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Abstract

The rapid advancement of intelligent unmanned systems has brought new opportunities
to mobile crowd sensing (MCS). Compared with traditional homogeneous frameworks,
heterogeneous air-ground collaborative multi-agent frameworks consisting of unmanned
aerial vehicles (UAVs) and unmanned ground vehicles (UGVs) exhibit superior flexibility and
efficiency in complex sensing tasks. Task allocation among agents is crucial for improving
overall MCS quality. To achieve efficient task allocation for heterogeneous collaborative
agents, this study investigated two typical complex multi-agent task allocation scenarios with
dual optimization objectives: (1) For the Air-Ground Few-Agents-More-Tasks (AG-FAMT)
scenario, the objectives are to maximize task completion and minimize total travel distance;
(2) For the Air-Ground More-Agents-Few-Tasks (AG-MAFT) scenario (task allocation based
on agent locations), the objectives are to minimize total travel distance and travel time cost.
Overall, in this paper, we proposed two algorithms: a multi-task minimum cost maximum
flow optimization algorithm called Multi-Task Minimum-Cost Maximum-Flow (MT-MCMF)
tailored for AG-FAMT, and a multi-objective optimization algorithm called Weighted Integer
Linear Programming (W-ILP) for AG-MAFT (with a focus on optimizing UAV charging path
planning). Experiments on a large-scale real-world dataset demonstrated that both proposed
algorithms outperform baseline methods under varying experimental settings (task quantity,
difficulty, and distribution), providing a novel approach to enhance the overall quality of
air-ground MCS tasks.

Keywords: mobile crowdsensing; unmanned aerial vehicle; unmanned ground vehicle;
multi-agent framework; multi-task allocation

1. Introduction
In the era of Internet of Things (IoT) and intelligent robots, the capability of MCS

has been greatly enhanced [1], rendering it particularly pivotal for contemporary social
governance [2]. Today, MCS has been widely deployed across diverse domains, including
real-time traffic monitoring [3], precipitation observation [4], air quality assessment [5],
and urban infrastructure development [6]. In recent years, although mobile devices such as
smartphones are becoming common in many MCS tasks [7], their large-scale application
still faces many challenges, especially when dealing with scenarios where human presence
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is difficult or impossible [8]. In this case, heterogeneous multi-agent systems, especially
air–ground robot systems (including UAVs [9] and UGVs [10]) can collaboratively play a
significant role in conducting real-time complex sensing tasks [11].

Although scenarios involving a single agent (for example, a moving camera based
on an unmanned aerial vehicle) have been extensively studied before [11], their applica-
tions in more challenging scenarios are still limited due to restricted capabilities [12,13].
As unmanned technology advances rapidly, UAVs and UGVs are increasingly utilized
collaboratively in numerous fields. This technological convergence has catalyzed the emer-
gence of heterogeneous multi-agent frameworks, particularly the air–ground collaborative
framework [14] that constitutes the focal point of this paper. Within such a framework,
UAVs with their aerial mobility and rapid coverage capabilities can collaborate with UGVs,
which possess higher load capacity and longer operational durations [15,16], to perform
complex mobile sensing tasks. Compared to homogeneous robotic systems, heterogeneous
multi-agent frameworks offer distinct advantages in terms of flexibility, efficiency of task
allocation, and diversity of supported tasks, rendering them a promising and valuable
research direction for mobile crowdsensing [17].

Simultaneously, both UAVs and UGVs encounter significant challenges when exe-
cuting multiple missions. While UAVs exhibit high maneuverability and broad spatial
coverage, their operational capabilities are constrained by limited battery life, which re-
stricts both flight endurance and effective sensing range [18]. Conversely, UGVs typically
offer extended operational endurance and greater autonomy. However, they are generally
characterized by slower mobility and more limited sensing coverage [19]. In this con-
text, integrating UAVs and UGVs into an air–ground collaborative framework presents
a promising strategy to address these limitations and exploit their complementary capa-
bilities. Such collaboration not only facilitates a more balanced trade-off between sensing
coverage and sensing duration but also enhances the overall efficiency of MCS tasks [20,21].
Moreover, by leveraging diverse perspectives afforded through operation at varying angles
and altitudes, air–ground collaboration can significantly improve the comprehensiveness
of sensory data collection and thereby create new opportunities for the effective execution
of sensing missions [22,23].

However, despite the growing body of research on air–ground collaborative frame-
works in recent years [24,25], heterogeneous task allocation (i.e., one of the most critical
mechanisms) has received relatively limited attention, particularly within the context of
UAV–UGV (unmanned aerial vehicle–unmanned ground vehicle) collaboration [26]. Tradi-
tional task allocation approaches are predominantly designed for homogeneous systems,
where agents are typically selected based on uniform criteria [27]. In contrast, the inherent
heterogeneity of air–ground collaborative frameworks introduces significant complexity
into the task allocation process, necessitating a more nuanced consideration of the distinct
capabilities, constraints, and operational characteristics of each agent type [19]. Indeed, in
resource-constrained ubiquitous systems, such as the air–ground collaborative framework
under consideration, effective task allocation plays a pivotal role [28]: it not only enhances
overall task completion efficiency and optimizes agent trajectories but also substantially
reduces redundant movements across the multi-agent system, thereby conserving energy
and computational resources.

Despite these efforts, existing studies still exhibit three fundamental limitations. First,
most existing task allocation approaches treat task assignment and path planning as two
separate problems, where agents are first selected and then routes are determined. This
decoupled design fundamentally limits the optimality of task allocation, especially in multi-
task scenarios. Second, prior work implicitly assumes a single task-agent configuration,
without distinguishing between fundamentally different scenarios such as resource-scarce
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and resource-abundant settings. Third, current frameworks often consider only partial system
components, lacking a holistic integration of sensing, allocation, and energy sustainability.

Importantly, the contribution of this work goes beyond a simple integration of existing
optimization tools. Rather than focusing on designing a new optimization primitive, this
paper introduces a fundamentally different modeling perspective for heterogeneous task
allocation. Specifically, we reformulate the problem as a task-set-oriented allocation
model, where each agent is assigned a set of tasks rather than independent tasks, thereby
unifying multi-task assignment and path planning into a single optimization framework.
This formulation departs from conventional one-to-one assignment models by explicitly
capturing inter-task dependencies and execution-level coupling.

Furthermore, we propose a scenario-driven modeling paradigm, in which two represen-
tative but structurally distinct configurations—AG-FAMT and AG-MAFT—are explicitly iden-
tified and formulated separately. Finally, we develop an integrated air–ground collaborative
framework that jointly considers sensing, task allocation, and UAV charging coordination.

Based on the above modeling perspective, we further identify two representative task-
agent configurations [29]: the few-agents-more-tasks scenario and the more-agents-few-tasks
scenario, denoted as AG-FAMT (Air-Ground Few Agents More Tasks) and AG-MAFT
(Air-Ground More Agents Few Tasks), respectively (as shown in Figure 1).

Figure 1. Two scenarios of agents selection.

