

2. Related work

2.1. UAV-assisted mobile crowd sensing

To overcome the coverage gaps and uneven energy consumption caused by relying solely on ground users, a
series of studies on UAV-assisted MCS have emerged in recent years. Zhou et al. [11] considers the
collaboration between UAVs and mobile users to complete sensing tasks, jointly modeling task assignment
and UAV trajectory planning as an energy-constrained optimization problem, and reducing system energy
consumption through an approximation algorithm while ensuring the task completion rate. Pilloni et al. [12]
focuses on the crowdsensing scenario involving multiple UAVs, constructs a task-UAV matching model,
comprehensively considers task value, execution cost, and capability constraints, and achieves approximately
optimal task allocation through heuristic search. Gao et al. [13] further extends tasks to a multi-subtask
structure, proposes a UAV-assisted multi-task allocation method, and integrates task dependencies, flight
constraints, and energy limitations into a mixed-integer programming framework. Regarding the issue of
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coverage quality, Liu et al. [14] introduces coverage-aware indicators and designs a task allocation method
with coverage constraints in UAV-assisted MCS scenarios to improve the sensing quality of key areas.

Overall, most of the aforementioned works treat ground participants as anonymous users, lacking explicit
modeling of the continuous collection capability of long-term resident workers and labor costs. There are also
few studies that quantitatively characterize the relationship between "worker collection ratio and UAV
supplementary collection capability” under a unified system objective.

2.2. Multi-UAV cooperation and multi-agent reinforcement learning

In multi-UAV systems, as the scale of tasks and the complexity of the environment increase, traditional
methods based on integer programming, heuristic search, or centralized optimization have gradually exposed
problems such as high computational complexity and insufficient scalability. Skaltsis et al. [15] reviews multi-
UAV task allocation methods and points out that centralized solving is difficult to adapt to large-scale systems
in dynamic environments and large-scale systems. In recent years, MARL has gradually become an important
tool for solving the problems of multi-UAV collaborative control and task allocation. Liu et al. [16] models the
dynamic task allocation of heterogeneous multi-UAVs as a multi-agent decision-making problem and uses
value function decomposition to achieve a balance between task revenue and energy consumption; Du et al.
[17] utilizes hierarchical reinforcement learning to optimize task scheduling and motion control in a
hierarchical manner, effectively improving system throughput and energy efficiency in data collection
scenarios. Frattolillo et al. [18] summarizes deep reinforcement learning methods in multi-UAV systems from
a review perspective, emphasizing that in multi-agent scenarios, it is necessary to take into account scalability,
training stability, and communication overhead, and points out that constructing a low-dimensional and robust
representation of neighbor information is one of the key issues in current research.

Existing multi-UAV collaborative work based on multi-agent reinforcement learning mostly assumes that
tasks are completely undertaken by UAVs, without incorporating the long-term perception ability of ground
workers, labor costs, and the division of labor between them and UAVs into a unified reinforcement learning
framework; at the same time, neighbor UAV information is usually realized through simple concatenation,
making the observation dimension grow linearly with the number of UAVs, which is difficult to adapt to
changes in scale and link failures.

3. Methodology

3.1. System model

3.1.1. Ground-air hybrid sensing scenario

As shown in Figure 1, this paper considers a ground-air hybrid sensing scenario under UAV-assisted MCS and
constructs a multi-UAV collaborative sensing system model in this scenario. In this hybrid sensing scenario,
the system can be abstracted into three layers: the MCS platform layer, the multi-UAV sensing layer, and the
ground worker sensing layer. The MCS platform layer is responsible for maintaining and updating the task
pool, aggregating task requests reported by ground workers, and uniformly managing and distributing task
information such as location, remaining data volume, priority, and completion status. The platform only
provides task information services and does not perform real-time control over the actions of each UAV. The
multi-UAV sensing layer consists of N UAVs, denoted as the set of UAVs U = {uq,...,ui,...,un} .
UAVs autonomously decide on target tasks within the mission area and fly to designated sensing points to
perform data collection. The ground worker sensing layer is composed of several ground workers who are
permanently stationed at key locations and their corresponding collection tasks. The set of ground workers is
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denoted as W = {wi,...,wg,...,wy} . For the convenience of modeling, it is assumed that each ground
worker wy, is responsible for only one fixed task 7y , and there is a one-to-one correspondence between
ground workers and tasks. Therefore, the set of data collection tasks is denoted as T' = {71,...,Tk,.--,TMm} »
where |T| = M , which is consistent with the size of the ground worker set. Each task 7, € T corresponds
to a spatial position p™ = (7, y") , a total data volume dy,; , and a priority pr™. Ground workers are
responsible for continuously collecting basic data locally. When their own collection capacity is insufficient to
complete the task within the specified time limit, they will report the remaining data requirements to the
platform in the form of task requests, which will be supplemented by multiple UAVs.
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Figure 1. Ground-air hybrid sensing scenario for UAV-assisted MCS

