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Abstract

The joint optimization of fleet size and task allocation presents a critical challenge in de-
ploying Unmanned Aerial Vehicles (UAVs) for time-sensitive missions such as emergency
logistics. Conventional approaches often rely on pre-determined fleet sizes or compu-
tationally intensive centralized optimizers, which can lead to suboptimal performance.
To address this gap, this paper proposes a novel two-stage hierarchical framework that
integrates the Grey Wolf Optimizer (GWO) with the Consensus-Based Bundle Algorithm
(CBBA). At the strategic level, the GWO determines the optimal number of UAVs by min-
imizing a comprehensive cost function that balances mission efficiency and operational
costs. Subsequently, at the tactical level, the CBBA performs decentralized, real-time task
allocation for the optimally sized fleet. We validated our GWO-CBBA framework through
extensive simulations against three benchmarks: a standard CBBA with a fixed fleet, a
centralized Particle Swarm Optimization (PSO) approach, and a Greedy Heuristic algo-
rithm. The results are compelling: our framework demonstrates superior performance
across all key metrics, reducing the overall scheduling cost by 13.2–36.5%, minimizing UAV
mileage cost and significantly decreasing total task waiting time. This work provides a
robust and efficient solution that effectively balances operational costs with service quality
for dynamic multi-UAV scheduling problems.

Keywords: unmanned aerial vehicles; consensus bundle algorithm; integrated UAV
scheduling; task allocation

1. Introduction
1.1. Context and Motivation

With the continuous advancement of science and technology, drones are increasingly
being used in military [1–3] and civilian fields [4–6], especially in the field of material dis-
tribution, where they have great potential for research [7–11]. While beneficial for routine
deliveries, their true potential is realized in critical scenarios such as post-disaster relief and
emergency material delivery. In the aftermath of events like earthquakes or floods, dam-
aged infrastructure often renders ground-based transportation slow, unreliable, or entirely
unfeasible [12]. In these time-sensitive situations, drone-based delivery, characterized by
its high efficiency, flexibility, and ability to bypass ground obstacles, emerges as a vital and
often indispensable solution [13]. This aligns with the broader application of intelligent
algorithms in critical emergency response scenarios, such as for smart firefighting and
escape route planning [14].
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However, the effective deployment of a UAV fleet for emergency logistics presents a
complex, coupled optimization challenge that extends beyond simple path planning [15–19].
Two fundamental and interconnected questions must be addressed to ensure mission success:

Strategic Fleet Sizing [20]: What is the optimal number of UAVs to dispatch for a
given mission? Deploying too few UAVs may result in failure to meet urgent delivery
deadlines. Conversely, deploying too many increases operational costs, airspace congestion,
and coordination complexity, which can lead to diminishing returns or even decreased
overall efficiency.

Tactical Task Allocation [21]: Once the fleet size is determined, how should the spe-
cific delivery tasks be efficiently and robustly assigned to individual UAVs to minimize
completion time and resource consumption?

Addressing these questions independently often leads to suboptimal solutions. A
fleet size chosen without considering the intricacies of task allocation may be inadequate,
while a sophisticated task allocation algorithm is ineffective if the fleet is improperly
sized. This paper addresses this coupled problem by proposing an integrated framework
designed specifically for emergency logistics scenarios. Our goal is to first determine the
optimal fleet size by holistically balancing cost, mission time, and reliability and then
perform a robust, distributed task allocation for that optimally sized fleet to maximize
overall mission effectiveness.

1.2. State of the Art and Research Gap

UAV task allocation is a well-studied problem, with solutions broadly categorized into
centralized and distributed approaches.

1.2.1. Centralized and Distributed Task Allocation Methods

Centralized approaches rely on a single ground station that possesses global informa-
tion to compute the optimal allocation for the entire fleet. Metaheuristic algorithms like
Ant Colony Optimization (ACO) [22] and Particle Swarm Optimization (PSO) [23] are pop-
ular for solving these complex, NP-hard problems. While capable of finding high-quality,
globally near-optimal solutions, centralized methods suffer from significant drawbacks.
They are computationally expensive, struggle to scale with the size of the fleet and the
number of tasks, and represent a single point of failure, limiting their robustness in dynamic
emergency scenarios [24].