In the AG-FAMT scenario, the number of tasks exceeds the available agents, requiring
each agent to execute multiple tasks. Under this setting, the optimization objective is
to maximize the number of completed tasks while minimizing the total travel distance,
which naturally leads to a coupled combinatorial optimization problem involving task-
set selection and path planning. In contrast, the AG-MAFT scenario considers the case
where agent resources are relatively sufficient compared to the number of tasks. In this
setting, each agent is typically assigned a single task, and the allocation focuses on selecting
suitable agents under spatial proximity and capability constraints. The objective is to mini-
mize both travel distance and execution time while ensuring task quality and preserving
location privacy.

The main contributions of this paper are summarized as follows:
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1. We develop a task-set-oriented optimization framework for heterogeneous UAV–UGV
systems, in which each agent is assigned a set of tasks and the execution cost is
evaluated jointly through integrated task selection and path planning.

2. We design two tailored optimization models for different task-agent configurations.
For the AG-FAMT scenario, we formulate a combinatorial optimization model and
solve it using an extended MCMF-based approach. For the AG-MAFT scenario,
we construct a structured ILP model incorporating spatial-region constraints and
capability matching.

3. We implement an integrated air–ground collaborative system that combines task
allocation with UAV charging coordination, including a predictive charging trajectory
planning mechanism to support long-term sensing tasks.

4. We conduct extensive experiments under diverse task distributions and system set-
tings, demonstrating the effectiveness and robustness of the proposed framework
compared with baseline methods.

The remainder of this paper is organized as follows: Section 2 reviews related work.
Section 3 presents the system model and problem formulation for the AG-FAMT and AG-
MAFT scenarios. Section 4 details the performance evaluation. Sections 5 and 6 provide
discussion and conclude the paper, respectively.

2. Related Work
2.1. Mobile Crowdsensing

MCS is a paradigm that leverages widely distributed mobile devices to collect spa-
tiotemporal data by harnessing their integrated sensing, computing, and communication
capabilities [30,31]. This approach enables large-scale monitoring and data acquisition
across diverse domains, including environmental and social contexts. In recent years, MCS
has garnered significant scholarly attention and spurred extensive research. For instance,
Mohan et al. [32] demonstrated the feasibility of continuous environmental monitoring
using low-cost mobile devices. Similarly, Mednis et al. [6] investigated real-time road sur-
face monitoring to enhance urban surveillance capabilities. Furthermore, Pawar et al. [33]
proposed a framework that integrates mobile sensors with neural networks, substantially
improving the accuracy of real-time urban sensing systems.

Existing MCS platforms primarily focus on three core components: task publish-
ing [34], data collection [35], and participant selection [36], often operating under single-
task scenarios. However, as MCS technology advances, the problem of task allocation has
emerged as a critical challenge that significantly affects both the efficiency and quality of
MCS operations [35]. Effective task allocation must account for diverse participant capabili-
ties, heterogeneous sensing requirements, spatiotemporal constraints, and resource limita-
tions, which are both factors that are especially pronounced in multi-task environments.

Previously, Zhao et al. [37] proposed an approach that enhances data accuracy and
integrity by reducing the communication overhead between aggregation nodes. This
method demonstrates stronger privacy-preserving capabilities compared to conventional
sensing auction models. Nevertheless, like most existing solutions, previous methods often
remain limited in their ability to jointly optimize task assignment, resource utilization, and
privacy guarantees within dynamic, large-scale, and heterogeneous MCS ecosystems [38].
Consequently, there is a pressing need for novel frameworks that can holistically address
these intertwined challenges—particularly in emerging paradigms such as air–ground col-
laborative crowdsensing, where UAVs and UGVs introduce additional layers of complexity
in collaboration, coverage, and energy-aware scheduling [39]. This paper seeks to bridge
this gap by proposing an integrated task allocation mechanism tailored for heterogeneous
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multi-agent MCS systems, with explicit consideration of system efficiency, scalability, and
privacy preservation.

2.2. Air-Ground Collaborative Systems

As MCS faces growing challenges in complex environments, the limited adaptability of
homogeneous robotic systems—characterized by uniform agent capabilities—hinders their
ability to meet diverse task requirements [40]. To address these limitations, recent advances
in multi-agent technologies and the proliferation of multi-agent frameworks across domains
have spurred interest in air–ground collaborative architectures [41]. Such frameworks
synergistically integrate UAVs and UGVs to enhance MCS efficiency, data accuracy, and
environmental mapping fidelity: UAVs enable large-scale, rapid data collection from above,
while UGVs provide complementary ground-level sensing and support, thereby improving
overall perception performance [42,43]. For instance, Sun et al. [22] proposed a UAV-based
data collection method for Internet of Things (IoT) networks that optimizes flight speed,
hovering position, and bandwidth allocation. Meanwhile, Wei et al. [23] improved UAV
navigation and mission efficiency through an incentive mechanism for path planning in
complex environments.

Meanwhile, task allocation within multi-agent frameworks continues to face significant
challenges. As the scale of such systems grows and the diversity of heterogeneous agents
increases, traditional centralized task assignment approaches encounter substantial limita-
tions, particularly in terms of computational complexity and communication overhead [44].
In response, distributed task allocation algorithms have become a prevalent strategy in
heterogeneous multi-agent systems, allowing individual agents to make allocation deci-
sions based on local information, including their own state and task requirements [45]. This
paradigm not only mitigates the computational burden inherent in centralized scheduling
but also improves the overall scalability and robustness of the system [46,47]. Furthermore,
game-theoretic approaches to task allocation have attracted considerable attention in the
literature due to their ability to model strategic interactions among self-interested or co-
operative agents [48,49]. Despite these methodological advances, human interventions
remain indispensable for providing real-time feedback, handling anomalous situations,
and ensuring the validity and reliability of collected data [50,51].

2.3. Task Allocation

Task allocation, defined as the process of assigning tasks to suitable executors, plays
a pivotal role in MCS, as the choice of executors directly affects both the efficiency and
quality of task execution [52]. In the context of crowdsourcing, two predominant paradigms
for task assignment have emerged: (1) executor-initiated autonomous selection [53] and
(2) centralized allocation orchestrated by a coordinating server [54]. Liu et al. [29] examined
the influence of multiple factors on multi-task assignment within mobile crowds, with
a particular focus on three critical dimensions: the number of participants, the volume
of tasks, and the urgency associated with each task. In a related study, Song et al. [55]
tackled the heterogeneous Quality of Information (QoI) requirements inherent in spatial
crowdsourcing tasks and proposed a multi-task allocation strategy designed to identify a
minimal set of workers capable of satisfying the QoI demands of concurrent tasks while
remaining within a prescribed total budget. Furthermore, the ActiveCrowd [56] framework
investigated the problem of multitask workload scheduling under both intentional and
unintentional mobility scenarios, thereby accommodating time-sensitive tasks and delay-
tolerant tasks, respectively.

The preceding analysis explicitly highlights the multiple advantages inherent in air–
ground collaborative frameworks. In the present study, a multi-task allocation framework
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integrating UAVs and UGVs is proposed, with a specific focus on the correlation between
task quantity and agent number.

Recent studies have emphasized the importance of robustness and generalization
under distribution shifts. For example, Chen et al. [57] propose a domain generalization
framework that learns category-invariant disentangled features to improve performance
across varying operating conditions.

More broadly, domain generalization methods aim to learn representations that re-
main effective across unseen environments. Muandet et al. [58] introduce invariant feature
learning to reduce domain discrepancy, while Ganin et al. [59] propose domain-adversarial
training to improve robustness against distribution shifts. These works highlight the impor-
tance of designing systems that can generalize across diverse and dynamic environments.