The system adopts discrete time slot scheduling, denoted as ¢ = {0,1,...,7 — 1} , and the duration of
each time slot is &; . UAVs perform tasks in consecutive time slots until the maximum duration T is reached.
The two-dimensional position of UAV w;, attime t is denoted as ¢, = (x}",y;") , and its movement is
constrained by the maximum flight speed v;,4, ; when the distance between the UAV and the task location is
less than the sensing radius 7 , it can collect the remaining data of the task. It is assumed that UAVs have
sufficient storage space to temporarily store the collected data, and energy consumption mainly comes from
flight and hovering sensing. To simplify the modeling, it is assumed that all UAVs start from the same initial
position at the center of the mission area at time ¢ ; they have sufficient power within the maximum duration

T, and mid-way charging and return scheduling after energy exhaustion are not considered.
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3.1.2. Data collection and cost model

In the considered system, ground workers and UAVs jointly complete the sensing tasks. Ground workers
provide stable local sensing at fixed task locations, while UAVs perform cross-regional supplementary
sensing. To quantify the division of labour between ground collection and aerial supplementary sensing, we
introduce a data-sharing coefficient « € [0,1] . Accordingly, the data demand of each task is decomposed into
a ground-collected part and a UAV-collected part as

V. =a- diotal = Zkle dvr (1)

total
iy = (1= @) - diorar = 310y d" )

Here, d;’zal denotes the amount of data completed by ground workers, and d%tal

data to be completed by UAVs. A larger o implies stronger reliance on ground collection, whereas a smaller

denotes the amount of

a indicates that more data are assigned to UAVs.
The sensing value contributed by ground workers is evaluated by the priority-weighted amount of collected
data. It is defined as

Vir = S0k prme - dve 3)

Meanwhile, the labour cost of ground workers is modelled as a linear function of the collected data
volume, i.e.,

Cw = Aw - Spty d™ = A\ - @ - diotar (4)

where Ay, > 0 is the unit labor cost coefficient.

For UAV supplementary sensing, a mutual exclusion mechanism is adopted to avoid redundant collection.
Specifically, at any time, each task can be collected by at most one UAV. Let I;”™ € {0,1 } denote whether
UAV wu; collects data from task 73 at time slot ¢ . Then the remaining data demand of task 73 is updated as

dyt, = maz(dy’ —r- 6 - 1™, 0) Q)
Here, r is the UAV sensing rate. Once the remaining data demand becomes zero, the task is regarded as

completed. To characterize the timeliness of UAV sensing, the value of UAV-collected data is discounted
according to task completion time. Thus, the sensing value obtained by UAVs is written as

VU =d* . pr. e_ﬁtj‘?"ish, wEF (6)
;’;.m.sh denotes the completion time of task 75, , F' = {k|t?;'msh > 0} is the completed task set,
and S is the discount coefficient. The total system sensing value is then given by

where t

Wotal = VW + VU (7)

The energy consumption of UAVs includes flight energy and communication energy. Let E,{fy(t) and
E;7™™(t) denote the flight and communication energy consumption of UAV wu; at slot ¢, respectively. Then

the slot-wise energy consumption is written as
Bl = BIY(t) + ES™™(t) ®)
and the total UAV energy consumption over the whole task cycle is

Eiotat = Y01 Sig B 9)