In contrast, distributed approaches empower individual UAVs to make allocation
decisions based on local information and communication with neighbors. Market-based
mechanisms, where UAVs “bid” for tasks, are a prominent example. The Consensus-
Based Bundle Algorithm (CBBA) [25] is a state-of-the-art distributed method known for its
robustness and scalability. In CBBA, agents iteratively build bundles of tasks and resolve
conflicts through a consensus mechanism, ensuring a conflict-free solution without a central
coordinator. This makes it highly suitable for dynamic and uncertain environments.

1.2.2. The Disconnect Between Fleet Sizing and Task Allocation

A critical review of the literature reveals a significant research gap: a disconnect exists
between strategic fleet-sizing and tactical task allocation.

Most distributed algorithms, including the standard CBBA, are highly effective at
answering the question, “Given a team of N UAVs, which UAV should do what?” However,
they presuppose a fixed, pre-determined fleet size (N). They do not address the strategic,
higher-level question of “How many UAVs should be dispatched to begin with?”

On the other hand, centralized metaheuristics that can optimize fleet size as part of
their search space often oversimplify the complexities of distributed execution and lack the
scalability and robustness required for real-world deployment. An integrated framework
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that synergistically combines a high-level, global optimizer for fleet sizing with a robust,
distributed algorithm for task allocation is needed to bridge this gap.

1.3. Our Contribution and Paper Organization

This paper confronts the coupled challenge of strategic fleet sizing and tactical task
allocation by proposing a novel, hierarchical two-stage framework. Our approach synergis-
tically combines a global metaheuristic optimizer with a distributed consensus algorithm,
strategically decoupling the problem into two distinct layers: a global optimization layer for
determining the optimal fleet size and a local, distributed consensus layer for subsequent
task assignment. This methodology is designed to overcome the limitations of monolithic
centralized planners and fixed-fleet distributed methods.

The primary contributions of this work are three-fold, establishing a significant ad-
vancement over existing approaches:

1. A Novel Two-Stage Framework: We propose an integrated GWO-CBBA framework
that systematically solves the coupled problem of fleet sizing and task allocation. Such
hierarchical models, which decompose complex problems into strategic and tactical layers,
have proven effective for sophisticated evaluation and decision-making tasks [26]. GWO
is used to determine the optimal number of UAVs (N*) by optimizing a comprehensive
objective function, while CBBA performs distributed task assignment for the resulting
N* agents. This hierarchical approach is designed to achieve near-optimal solutions with
greater computational efficiency than purely centralized methods.

2. A Comprehensive System-Level Cost Model: For the strategic stage, we formulate
a holistic objective function that captures the critical, real-world trade-offs between op-
erational costs (e.g., UAV deployment and mileage costs) and service quality (e.g., total
task waiting time). This ensures that the fleet size (N*) is optimized for overall mission
effectiveness, rather than being determined by a single, isolated metric.

3. Rigorous Performance Validation and Benchmarking: We conduct an extensive
comparative analysis, benchmarking our framework against three distinct paradigms: a
standard fixed-fleet distributed algorithm (CBBA), a powerful centralized optimizer (PSO),
and a baseline Greedy Heuristic algorithm. The empirical results provide compelling
evidence of our framework’s superiority across all key performance indicators, demon-
strating substantial reductions in overall scheduling cost, required UAV mileage, and task
waiting times.

The remainder of this paper is structured as follows: Section 2 formulates the problem
domain and defines the constituent objective functions. Section 3 details the mathematical
modeling of the UAV scheduling problem. Section 4 presents the proposed two-stage
GWO-CBBA framework in comprehensive detail. Section 5 describes the simulation setup,
presents the results, and provides the in-depth comparative analysis. Finally, Section 6
concludes the paper, summarizing the key findings and discussing limitations and avenues
for future research.