In the context of mobile crowdsensing and air–ground collaborative systems, task dis-
tributions and environmental conditions may vary significantly across different scenarios.
While our work focuses on a modeling-level reformulation of heterogeneous task allocation,
incorporating robustness and generalization into the proposed framework remains an
important direction for future research.

3. System Model and Problem Description
3.1. Unified Framework Overview

To address the heterogeneous task allocation problem in air–ground collaborative
systems, we propose a unified framework that integrates task allocation and energy sus-
tainability under different task-agent configurations.

Figure 2 provides an overview of the proposed unified framework. As illustrated in
Figure 2, the framework consists of three tightly coupled components:

(1) Scenario-aware task allocation module: The system distinguishes between AG-
FAMT and AG-MAFT based on the task–agent relationship. For AG-FAMT, a task-
set-oriented combinatorial optimization model is adopted to jointly optimize task
assignment and path planning. For AG-MAFT, a constraint-aware allocation model
incorporating spatial-region and capability constraints is employed.

(2) Heterogeneous agent coordination: The framework leverages the complementary
characteristics of UAVs and UGVs, including mobility, sensing capability, and en-
durance, to enable efficient cross-platform task execution.

(3) UAV charging support mechanism: To support long-term task execution, a predic-
tive charging trajectory planning (PCTP) mechanism is introduced, where UGVs
dynamically provide charging services to UAVs.

These components are tightly integrated within a unified optimization framework
rather than treated as independent modules. In particular, the charging mechanism is
inherently coupled with the AG-MAFT scenario, where long-term sensing tasks impose
strict energy sustainability requirements.

Based on the above unified framework, we next present the system model and formu-
late the corresponding optimization problems.

3.2. System Model

As shown in Figure 1, we consider a heterogeneous multi-agent air-ground col-
laborative MCS framework involving obstacles (e.g., buildings), UAVs, UGVs, task
points, and boundary areas. Let the set of UAVs be denoted as X = {x1, x2, . . . , xs},
the set of UGVs as Y = {y1, y2, . . . , yt}, and the overall agent set as U = {X + Y} =

{x1, x2, . . . , xs, y1, y2, . . . , yt}. The task set is defined as T = {t1, t2, . . . , tn}, where the num-
ber of UAVs is s, the number of UGVs is t, the number of tasks is N and the total number of
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agents M = s + t. Obstacles are represented as Ob = {ob1, ob2, . . . , oba}, with a total of a
obstacles. The agents and tasks are distributed within a physically bounded area.

Figure 2. A unified framework for heterogeneous air–ground collaborative task allocation integrating
scenario-aware optimization and energy sustainability mechanisms.

The basic information for each task can be expressed as a tuple < (xi, yi, hi), ci1, . . . , cin >,
with UAV information given by < (xj, yj, hj), cj1, . . . , cjn >, and UGV information as
< (xk, yk, hk), ck1, . . . , ckn >. This information includes location details, represented in
a 3D Cartesian coordinate system (x, y, h). The set {ci1, ci2, . . . , cin} represents the re-
quired capability levels across types for task ti (1, 2, . . . , n), while {cj1, cj2, . . . , cjn} and
{ck1, ck2, . . . , ckn}, respectively, denote the capability levels of UAVs and UGVs for each
capability type (1, 2, . . . , n).

3.3. Problem Description
3.3.1. AG-FAMT (Air-Ground Few Agents More Tasks) (N > M)

In the AG-FAMT (Air-Ground Few Agents More Tasks) scenario, the quantity of
tasks is greater than that of available agents, which frequently involves time-critical tasks.
A typical example is the urban environmental sensing mission carried out after severe
weather events, such as typhoons—specifically, the monitoring of water level fluctuations
and the assessment of structural damage to buildings as well as vegetation (e.g., trees) in the
aftermath of such disasters. Each agent is required to undertake multiple tasks sequentially
or concurrently, and must navigate to predefined target locations to fulfill these assigned
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tasks. Under such circumstances, travel distance emerges as a crucial influencing factor:
a shorter travel distance between task locations can effectively reduce the overall task
completion cycle and improve mission efficiency.

In this context, the optimization objectives are defined as maximizing the total number
of tasks successfully completed and minimizing the cumulative travel distance of all agents.
Considering the urgency of the tasks and the scarcity of agent resources, incentive costs
and the potential risk of leakage of agents’ precise location information are excluded from
the scope of consideration in this scenario. To improve the quality and reliability of sensing
tasks, it is necessary for multiple agents to collaborate in the execution of each individual
task. Meanwhile, an upper limit is set on the number of agents permitted to participate in a
single task, so as to prevent data redundancy caused by excessive agent involvement. Based
on the above consideration, for AG-FAMT, each agent is necessary to complete multiple
tasks. In order to balance task quality and agent fairness, a task upper limit of qi, (i = 1, 2)
is set for each type of agent, where q1 is the task upper limit of UAV and q2 is the task upper
limit of UGV. We assume that the travel time is proportional to the travel distance, thus
transforming the goal of minimizing the task completion time into the goal of minimizing
the travel distance.

3.3.2. AG-MAFT (Air-Ground More Agents Few Tasks) (N < M)

In contrast to the AG-FAMT scenario, the AG-MAFT (Air-Ground More Agents Few
Tasks) scenario is characterized by an excess of agents relative to tasks. More specifically,
in this scenario, some tasks do not demand the extensive participation of a large number
of agents, whereas others require uninterrupted execution—typical examples include air
quality continuous monitoring and ongoing urban safety patrol missions. For the AG-
MAFT scenario, given the sufficiency of agent resources, agents can be allocated in a flexible
manner to enhance the execution quality of tasks. In this context, each agent is only required
to undertake one single task, and a preliminary inspection is conducted beforehand to verify
that each agent meets the minimum competency criteria for performing the assigned task.
Owing to the non-urgent nature of the tasks in this scenario, precise location data of the
agents is not a prerequisite. Instead, tasks can be selected within a predefined range around
each agent’s approximate location, thereby safeguarding the agents’ location privacy.

This study classifies tasks according to distance and spatial requirements. Given
that UAVs can operate at high speeds, they can greatly expand the perception scope of
long-distance tasks. In contrast, UGVs are more suitable for close-range tasks, which can
reduce the travel distance and improve the response efficiency. To ensure task success, task
allocation optimization and selection of agents meeting the minimum execution thresholds
are essential. In the scenario of AG-FAMT, we strive to maximize the number of completed
tasks while minimizing the total travel distance. In the AG-MAFT scenario, we aim to
complete all tasks while minimizing the agents’ travel time cost and the total travel distance.
Moreover, in the AG-MAFT scenario, where long-term and continuous tasks are prevalent,
energy sustainability becomes a critical constraint. Therefore, we integrate a UAV charging
support mechanism into the allocation framework to ensure continuous task execution.

3.4. Problem Formulation

Based on the unified framework described above, we next formulate the task allocation
problems under two representative configurations, namely AG-FAMT and AG-MAFT.