204 | Advances in Engineering Innovation | Vol.17 | Issue 4

3.2. Problem formulation

Based on the above system model, the objective is to maximize the sensing utility of the ground-air hybrid
sensing system under worker cost and UAV energy consumption constraints. To evaluate different divisions of
labour and cooperative sensing strategies in a unified manner, we define the system utility as the ratio of
weighted data value to composite cost:

_ Vtotal
U= Goiobeaitt (10)

where 6 is the energy cost coefficient of UAVs. Accordingly, the optimization problem is formulated as
maxU subject to the data collection dynamics, mutual exclusion constraints, sensing range constraints, and
UAYV motion constraints defined in the system model. Since multiple UAVs must make distributed decisions in
a dynamic and partially observable environment, the problem is highly nonlinear and difficult to solve using
conventional centralized optimization methods. Therefore, we further reformulate it as a decentralized
Partially Observable Markov Decision Process (Dec-POMDP) and solve it using a distributed multi-UAV
cooperative sensing algorithm.

3.3. Dec-POMDP formulation

The considered multi-UAV cooperative supplementary sensing problem is formulated as a Dec-POMDP,
represented by the tuple (N,S, A, P,R,Q,0,v),where N is the set of agents, S is the global state space,
A is the joint action space, P denotes the state transition function, R is the reward function, € is the joint
observation space, O is the observation function, and ~ is the discount factor.

The global state contains both UAV states and task states, and can be written as

se = ({sy"Ho {{s 14D (1)

where s}" = [z}7,y,%, b, k;", p;'] includes the position, residual energy, assigned task, and execution
progress of each UAV, while s;* = [z;*, y;*, d}X,.;, pr™, u*, p/*, 0] includes task location, remaining data
demand, priority, assignment status, and completion status.

Since each UAV cannot directly access the complete global state, the problem is inherently partially
observable. The local observation of UAV w; at time ¢ consists of three parts, namely its own state, task
information released by the platform, and communication information received from neighbouring UAVs.
Thus, the local observation is expressed as

o," = [0} (self), 0, (tasks), 0} (comms)] (12)

where  o}(self) = [wt Ly, bt k1] represents the self-state information of the UAV  w; ;
oy (tasks) = {{[z/", yi*,0."1}2L,} represents the position and completion status information of all data
collection tasks stably issued by the platform. To improve the coordination of distributed decision-making,
each UAV broadcasts its position at the previous time slot and the selected task to execute through a short-
range D2D link at each time slot. After neighbouring UAVs receive this information, they generate low-
dimensional interaction information o,"(comms) through the neighbouring UAV information pooling
module.

At each decision slot, each UAV wu; must select a discrete action from the action space
A; = {ao,a1,...,0m-1, Qcontinue; Adrop, Guwait} » Which respectively represent selecting a certain task,
continuing the current task, abandoning, and hovering to wait for the next action selection. To reduce invalid
exploration and concurrent conflicts, we introduce an action mask:
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A% (t) = {a € A|Mask/(a) = 1} (13)

valid

We have considered the following action constraints: tasks that have been completed cannot be selected;
when there is no current task, the action of "continuing the current task" cannot be selected.

To guide cooperative supplementary sensing, the reward function jointly considers task completion,
execution continuity, regional consistency, and task conflicts. The immediate reward of UAV w,; attime ¢ is

defined as
Rui — Rcomplete + Rcontinue + Roperate’ if not conflict (14)
t R;'Zvalid ,if conflicts
where RY encourages the early completion of tasks with large data volumes and high priorities

complete

through weighted gains with time decay:

RY Co(1 + St it pr7t (15)

complete = dimid 5

where d,,;q is the median used to normalize the task data volume, and the constant C| is the basic
completion reward. Secondly, to encourage UAVs to form continuous collection trajectories in space, a reward
Rg;ntinue is given when the distance between tasks is short ( digst—sr, < Dmaz ), prompting UAVs to

prioritize completing nearby unfinished tasks, thereby naturally forming the behavior of continuous execution
within a partition. To balance simplicity and implementability, regional consistency, load balancing, and path

Uj

efficiency are combined into Ropemte

. This term tends to keep UAVs within their assigned areas, suppress
excessive crowding in local areas, and encourage the selection of nearby tasks through distance normalization
preferences. If multiple UAVs choose the same task, resulting in a conflict, they will receive a strong penalty
R} ia - Finally, to avoid extreme values from affecting training stability and gradient scales, we clip and
scale the immediate reward of each UAV:

R::Ll <~ dip(thJi’ Rmin’ Rmax) (16)

3.4. Neighbour information pooling module

Directly concatenating the complete states of neighbouring UAVs causes the observation dimension to grow
linearly with the number of agents, leading to high communication overhead and poor scalability. To address
this issue, we design a neighbour information pooling module that transforms multi-source neighbouring
messages into a fixed-dimensional communication feature.