2. Problem Analysis
2.1. Constraint Establishment

The application of Unmanned Aerial Vehicles (UAVs) in logistics distribution is ex-
panding, with task allocation emerging as a key challenge. This is a complex multi-objective
optimization problem that aims to optimally assign a set of distribution tasks to a limited
UAV fleet. The goal is to maximize overall system efficiency while adhering to resource con-
straints (e.g., endurance, payload) and task requirements (e.g., timeliness). The allocation
process must comprehensively consider multiple factors, including UAV performance pa-
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rameters, geographical locations of delivery points, and task priorities. This paper focuses
specifically on the UAV-related factors detailed in Table 1.

Table 1. Table of Considerations for an Integrated UAV Scheduling Model.

Consideration Specific Factors

UAV resources Performance parameters such as the number of drones,
endurance, payload, etc.

Mission requirements Location, priority, start and end time, and resource
requirements of tasks

Restrictive condition Includes drone range limitations, communication range
limitations, and mission time windows

Optimization goals Minimize task completion time, minimize total energy
consumption, and maximize task completion rate

2.2. Single UAV Objective Function

The objective function is a key part of a mathematical model used for optimization
and decision making, which defines the objective that needs to be minimized or maximized.
In UAV material distribution, the objective function usually involves the following aspects:

(1) Minimize task completion time
Suppose there are N tasks {T1, T2, · · · TN} each task Ti with a completion time fi, and

the goal is to minimize the sum of the completion times of all of the tasks:

min
N

∑
i=1

fi (1)

(2) Minimize energy consumption
Assuming that the energy consumption of the UAV Uj while performing a mission Ti

can be expressed as Eij, the minimized total energy consumption can be expressed as:

min
N

∑
i=1

M

∑
j=1

xij · Eij (2)

where xij is a binary decision variable; xij = 1 if task i is assigned to UAV j, and
xij = 0 otherwise.

(3) Maximizing coverage
Assuming that each task Ti has a specific area or target point to cover, the coverage

rate can be expressed as Ci and then the maximized total coverage rate can be expressed as:

max
N

∑
i=1

Ci · yi (3)

where yi is a binary variable indicating whether the task Ti has been overwritten or not.
(4) Comprehensive objectives
If there is a need to balance multiple metrics such as task completion time, energy

consumption, and coverage, a weighted sum can be used:

min
N

∑
i=1

(w1 · fi + w2 ·
M

∑
j=1

xij · Eij + w3 · Ci · yi) (4)

where w1, w2, w3 are the weights of each indicator, ensuring that the priorities of the indica-
tors are weighed. The task completion time fi is typically calculated based on the flight
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distance to the task location and the UAV’s average speed. The energy consumption Eij is es-
timated using a model that considers flight time, hover time, and the UAV’s power profile.

2.3. UAV Cluster Objective Function

In the three-dimensional multi-UAV transportation and delivery task allocation sce-
nario, the scheduling center needs to formulate a task allocation strategy with the help of a
task allocation algorithm to maximize the number of UAVs completing the task and, at the
same time, ensure that the rewards of task execution are maximized and the costs are mini-
mized. In this subsection, the objective function of UAVs performing transportation and
delivery tasks is divided into two dimensions, reward and cost, considering the attribute
characteristics of UAVs and the attribute characteristics of tasks.

The distance equation when the UAV flies from its current position to the target
position is shown in (5):

LUtoT =

√
(XT − XUAV)

2 + (YT − YUAV)
2 + (HT − HUAV)

2 (5)

where LUtoT is the distance between the current position of the UAV and the target position.
In addition to this, the UAV flight time is affected by its own weight and load weight

as shown in Equation (6):

tTf ly =
LUtoT

VUAV − VT
∗ WUAV + WT

WUAV
(6)

where tTf ly is the UAV flight time.
The UAV needs to unload and load the cargo after arriving at the target location, and

let the length of the mission sequence of this UAV be k. The time cost Ttotal for the UAV to
perform the mission is shown in Equation (7):

Ttotal =
k

∑
i=1

(tTf ly + tT) (7)

The cost required for the entire UAV cluster to perform the mission can be converted
into the final UAV cluster objective function by accumulating the combined rewards of
individual UAVs, as shown in Equation (8):

Rtotal =
m

∑
i=1

n

∑
j=1

aij

(
rT

tTf ly + tT

)
(8)

where aij is the execution of task uij by UAV wj, with 0 indicating no execution and 1
indicating execution.