3.4.1. AG-FAMT Formulation

Within a defined area, given a set of agents U = X + Y = {x1, x2, . . . , xs, y1, y2, . . . , yt},
assume that the task execution limits for heterogeneous robots are q = q1, q2 (where
q1 is the task limit for UAVs and q2 is the task limit for UGVs). The set of pub-
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lished tasks is T = {t1, t2, . . . , tn}, where each task ti can be assigned to at most pi

agents (assignment to UAVs is represented by xij, and assignment to UGVs by yik).
We use UTi = {xi1, xi2, . . . , yi1, yi2} to denote the set of agents assigned to task ti, and
TUj = {x1j, x2j, . . .} or TUk = {y1k, y2k, . . .} to, respectively, represent the set of tasks
assigned to UAV xj and UGV yk. Let S denote the maximum movable distance for an
agent. Considering the endurance limitations of agents, the travel distance required to
execute each task must be evaluated before task assignment. Additionally, D(TUj) and
D(TUk) represent the total travel distance for completing the set of tasks assigned to
each UAV and UGV, respectively. Therefore, AG-FAMT problem can be formulated using
Equations (1)–(6):

q

∑
i=1

√
(xj − xi)2 + (yj − yi)2 + (hj − hi)2

= D(TUj/k)

(1)

maximize
m

∑
i=1

|TUj/k| (2)

minimize
m

∑
i=1

D(TUj/k) (3)

|TUj/k| = q (q = q1, q2), (1 ≤ j ≤ s, 1 ≤ k ≤ t) (4)

|UTi| <= pi (1 ≤ i ≤ n) (5)

D(TUj/k) ≤ S (6)

The AG-FAMT problem presents two primary challenges: first, ensuring that each
agent can complete multiple tasks, and second, achieving the dual optimization objectives
of maximizing the total number of completed tasks and minimizing the agents’ total
travel distance. Addressing the first challenge involves selecting multiple tasks for each
agent, which is a complex dynamic process. In the AG-FAMT scenario, not only is there a
combinatorial problem between tasks and agents, but the execution path for each agent
must also be planned to achieve the shortest travel distance. Given the combination of task
allocation and path optimization, finding a comprehensive algorithm to solve the AG-FAMT
problem is challenging. Therefore, we plan to calculate the set of all executable tasks for
each agent and seek an optimal solution to the combinatorial optimization problem, which
could be an effective approach. For the second challenge, achieving both optimization
objectives simultaneously is infeasible, as they are often contradictory. We thus try to
balance the objectives of maximizing task completion and minimizing total travel distance
to find a compromise solution.

On the basis of analyzing the AG-FAMT problem, we adopt the Minimum Cost
Maximum Flow (MCMF) model for solving it [60]. The MCMF model is a classic method
for solving dual objective optimization problems. We transformed the AG-FAMT problem
into an MCMF problem and constructed a new MCMF model called MT-MCMF by setting
various constraints to achieve effective task allocation and path planning. This method can
help ensure the completion of tasks while minimizing the total travel distance of agents,
thereby optimizing overall system performance.

3.4.2. Algorithm: MT-MCMF

The MT-MCMF (Multi Task Minimum Cost Maximum Flow) algorithm is based
on MCMF theory, with the goal of maximizing the number of completed tasks while
minimizing the total travel distance of a given set of agents and tasks. The core of MCMF
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model is to find the optimal path set that generates the maximum traffic at the minimum
cost. We transform the AG-MAFT problem into an MCMF problem, where the total travel
distance represents cost and the total number of completed tasks represents flow. We
combine the minimum cost and maximum flow problem with the goals of minimizing
travel distance and maximizing task completion.

In the MT-MCMF model graph, each edge has a capacity, flow, and cost. The capacity
of an edge denotes the maximum flow it can carry, representing the maximum number of
tasks. However, several challenges arise with direct application of the MT-MCMF model:
(1) the flow network cannot consist solely of agent and task nodes; (2) representing each
agent’s path with q tasks is complex; (3) the distinct requirements of agents and tasks need
clear representation within the flow network. To address these issues, we restructured the
MT-MCMF model as illustrated in Figure 3 and made the following three modifications:

Figure 3. MT-MCMF model of AG-FAMT problem.

(1) Source and sink nodes: We introduced source and sink nodes into the flow network.
For edges between the source node and agent nodes, each edge has a capacity of qi

(i = 1, 2), reflecting the qi tasks that each agent must complete. The cost of these edges
is set to zero, as they solely carry incoming flow without involving move distance.
Additionally, the flow from agent nodes through task nodes into the sink node reflects
task completion. The total maximum flow of the sink node is set to n × p, as each task
can be performed by up to p agents. Each edge between the task nodes and the sink
node has a capacity of p and a cost of zero. The actual flow to the sink node represents
the total number of agents completing each task.

(2) Task sets and secondary nodes: We pre-enumerate all possible task sets, where each
set contains q tasks selected from the total N tasks, yielding a total of Cq

N task sets.
Each agent can select any task set to perform. We first calculate the shortest path
from each agent to every individual task in the task set, and assign the length of each
path as the cost of the corresponding edge in the network. Notably, the task sets
constructed in the flow network do not predefine an explicit order for task completion.
To address this characteristic, we draw on the classical solution paradigm of the
Traveling Salesman Problem (TSP), and precompute the shortest paths between each
agent and all tasks within a given task set. Consequently, the edge cost connecting
agent nodes to task set nodes is defined as the TSP-based travel distance required for
a single agent to complete all tasks in the corresponding set.
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(3) Tertiary nodes for task completion status: We set different capacities on edges to meet
the specific requirements of agents and tasks. Assuming that each task set can only be
executed by one agent, we set the capacity of edges between task nodes and the sink
node to p, as each task can be performed by up to p agents.

With the aforementioned improvements, the MT-MCMF model can be leveraged
more effectively to address the AG-MAFT problem, which enables the completion of the
maximum number of tasks while minimizing the total travel distance of all agents, thus
achieving an optimized performance of the entire multi-agent system.

Overall, the MT-MCMF algorithm (see Algorithm 1) consists of two main components:
constructing the flow network within the MT-MCMF model and finding the optimal
solution in the flow network. Given an agent set with M agents and a total of N tasks,
each agent is required to complete q tasks. Therefore, these tasks can be grouped into Cq

N
task sets, where Cq

N represents the number of combinations of choosing q tasks from N
tasks, thus forming the task set TT. Consequently, there are a total of M × Cq

N possible
TSP problems for all task-execution sets. Based on our assumptions, the constructed flow
network G = (V, E, C, W) includes nodes V, edges E, capacities C for each edge, and total
costs W for each edge. The process of obtaining the optimal solution from the flow network
constructed by MT-MCMF is as follows: First, initialize the flow f to zero, then iteratively
find an augmenting path until no further paths are available, and return the final flow f .
Note that the flow of edges between agent nodes and task set nodes can be zero, indicating
that the agent did not choose to execute that task set. At the same time, the flow value
q means that the agent has carried out q tasks from that specific task set TT. Finally, the
agent set Agents and its corresponding completed task set TT are outputted. Through
these steps, the MT-MCMF algorithm effectively optimizes task allocation among agents in
the flow network, achieving the goals of maximizing task completion and minimizing total
travel distance.

Algorithm 1 MT-MCMF

Input: The agent set A(M) and the task set T(N).
Output: The selected AT set and the corresponding minimum distance d.

1: Connect the source node to each agent node (from 0 to M), where the edge cost c = 0
and the flow upper limit is q.