At each time slot, UAV wu, receives a message from neighboring UAV w; , denoted by mfi' . For each
neighbor, UAV w; maintains a sliding window of length H to store the most recent messages. The
windowed message sequence is written as

Uy u;r yH-1
Hy" ={m" )} (17)
To highlight the geometric and semantic information related to task selection, for each message within the

window, we first normalize and concatenate the sender's last position and task-related features using g(-) to
encode structured features:

u.s

. u.r . .
fi' =g (mtl ) = |V"L'tTE1’ Yit 1> diggas P $g117y;111-l (18)

last_action_task last,positionJ

Subsequently, the temporal aggregation operator ¢g(-) is applied to the feature sequence of the same
neighbouring UAV within the window H tu and a 12-dimensional pooled feature is generated by combining
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"current features + historical averages". The observation of interaction information from UAV wu; to

sU

neighbouring UAV w; can be denoted as z,""% , and thus o} (comms) is:

iUyl il _ il H— il
7" = du({ i) = & Tito fi) € R? (19)
0} (comms) = {2z, |uy € U_y,} (20)

where U_,, represents other UAVs in the UAV set except wu; . Finally, ofi(comms) , as the
communication-related observation component, together with its own state observation o,"(self) and task
information o,(tasks) , constitutes the input of IE-DDQN, realizing the modeling and utilization of the
historical behavior information of neighboring UAVs.

3.5. Proposed IE-DDQN algorithm

Based on the aforementioned system modeling and Dec-POMDP modeling, this paper designs a distributed
IE-DDQN collaborative scheduling algorithm based on information interaction for the ground-air hybrid
sensing scenario in UAV-assisted MCS. The illustration of the IE-DDQN algorithm architecture is shown in

Figure 2.
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Figure 2. Illustration of the IE-DDQN algorithm architecture

There is no central controller in the system. Each UAV w; independently maintains the online Q-network
parameters 6, , target Q-network parameters 6, , local prioritized experience replay buffer D, , and
neighboring UAVs' historical cache Htu * . It completes action selection and parameter update based on its
own observations and the pooled results of neighboring UAVs' information. Multi-UAVs only broadcast their
position and task selection from the previous moment through short-range D2D information interaction,
achieving distributed collaborative decision-making under lightweight information exchange.

At the start of each training episode, the platform generates an initial task pool based on task requests
reported by ground workers, including information such as task location, total data volume, and priority, and
broadcasts it to all UAVs. Meanwhile, it resets the position, battery level, and current task status of each UAV,
and clears or initializes the local experience replay buffer D, and neighboring UAVs' historical cache H, tu "
After that, the UAVs continuously interact with the environment within a given time, repeatedly performing
information exchange, local decision-making, and local learning.
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At any decision slot ¢ , UAV wu; first processes the latest communication messages from neighboring
UAVs. Each UAV periodically broadcasts its position information and the number of the task it executed from
the previous moment. UAV wu; writes the message m?i' from neighboring UAV w,; into a sliding window
H tu " and performs feature mapping and temporal aggregation on the message sequence within the window to
obtain the behavioral characteristics of the neighboring UAV over a period of time. Subsequently, a fixed-
dimensional neighboring UAV information vector o,"(comms) is obtained as the observation component
related to information interaction. Combining its own position, battery level, current task status, and the task
pool information broadcast by the platform, UAV wu; constructs the local enhanced observation vector o, at
the current moment, thereby supporting local decision-making with the help of neighboring UAVs' historical
behaviors and global task information without relying on the global state.