2: Create C(n, q) transfer sets TT. Connect each agent node to the task set (from M to
M + Cq

N)), with edge cost c equal to the minimum distance (calculated using TSP to
obtain the minimum distance).

3: Link each TT set to each task node, adding connections from M + Cq
N to M + Cq

N + N,
and then connect all these nodes to the sink node.

4: Create the flow network (V, E, C, W).
5: Initialize the flow f = 0.
6: while there exists an augmenting path in the residual network G f do
7: Select the augmenting path p∗ with minimum cost.
8: Set c f (p∗) = q.
9: Augment the flow f along p∗ with c f (p∗).

10: end while
11: Return the agent-task assignment A-T.
12: Output the assignment A-T and the total minimum distance.

Complexity Analysis and Practical Considerations

The computational complexity of the MT-MCMF formulation is dominated by
two components: (i) the enumeration of task sets, and (ii) the evaluation of correspond-
ing TSP-based paths. Specifically, the number of candidate task sets is Cq

N , which
leads to a combinatorial growth in complexity with respect to the task number N
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and the task set size q. Accordingly, the overall time complexity can be expressed as
O(m × Cq

N × q3) + O(m × q × (m + n) + Cq
N), where the first term corresponds to the

TSP-based path computation and the second term corresponds to solving the flow network.
However, in practical MCS scenarios, the parameter q is typically small, since each

agent can only execute a limited number of tasks within a given time window due to
physical and operational constraints. Moreover, the number of available agents is usually
moderate, which further restricts the effective search space. Under such settings, the
proposed MT-MCMF model remains computationally feasible.

To further improve scalability, several optimization strategies can be considered.
First, candidate task sets can be pruned based on spatial proximity or feasibility con-
straints, thereby reducing the number of combinations to be evaluated. Second, heuristic or
sampling-based approaches can be employed to approximate the optimal task set selection
without exhaustively enumerating all possibilities. Third, parallel computation can be
utilized to accelerate the evaluation of task sets and shortest paths.

Importantly, the combinatorial formulation is essential for capturing task interdepen-
dencies and path coupling, which cannot be modeled by conventional assignment-based
approaches. Therefore, while the worst-case complexity of the MT-MCMF formulation
is combinatorial, the proposed method remains practical for typical MCS scenarios with
bounded task-set sizes and moderate system scales.

3.4.3. AG-MAFT Formulation

Given a set of predefined sensing range, represented as A = {A1, A2, . . . , Ai, . . . , Am},
each zone includes a group of agents regularly active in that area, denoted as Ai = {a1, a2, . . .}.
Additionally, there are several sensing tasks represented by T = {t1, . . . , tj, . . . tn}, where each
task tj is assigned to pj agents. Note that Dij represents the distance between agents in zone
Ai and task tj. Furthermore, xij denotes the number of agents in zone Ai assigned to com-
plete task tj. Therefore, the AG-MAFT problem can be represented by Equations (7)–(10):

minimize
m

∑
i=1

n

∑
j=1

Dij × xij (7)

n

∑
j=1

xij ≤ |Ai| (i ≤ j ≤ m) (8)

m

∑
i=1

xij = pij(i ≤ j ≤ n) (9)

xij ∈ Zn (10)

Given the sufficient agent resources under AG-MAFT, we set higher standards for
task completion quality, allowing agents to execute tasks only if all capability require-
ments exceed the task requirements. The capability calculation formulas are shown in
Equations (11) and (12):

e f fij = (
ci1
cj1

+
ci2
cj2

+ . . . +
cin
cjn

) × coij (11)

coij =

{
2 , i f ∀ 1 ≤ k ≤ n : cik > cjk
1
2 , otherwise

(12)

The main challenge in the AG-MAFT scenario involves two conflicting optimization
goals: minimizing movement time costs and travel distances. In order to solve the AG-
MAFT problem, we adopt a multi-objective optimization model. Briefly, the main approach
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to solve a multi-objective optimization problem is to transform it into a single-objective
problem. We use linear weighting to achieve this.

3.4.4. Algorithm: Linear Weighting Method

The core idea of the linear weighting method lies in converting a multi-objective
optimization problem into a composite objective function by assigning distinct weights
to each individual objective, thereby simplifying the optimization process. A critical
consideration is that time cost and distance are measured on disparate scales, rendering
their direct summation infeasible. The transformation of the AG-MAFT problem into
a single-objective optimization problem via the linear weighting method encompasses
two key steps: first, normalizing the original objective functions to eliminate scale discrep-
ancies; second, determining the weight coefficients for each objective to reflect their relative
importance in the overall optimization framework. The scaling model we use is shown in
Equation (13):

f ′(x) =
f (x)− f min

f max − f min (13)

In this model, f (x) represents the value of the objective function, while f max and f min,
respectively, represent the maximum and minimum values of the objective function.

More precisely, since the objectives of move time cost and travel distance belong to
different dimensions, we use two weights, kt and kd, to represent the weights for move time
cost and travel distance, respectively. By applying weighted summation to the normalized
objective functions, we formulate a single-objective optimization problem. Consequently,
the objective function for AG-MAFT is transformed into Equation (14):

minimize kt ×
∑i Ti · ∑j xij − Tmin

Tmax − Tmin

+ kd ×
∑i ∑j Dij · xij − Dmin

Dmax − Dmin

(14)

Clearly, the AG-MAFT problem is an Integer Linear Programming (ILP) problem,
and we use the branch-and-bound method for ILP to obtain the optimal solution for the
weights. Based on the above analysis, we also apply the K-means clustering algorithm for
preliminary task classification.

The W-ILP algorithm (see Algorithm 2) is used to solve the AG-MAFT problem and
consists of two parts: the first part calculates the maximum and minimum values of
time and distance, and applies the linear weighting method to generalize the new single-
objective optimization problem; the second part uses the branch-and-bound method to
solve this problem. The W-ILP algorithm greedily selects agents with the shortest travel
time, meaning agents with faster movement speeds are chosen to perform tasks to minimize
move time, resulting in a potential increase in total distance traveled. Additionally, when
considering total travel distance, each task should be performed by the closest agent to
minimize overall distance, disregarding time cost.

Through these steps, the AG-MAFT problem is successfully transformed into a single-
objective optimization problem, and further into an integer linear programming problem,
where the optimal solution is obtained via the branch-and-bound method. W-ILP first
generates a rooted tree based on the relaxed solution of the ILP problem, determining upper
and lower bounds for each current solution. Subsequently, the original optimal solution is
continuously adjusted until the integer constraints for the variables are satisfied, involving
three steps: branching, bounding, and pruning. Finally, W-ILP outputs the number of
agents per task in each area.
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Algorithm 2 W-ILP

Input: The agent set A(M) and the task set T(N).
Output: Agent-task allocation and minimum total distance and time cost.

1: Identify Task-Intensive Regions: Define task execution regions and assign existing
agents with capabilities and communication abilities.

2: Agent-Task Matching: Minimize the weighted sum of time and distance for assign-
ments:

minimize ∑
i,j

(
kt · timeij + kd · distanceij

)
xij

subject to:
∑

j
xij = pi, ∑

i
xij ≤ 1, xij ∈ {0, 1}

After assignment, UAVs that receive tasks can move toward the task locations.
3: Establish UGV-UAV Sets: Group UAVs around UGVs using K-means or nearest-

distance methods. Assign each UAV to a UGV for recharging.
4: Return UAVs for Charging: After tasks are completed, UAVs return to UGVs for

recharging.