During the action selection phase, the UAV w; first constructs an action mask A", (t) based on the task
completion status and the degree of interaction information with neighboring UAVs, excluding actions
corresponding to completed tasks and those being executed by neighboring UAVs. Subsequently, it explores
randomly with a probability of € ; otherwise, it selects the action that maximizes the current network output
Qs,, (6}, a) . After the environment returns the immediate reward R;* and the next observation 6;&1 , the
) is written into the local prioritized experience replay buffer D, after

transition sample (6}, a;", R}, 6,
determining its priority based on the Temporal Difference (TD) error, providing samples for subsequent
parameter updates.

To suppress Q-value overestimation and improve training stability, IE-DDQN adopts a dual-network

structure and a prioritized experience replay mechanism. The target calculation is as follows:
vt = R +1Q;, (6111,0r9Q0,(6/;,a")) 1)

where 6, and 8, represent the parameters of the online network and the target network, respectively,
and v is the discount factor. To enhance training stability, the loss function adopts a weighted form based on
the Huber function:

Ly;(0u;) = Enp, wy' - H(yy — Qo, (0", a;))] (22)

where H(-) is the Huber function, which maintains a quadratic form when the error is small and switches
to a linear penalty when the error is large, thereby suppressing gradient instability caused by abnormal
samples. wZi is the importance sampling weight, determined by the sampling probability of Prioritized
Experience Replay (PER), to highlight key experiences and accelerate convergence. h denotes the h -th
experience sample sampled from the replay buffer. After each update, the target network maintains stable
iteration through soft update 8, < 70y, + (1 — 7)0,, .

Overall, the proposed IE-DDQN algorithm, on the one hand, fully utilizes the interaction of task and
position information between UAVs, and on the other hand, maintains the scalability of the algorithm when the
number of UAVs changes and the task scale expands, providing a stable and easily deployable method for
distributed multi-UAV collaboration in UAV-assisted MCS scenarios.

4. Experimental results and analysis

To verify the effectiveness and robustness of the proposed IE-DDQN multi-UAV collaborative perception
method, this paper conducts a series of comparative experiments in the UAV-assisted MCS scenario to
evaluate the system performance under different perception structures and different UAV data collection ratios.
The key parameters of the experiments are set as shown in Table 1. All experiments use the weighted data

value per unit comprehensive cost as the system utility index, and simultaneously count the task completion
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time and the overall task completion rate, so as to conduct a comprehensive analysis of the algorithm from

three dimensions: revenue, timeliness, and cost.

Table 1. Illustration of the IE-DDQN algorithm architecture

Parameters Notations Values
Number of ground workers and tasks M 40
Number of UAVs N 4
Duration of each episode T 400s
Duration of each time slot Ot ls
Data collection radius 70 8m
Learning Rate L, 3x10*
Discount factor v 0.95
Batch Size B 64
Replay Buffer Size |D| 50,000
Exploration decay rate Edecay 0.9995
Soft Update Parameter T 0.005

During the training phase, multiple UAVs run the IE-DDQN algorithm in parallel, collecting experience
through interaction with the experimental environment and updating the local Q-network. Specifically, the
time average of the tail segment of each training curve is first calculated, and then the mean and standard
deviation are statistically computed over 10 groups of mutually independent random seeds to reduce the
impact of accidental fluctuations in a single experiment on the results. It should be specifically noted that PER
is mainly positioned as a training accelerator here: it accelerates the efficiency of gradient updates and
shortens the convergence time by prioritizing the sampling of experience samples with larger TD errors, but it
does not change the upper limit of the long-term steady-state performance of the algorithm. Therefore, PER is
enabled by default in all experiments, so that the comparison of algorithm performance focuses more on long-
term stability and robustness rather than mere convergence speed.