To improve task allocation efficiency, this paper also applies the K-means clustering
algorithm for preliminary task classification. The K-means clustering algorithm groups
tasks into clusters based on the location information of UAVs and UGVs, so that tasks
within each cluster are geographically close, thereby reducing the travel distance for agents.

3.4.5. UAV Charging Mechanism (PCTP)

Within the proposed unified framework, the UAV charging mechanism serves as a
critical component to support long-term task execution, particularly in the AG-MAFT
scenario. In such scenarios, UAVs are frequently deployed for continuous sensing tasks,
where uninterrupted operation is essential. However, the limited battery capacity of UAVs
poses a significant constraint on long-duration missions. Once the battery is depleted
during task execution, task interruption and degraded sensing quality may occur.

To address this issue, we incorporate a UAV charging support mechanism into the
unified framework, enabling dynamic energy replenishment during task execution. This
mechanism ensures continuous operation of UAVs and enhances the robustness of long-
term sensing tasks. Consequently, the charging process is not treated as an independent
module but is tightly integrated into the AG-MAFT scenario within the unified framework.

Design Motivation and Rationale

The UAV–UGV charging problem can be formulated as a dynamic rendezvous op-
timization problem, where UAVs with limited energy must meet mobile UGV charging
stations under time and energy constraints. Solving this problem optimally requires jointly
considering multiple factors, including UAV trajectories, UGV movement, energy con-
sumption, and time-dependent interactions among multiple UAVs and UGVs.

However, obtaining an exact optimal solution is computationally intractable in practice,
as it involves a high-dimensional and dynamically coupled optimization process. Therefore,
instead of pursuing a computationally expensive global optimization, we adopt a heuristic
trajectory planning strategy that balances solution quality and computational efficiency.

Building upon the above motivation, we design a Predictive Charging Trajectory
Planning (PCTP) algorithm, where each UGV is responsible for charging multiple UAVs [42]
to improve resource utilization and efficiency. This centralized charging strategy enables
adaptive charging decisions and reduces task interruptions, thereby enhancing overall
system efficiency.
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The PCTP algorithm is designed based on three key factors: (i) spatial distance between
UAVs and UGVs, (ii) UAV energy levels, and (iii) relative motion dynamics. By integrating
these factors into a unified trajectory adjustment mechanism, the algorithm enables the
UGV to adaptively move toward multiple UAVs requiring charging, thereby approximating
an efficient rendezvous solution.

Specifically, the direction of UGV movement is determined by the vector aggregation of
the relative positions of UAVs approaching for charging. The movement speed is adjusted
according to UAV flight speed, remaining energy, and relative distance. The velocity
components are designed to be inversely proportional to the UAV flight speed vUAVi and
remaining energy EUAVi , and directly proportional to the initial distance dUAVi . This design
reflects the intuition that UAVs with lower remaining energy and larger distances should
be prioritized in the rendezvous process, thereby reducing the risk of task interruption.

Although the PCTP algorithm does not guarantee global optimality, it provides a
computationally efficient and practically effective approximation for dynamic UAV–UGV
rendezvous. Such a design is particularly suitable for real-time and large-scale air–ground
collaborative systems, where exact optimization is often infeasible.

The PCTP algorithm calculates the energy consumption required for a UAV to move
to its task location based on the UAV’s current position and task location. This energy
consumption is proportional to the travel distance, flight time, and task execution time.
Since each UGV in a given area is responsible for charging multiple UAVs, UAVs must
autonomously move to the UGV’s location for charging. When a UAV’s battery reaches
a critical level during task execution, it communicates with the UGV to calculate their
distance and reserves enough energy to fly back to the UGV for charging.

During the period when the UAV is approaching the UGV for charging, the UGV
calculates and adjusts its direction and speed based on the movement speed and trajectory
of the UAV it is responsible for. Specifically, the direction of movement of the UGV is
determined by the vector sum of coordinates between its current position and the UAVs
flying towards it for charging. The movement speed in each direction is determined by
the flight speed of the UAV, the remaining battery, and the initial distance. The velocity
components of the UGV in each direction are inversely proportional to the flight speed
vUAVi of the UAV and the remaining battery EUAVi , and directly proportional to the initial
distance dUAVi . The final movement speed of the UGV is the sum of the velocity vectors in
these directions. The UGV moves in the calculated direction and at the designated speed,
while the UAV approaches the UGV until the distance between them is less than the preset
charging distance, at which point charging begins. The trajectory of the UAV charging the
UGV is shown in Figure 4.

The initial position of the UGV is (X, Y), and the initial position of each UAVi is (xi, yi).
The movement direction DUGV of the UGV is determined by the sum of the position vectors
between it and each UAVi:

DUGV = ∑
i
((xi − X), (yi − Y)) (15)

Then, DUGV is normalized to obtain the unit direction vector D̂UGV :

D̂UGV =
DUGV

∥DUGV∥

=
∑i((xi − X), (yi − Y))√

(∑i(xi − X))2 + (∑i(yi − Y))2

(16)
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Figure 4. Charging trajectory of UAVs flying towards UGV.

UGV Speed Calculation: Let each UAVi have a flight speed of vUAVi , remaining battery
level EUAVi , and initial distance to the UGV denoted by dUAVi , which can be expressed as:

dUAVi =
√
(xi − X)2 + (yi − Y)2 (17)

The speed component of the UGV in each direction, vUGVi , is inversely proportional
to vUAVi and EUAVi , and directly proportional to dUAVi , which can be expressed as:

vUGVi = k ·
dUAVi

vUAVi · EUAVi

= k ·
√
(xi − X)2 + (yi − Y)2

vUAVi · EUAVi

(18)

Here, k is a proportional constant.
Finally, the UGV’s final velocity vector vUGV is:

vUGV = vUGV · D̂UGV =
(
∑ ivUGVi

)
· D̂UGV (19)

The preset charging distance D is:√
(xi − X)2 + (yi − Y)2 ≤ D, (20)

In comparison, in the AG-FAMT scenario, tasks are generally urgent, so the charging
demand for UAVs is relatively lower for time-sensitive tasks. Using the MT-MCMF model
for task allocation, each agent receives a task set with a number of tasks up to its maximum
executable task limit qi, and the travel distance required to complete the task set is within
its maximum allowable distance S. In this context, agents can effectively manage power
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consumption while performing urgent tasks through optimized path planning and task
allocation, reducing the need for frequent charging.

In summary, by designing a Predictive Charging Trajectory Planning algorithm for
UAVs flying to UGVs, we can ensure the continuous and efficient operation of UAVs in AG-
MAFT scenarios, enhancing their reliability and efficiency in long-term monitoring tasks.
This optimization strategy not only improves task execution stability but also provides
valuable insights for future UAV applications.

4. Evaluation
4.1. Dataset and Experiment Setups
4.1.1. Dataset

In this study, we adopt the D4D dataset [61] to construct a realistic simulation environ-
ment for task allocation evaluation. The D4D dataset contains large-scale real-world human
mobility traces, which have been widely used to model spatial–temporal distributions in
MCS and related applications [62].