4.1. Convergence analysis of multi-UAV cooperation

This section first examines the training convergence characteristics of IE-DDQN under a fixed division of
labor ratio between ground collection and aerial supplementary collection (with a 50% proportion of UAV data
collection). Figure 3 shows the average reward curve per UAV accumulated per episode during the training
process of multiple UAVs, where each curve corresponds to one UAV.
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Figure 3. Training convergence reward curve of IE-DDQN

As can be seen from Figure 3, in the early stages of training, the reward levels of each UAV were low and
fluctuated significantly, reflecting that the strategy was still in the stage of random exploration. At this time,
task selection and flight trajectories had not yet formed a stable pattern. The neighbour information pooling
module effectively reduces communication overhead and computational complexity through low-dimensional
aggregation of multi-source interaction messages, enabling each UAV to efficiently utilize the historical
behaviour characteristics of neighbouring UAVs to optimize decision-making strategies. As the number of
training episodes increases, IE-DDQN gradually learns to select high-value, low-conflict tasks under the joint
guidance of local states and neighbour information. Approximately after 2,000 episodes, each curve began to
rise rapidly and stabilized around 10,000 episodes. Finally, the average reward per UAV stabilized around 300,
with small differences between different UAVs, indicating that the proposed algorithm can achieve good load
balancing and strategy consistency under the distributed training framework.

4.2. Analysis of different perception-execution modes

After verifying that IE-DDQN exhibits good convergence in ground-air hybrid sensing scenarios, this section
further compares its performance with two single-agent sensing schemes: pure ground workers and pure
UAUVs. This paper focuses on the collaborative relationship between ground collection and air supplementary
collection under the goals of unified modeling and system optimization. However, existing reinforcement
learning methods are mostly designed for centralized scheduling or different task models, making it difficult to
directly and fairly compare them in the current problem scenario. Therefore, we consider a comparative
analysis of the following three typical sensing execution modes:

a) Pure ground worker sensing: relying solely on ground workers to perform all sensing tasks, with UAVs
not participating in the data collection process;

b) Pure UAV sensing: all sensing tasks are independently completed by UAVs, corresponding to scenarios
in traditional UAV-assisted MCS where the contributions of ground workers are ignored,

¢) Ground-air hybrid sensing: using the IE-DDQN algorithm to achieve distributed scheduling, where
ground workers are responsible for the regular collection of basic data in their stationed areas, and multiple
UAVs undertake cross-regional supplementary collection of remaining tasks.
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Figure 4. Optimization objective and task completion rate under different perception-execution modes

Figure 4 compares the system optimization objective values and task completion rates of the three schemes
under the same resource constraints. The left vertical axis represents the weighted data value corresponding to
the unit comprehensive cost, and the right vertical axis represents the task completion rate. It can be seen from
Figure 4 that the pure ground worker perception scheme is limited by the movement speed and spatial
distribution of ground workers, making it difficult to timely cover tasks far away from their resident areas,
resulting in a low overall system benefit. Although the pure UAV perception scheme has greatly improved the
task coverage capability, and its corresponding optimization objective value and task completion rate are
significantly better than those of the pure worker scheme, since UAVs need to take full responsibility for all
data collection tasks, the energy consumption during flight and hovering increases sharply, which limits the
improvement of data value under unit comprehensive cost and makes it difficult to achieve the optimal balance
between efficiency and cost.

In the ground-air hybrid perception scheme, ground workers give priority to completing regular perception
tasks in their stationed areas and adjacent surrounding areas, while UAVs focus on high-value tasks and long-
distance supplementary collection tasks. The task completion rate of this scheme is close to 100%, indicating
that this collaborative structure can complete most perception tasks within a limited time. At the same time, its
optimization objective value is the best among the three schemes, achieving a better balance among data value,
worker cost and UAV energy consumption. The above results show that by adopting the ground-air hybrid
perception structure combined with the distributed IE-DDQN multi-UAV collaborative scheduling strategy,
the performance of this scheme is significantly better than the single-agent perception of pure workers or pure
UAVs.

4.3. Analysis of the impact of different UAV data collection ratios

On the basis of determining the adoption of a ground-air hybrid perception structure and keeping the number
of workers and drones fixed, the proportion of data collection undertaken by drones has a significant impact
on system efficiency. In this section, under the premise that the number of workers and drones remains
unchanged, the proportion of data collection undertaken by drones is gradually increased from 30% to 70%.
For each configuration, the IE-DDQN algorithm is independently trained, and the system optimization target
value after the algorithm converges is calculated. The experimental results are shown in Figure 5 and 6, where
the error bars represent the standard deviation of multiple repeated experiments.
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Figure 5. Optimization objective under different UAV data collection ratios

Figure 5 shows the changes in the optimization objective under different UAV data collection ratios. It can
be seen from the results that when the UAV data collection ratio is within the range of [30%, 70%], the
optimization objective remains at a relatively high level of 83-87, which is significantly better than the
schemes using only workers or only UAVs. This indicates that regardless of the fluctuation in the proportion of
data volume undertaken by UAVs, as long as the ground-air hybrid sensing mode is adopted, the overall
efficiency of the system can stabilize on a "high-yield platform" and will not decline significantly due to small
adjustments in the division of labor ratio. Further analysis shows that with the increase in the UAV data
collection ratio, the optimization objective shows a slow downward trend. When the UAV data collection ratio
is low (e.g., 30%), ground workers can complete most routine collection tasks nearby, while UAVs focus on
cross-regional supplementary collection and high-priority tasks. This ensures coverage capability while
effectively controlling the energy consumption for flight and hovering, thus achieving the highest weighted
data value per unit comprehensive cost. However, when the UAV data collection ratio continues to increase,
more tasks that could have been completed on-site by workers are transferred to UAVs. The marginal benefit
of the additional flight energy consumption gradually decreases, and the extra flight energy consumption
accumulates continuously, eventually leading to a slight decline in the optimization objective. Overall, a
moderate UAV data collection ratio (e.g., 40%-50%) maintains high yields while avoiding unnecessary energy

consumption, making it a relatively economical configuration range.
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Figure 6. Task completion time and task completion rate under different UAV data collection ratios

To further analyze the impact of the UAV data collection ratio on system timeliness and reliability, Figure 6
presents the task completion time and task completion rate under different ratios. The bar chart in the figure
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corresponds to the task completion time, the line chart corresponds to the task completion rate, and the error
bars also represent the standard deviation of multiple experiments.

As can be seen from Figure 6, as the proportion of data collected by UAVs increases from 30% to 70%, the
overall task completion time shows an upward trend. That is, with the total amount of data fixed, assigning
more tasks to UAVs will prolong the overall completion time. This is because some tasks that were originally
quickly completed by workers near their stationed positions are transferred to UAVs, which need to take off,
fly, and hover, resulting in an increase in the overall maneuvering time and trajectory length. On the other
hand, the task completion rate remains stable at nearly 100% under all configurations and hardly changes with
the proportion of data collected by UAVs. This indicates that under the scheduling of IE-DDQN, the system
can ensure a task completion rate close to 100% within a wide range of UAV data collection ratios, showing
good reliability.

Overall, the change in the proportion of data collected by UAVs is mainly reflected in the dynamic trade-
off between cost and timeliness: moderately increasing the proportion of data collected by UAVs can enhance
the cross-regional supplementary collection capability, but an excessively high proportion will increase energy
consumption and time costs. The task completion rate remains close to 100% across the entire proportion
range, which further verifies the effectiveness and robustness of the proposed ground-air hybrid perception
and IE-DDQN algorithm. A moderate proportion of data collected by UAVs (such as 40% - 50%) can achieve
a more balanced multi-objective trade-off among benefits, costs, and timeliness.

5. Conclusion

This paper focuses on the ground-air hybrid sensing scenario under UAV-assisted MCS, constructing a system
utility model that includes task data value, ground worker costs, and UAV energy consumption, and models
multi-UAV  collaborative scheduling as a Dec-POMDP. To achieve efficient distributed multi-UAV
collaboration, a neighboring UAV information pooling module and an information interaction-driven
distributed multi-UAV collaborative sensing algorithm, IE-DDQN, are designed, which is suitable for
scenarios with insufficient cellular network coverage or damaged infrastructure. Experiments show that IE-
DDOQN has good convergence and robustness, and significantly outperforms the pure worker and pure UAV
baseline schemes in core indicators such as weighted data value per unit comprehensive cost, task completion
rate, and task completion time. Moreover, within the range of 30% to 70% UAV data collection ratio, it always
maintains a task completion rate close to 100%.

Future work will introduce more typical distributed multi-UAV collaborative algorithms for system
comparison under a unified Dec-POMDP modeling framework, and further verify the applicability of the
proposed method in more complex sensing scenarios.
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