To simulate task distributions, we sample user trajectory data from the D4D dataset
and map the spatial–temporal mobility patterns into sensing task locations. Specifically, the
latitude and longitude information in the dataset is converted into a two-dimensional coor-
dinate system, which is then used to generate task points and agent positions. The spatial
distribution of tasks is constructed based on the density and movement patterns of mobile
users, while base station locations are used to approximate agent deployment positions.

This approach enables us to capture realistic spatial characteristics of task distributions,
such as clustering effects and mobility-driven demand variations, which are essential for
evaluating task allocation strategies in MCS scenarios. Compared to purely synthetic data,
the use of real mobility traces provides a more representative approximation of real-world
sensing environments.

However, it should be noted that the D4D dataset does not explicitly model air–ground
collaborative systems, and thus cannot fully capture the dynamics of UAV–UGV inter-
actions or aerial mobility patterns. As a result, the constructed simulation environment
serves as an indirect approximation rather than a fully realistic representation of air–ground
sensing systems.

4.1.2. Experiment Setups

For AG-FAMT, the maximum number of agents required to complete a task is p.
Due to the limited resources of agents and the upper limit of their executable tasks, in
order to execute as many tasks as possible and avoid excessive repetition of the same task,
perception data redundancy may occur. Therefore, considering that the value of p has
no impact on the experimental results, we will set it to 6 in the following experiment. In
addition, considering the completion status of tasks, the number of tasks that each agent can
perform at once is randomly set between 2 and 7. To assess the completion time of an agent
with known movement distances, we set the average moving speed of a UGV at 5 m per
minute and the average moving speed of a UAV at 20 m per minute. In addition, to evaluate
whether our proposed method performs well under different task space distributions, we
used three types of task distributions:

- Compact Distribution: Tasks are relatively close together and are mainly concentrated
within the region where agents are located.

- Scattered Distribution: Tasks are scattered across a broader target area beyond the
region where agents are located.

- Hybrid Distribution: Tasks are randomly distributed across the region where agents
are located.
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An illustration of the three types of distributions used in our experiments is given in
Figure 5.

Figure 5. An illustration of the three types of task distribution.

For AG-MAFT, to protect privacy, each agent’s precise location is unknown before
task execution and is instead represented by the area’s location. In our experiment, agents
across the entire area are divided into 3 to 5 sections, evenly distributed throughout the city.
The number of agents in each area is randomly generated between 5 and 20. Additionally,
for the limited-task AG-MAFT scenario, we assume there are 20 randomly distributed
tasks throughout the city, each requiring 5 agents to ensure sensing quality. This setup is
illustrated in Figure 6.

Figure 6. Distributions of areas and tasks.

4.2. Baseline Methods and Evaluation Metrics

In our evaluation, we selected commonly used baseline methods from previous experi-
ments under similar scenarios. We use MT-GrdPT [29] as a baseline method for comparison
with AG-FAMT. Additionally, we introduce a baseline method named W-Grd [29] for
AG-MAFT and a static UGV charging algorithm [63,64] as a baseline for comparison
with PCTP.

• MT-GrdPT: The goal of the MT-GrdPT algorithm is to minimize travel distance while
maximizing the number of completed tasks. It uses a greedy approach where each
agent selects tasks based on the shortest distance to a task until the agent completes q
tasks. It is important to note that each agent must move from its current position to
the assigned task locations.

• W-Grd: The W-Grd algorithm is a greedy algorithm based on the linear weighting
method, converting a multi-objective problem into a single-objective problem. Specifi-
cally, this method applies the linear weighting approach to transform multi-objective
optimization (e.g., minimizing total travel time and total travel distance) into a single-
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objective optimization. It assigns weights to each objective function and forms a
composite objective function through weighted summation.

• Static-UGV charging: In this model, the UGV remains stationary, and each UGV
gradually approaches the UGV at a constant speed until the distance between them
reaches a preset charging distance, simulating the charging process upon arrival at
the UGV.

4.3. Evaluation Metrics

For AG-FAMT, the total number of tasks completed by the selected agents and the total
travel distance are the primary comparison metrics. Additionally, for some urgent tasks
in the AG-FAMT problem, the average completion time for q tasks should be as short as
possible. Lastly, the algorithm’s runtime is also an important factor in solving the problem.

For AG-MAFT, the total travel distance covered by agents during task completion is
a key comparison metric, while the cost of time taken to reach the task execution point is
another important consideration. Additionally, in the AG-MAFT scenario, the total travel
distance of agents during the UAV charging process is also a primary comparison metric.

4.4. Evaluation of AG-FAMT

The optimization objective of AG-FAMT is to minimize the total travel distance while
maximizing the total number of completed tasks. It is important to note that, since M
agents are required to perform q tasks each, the total number of tasks completed by the
agents is M × q. We compare the performance (in terms of total travel distance) of the two
algorithms under different total task quantities, different numbers of agents, different task
requirements per agent q, and different types of task distributions.

4.4.1. Different Numbers of Tasks

As shown in Figure 7, we present the performance comparison of total travel distance
for the two methods under different total task quantities. Additionally, we assume that
there are four agents on the MCS platform performing sensing tasks, with each agent
required to complete three tasks. As shown in Figure 7, when the four agents execute tasks,
the total travel distance remains constant or decreases monotonically as the total number
of tasks increases. This is because additional tasks may provide better task options for the
agents. Clearly, MT-MCMF outperforms MT-GrdPT across all task quantities.

Figure 7. Performance comparison under different number of tasks.
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4.4.2. Different Numbers of Agents

As illustrated in Figure 8, we compare the total travel distance of two methods under
varying numbers of agents for the same number of tasks. Note that the number of agents
M does not exceed the number of tasks N. There are 20 sensing tasks on the MCS platform,
with the number of agents ranging from 3 to 11, and each agent is required to complete
three tasks. Figure 8a shows that as the number of agents increases, the total number of
completed tasks M × q also increases, leading to an increase in total travel distance. And
Figure 8b illustrates that when each agent needs to complete 3 tasks, if the number of
selected agents exceeds one-third of the task count, agents can approximately complete
all tasks. Clearly, MT-MCMF outperforms MT-GrdPT in terms of travel distance across
different numbers of agents.

Figure 8. Performance comparison under different number of agents: (a) Total distance varies
according to number of agents; (b) Number of completed tasks varies according to number of agents.

4.4.3. Different Values of q

We assume there are 4 agents available to perform tasks, with each agent required to
complete q tasks. We compare the task allocation performance of the two algorithms with
different number of tasks for each agent. In Figure 9a, as the number of completed tasks
M × q continuously increases, the total number of possible tasks to be executed, N × q, also
increases, resulting in a corresponding increase in total travel distance. It is evident that
the MT-GrdPT algorithm performs poorly in terms of travel distance, and this discrepancy
becomes more pronounced as q increases. MT-GrdPT is a greedy algorithm that tends
to reach a local optimum in a relatively short time, leading to suboptimal results as the
number of iterations increases. In addition, Figure 9b illustrated that as the total number
of tasks remains constant, the number of completed tasks is proportional to q. When the
number of completed tasks M × q approaches the total number of tasks N, agents are able
to complete nearly all tasks.

4.4.4. Different Types

We investigate which type of task distribution is more advantageous for selecting
agents to complete tasks: compact, mixed, or dispersed distribution. As shown in Figure 10,
we can observe that the dispersed distribution results in the longest total travel distance for
agents to complete tasks, while the compact distribution has the shortest distance. This
is because tasks in a dispersed distribution are farther apart compared to the other two
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distributions, requiring agents to travel longer distances and spend more time completing
all tasks. Specifically, MT-MCMF outperforms MT-GrdPT across all task distributions.

Figure 9. Performance comparison under different number of q: (a) Total distance varies according to
number of tasks; (b) Number of completed tasks varies according to number of tasks executed by the
intelligent agent.

Figure 10. Different types of task distributions.

4.5. Evaluation of AG-MAFT

The optimization objective of AG-MAFT is to minimize the total move time cost
and total travel distance while ensuring all tasks are completed. For the bi-objective
optimization problem, there are some groups of non-inferior solutions instead of the global
optimal solution, known as the Pareto solution. Therefore, we examine the results of the
proposed algorithm in terms of both total time cost and total travel distance.
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4.5.1. Different Weights

To evaluate the sensitivity of the proposed method to the weighting parameters, we
conduct a sensitivity analysis on the weight coefficients Kd and Kt, where Kd + Kt = 1.

Figure 11 illustrates the total travel distance and total time cost of the W-ILP and W-Grd
algorithms under different weight settings. As shown in Figure 11a, increasing the weight
of Kt leads to a gradual reduction in travel time, while increasing Kd results in a decrease in
travel distance. This behavior is consistent with the design of the bi-objective formulation,
demonstrating that the weighting scheme effectively controls the optimization preference.

Figure 11. Different weights of AG-MAFT: (a) Completion time varies according to the weight;
(b) Total distance varies according to the completion time.

Moreover, the results indicate that the variation of performance metrics with respect
to weight changes is smooth and monotonic, suggesting that the model exhibits stable
behavior under different parameter settings. In particular, the W-Grd algorithm achieves
performance close to that of W-ILP, indicating that the proposed framework maintains
robustness even when approximate solutions are employed.

As shown in Figure 11b, the Pareto frontier of W-ILP provides a set of non-dominated
solutions, reflecting the inherent trade-off between travel time and travel distance. No
single weight setting can simultaneously minimize both objectives. Among the Pareto
solutions, the middle region offers a balanced trade-off, while the extreme regions favor
either time or distance optimization.

Overall, the sensitivity analysis demonstrates that although the weighting parameters
Kd and Kt influence the optimization preference, the proposed method remains stable and
controllable. The W-ILP formulation effectively captures the bi-objective nature of the
AG-MAFT problem and provides flexible solution options that can be adjusted according
to practical requirements.

4.5.2. Different Charging Path Selections

In the experiment, we divided the setup into four regions and compared charging
paths in each region. As illustrated in Figure 12, when a single UGV is responsible for
charging different numbers of UAVs, the travel distance of the PCTP algorithm is shorter
than that of the Static-UGV charging algorithm. This indicates that PCTP can effectively
reduce the total travel distance of agents when multiple UAVs require charging. This
result confirms the optimization effectiveness of PCTP in path planning, demonstrating
that it can more efficiently respond to the dynamic demands of UAVs through predictive
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trajectory planning. This leads to effective control of agent travel distance, helping to
improve overall system efficiency.

Figure 12. Different total distance of charging.

5. Discussion
5.1. Superiority of Air-Ground Collaborative MCS

This paper proposes a multi-agent collaborative task allocation framework to address
the AG-FAMT and AG-MAFT problems. For the AG-FAMT scenario, we introduce a
Minimum-Cost Maximum-Flow (MCMF) model to ensure that each homogeneous agent
completes an equal number of sensing tasks, thereby maximizing the total number of
completed tasks while minimizing movement distances. In the AG-MAFT scenario, we
flexibly select suitable agents based on the task demands across different regions and agents’
capabilities, optimizing task allocation outcomes. The framework AGCo-MATA, grounded
in quantitative considerations, demonstrates high flexibility across various constraints,
offering a novel direction for research in multi-agent collaborative task allocation.

5.2. Configuration Optimization

The experimental results demonstrate that the proposed method effectively enhances
task completion efficiency in both AG-FAMT and AG-MAFT scenarios. In the AG-FAMT
scenario, optimizing the configuration of agent numbers and the number of tasks assigned
to each agent maximizes task completion rates while minimizing movement distances. For
the AG-MAFT scenario, selecting agents based on time cost and path distance significantly
improves task completion rates and system robustness. Additionally, in AG-MAFT, an
increase in the weight of Kt leads to a gradual decrease in travel time, while a higher
weight for Kd increases travel distance. This suggests that assigning farther tasks to
faster-moving UAVs and closer tasks to UGVs can further optimize task allocation. These
findings indicate that the proposed allocation strategy has broad applicability across diverse
application scenarios.

5.3. Limitations

Although the proposed framework provides valuable insights into heterogeneous
task allocation in air–ground collaborative systems, several limitations remain. Firstly,
for analytical tractability, we assume homogeneous agents and uniform task difficulty.
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While this simplifies the analysis, real-world heterogeneity in agent capabilities and task
requirements may affect solution optimality and robustness. Secondly, communication
costs and coordination overhead are not explicitly modeled. In practical deployments,
communication delays and bandwidth constraints may influence task allocation efficiency.
Thirdly, the formulation assumes a relatively static environment and does not account for
dynamic task arrivals or environmental uncertainties. In such scenarios, online re-planning
or adaptive scheduling would be required. Fourthly, the MT-MCMF formulation incurs
combinatorial complexity due to task-set enumeration. Although practical for small task-set
sizes and moderate system scales, scalability may be limited in large-scale settings.

Finally, the evaluation is based on task distributions constructed from the D4D dataset,
which provides real-world mobility traces. While this enables realistic spatial–temporal
approximation, it does not fully capture UAV–UGV dynamics or heterogeneous sensing
behaviors. Future work will incorporate real air–ground datasets or field experiments
for further validation. Despite these limitations, the proposed framework offers a unified
perspective on task allocation and energy-aware coordination, and can be extended to more
realistic and dynamic scenarios.

5.4. Future Work

To further enhance task allocation efficiency in the AG-FAMT problem, future research
could explore incorporating task prioritization, inter-agent dynamic collaboration mecha-
nisms, and failed task redistribution to refine allocation strategies. In addition, considering
heterogeneity in tasks and agents (such as priority of tasks and varying agent capabilities)
would help build more precise allocation models. In the AG-MAFT scenario, methods
to minimize redundant collaborations among agents are also worth exploring to reduce
system resource waste.

6. Conclusions
In this paper, we proposed two bi-objective optimization problems for agent selection:

the AG-FAMT problem, where agent resources are insufficient, and the AG-MAFT problem,
where agent resources are abundant. We use the MCMF model to address the AG-FAMT
problem and propose the MT-MCMF algorithm to select agents with the maximum number
of completed tasks and the minimum total travel distance. Additionally, we employ a
dual-objective optimization model to solve the AG-MAFT problem and introduce the
W-ILP algorithm to select agents based on travel time and minimum total travel distance.
Furthermore, we propose the PCTP algorithm for UAVs charging path planning to optimize
the travel distance for agent charging.
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