3. Integrated UAV Scheduling Modeling
3.1. Model for Optimizing the Number of UAVs
Model Assumptions and Symbolic Definitions

(1) Task requirements are clear and certain
That is, it is assumed that the needs of the task (e.g., the total amount of tasks, comple-

tion time requirements, etc.) are known and do not change during the optimization process.
For example, the area to be covered by the mission, the amount of data collection, or the
amount of cargo transportation is fixed.

(2) Consistent performance of UAVs
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It is assumed that all UAVs dispatched have the same performance parameters, in-
cluding flight speed, endurance, load capacity, and energy consumption. This avoids the
complexity of dealing with heterogeneous UAVs in the optimization process.

(3) Single-task completion model
It is assumed that all UAVs perform a single task (e.g., reconnaissance, transportation,

or surveillance) and that the task can be decomposed into a number of subtasks to be
completed in parallel. The task division among UAVs is uniform and reasonable, and there
is no task allocation overload.

(4) Return of UAVs to the starting point
It is assumed that all UAVs must return to the starting point after completing the task,

and the time and energy consumption of the return path are included in the total time and
total energy consumption model.

(5) The number of dispatches has a nonlinear effect on mission efficiency and
system reliability

It is assumed that the impact of the number of UAVs dispatched NNN on the mission
completion time, total energy consumption, and system reliability, etc., conforms to the
nonlinear relationship set in the model, e.g., T(N) = Tmax

N + Tdelay(N), etc.
(6) Limited influence of the external environment
It is assumed that the influence of the external environment (e.g., weather, obstacles,

terrain, etc.) on the UAV’s mission execution during the mission is small or its influence is
uniformly distributed and negligible. If environmental factors are considered, the relevant
model can be corrected with a specific perturbation function.

(7) Total energy consumption is mainly determined by flight consumption
It is assumed that the total energy consumption of the UAV is mainly determined

by the energy consumption during flight, ignoring the difference in energy consumption
during ground stop, takeoff, or landing.

(8) Reliability is a decreasing function of quantity
It is assumed that the higher the number of UAVs dispatched, the lower the reliability

of the mission system, which may be due to the increase in communication burden, man-
agement difficulty, etc., and that this relationship can be described by an exponential or
other decreasing function.

(9) Costs grow linearly
It is assumed that the cost of dispatching each additional UAV (e.g., startup cost and

maintenance cost) grows linearly, without taking into account the economy of scale effect
or other nonlinear factors.

The relevant symbols for UAVs are shown in Table 2.

Table 2. Definition of UAV Scheduling Quantity Optimization Symbols.

Notation Definition

N Number of UAVs dispatched
C(N) Dispatch cost functions
T(N) Task time function
E(N) Total energy consumption function
R(N) Reliability function
S(N) Security functions

The decision variable is the number of UAVs to be dispatched, N, and the objective is
to minimize a composite objective function while satisfying constraints such as mission
time and energy consumption.
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3.2. Objective Function

Our goal is to find a suitable number N of UAVs that results in an optimal balance
between total cost, total mission execution time, mission reliability, energy consumption,
and security. This can be achieved by constructing a multi-objective optimization problem,
but to facilitate the application of the GWO algorithm, we can transform these objectives
into a single-objective optimization problem by means of weighted summation.

Let the objective function be F(N), then it can be described as:

F(N) = w1 · C(N) + w2 · T(N) + w3 ·
1

R(N)
+ w4 · E(N) + w5 ·

1
S(N)

(9)

where, w1, w2, w3, w4, w5 are weight coefficients, which are used to balance the im-
portance between different objectives. These weights are set according to the actual
application scenarios.

3.3. Define Each Subfunction

(1) Dispatch Cost Functions C(N)
The dispatch cost function is used to calculate the total cost of dispatching N UAVs.

This typically includes the acquisition cost of the UAV (if long-term planning is considered),
maintenance costs, operational costs (e.g., fuel, power, personnel operations, etc.), and
possibly leasing costs.

C(N) = cfixed · N + cvariable · N · t (10)

where cfixed is the fixed cost per UAV, cvariable is the variable cost per UAV per hour, and t
is the mission execution time.

(2) Task Time Function T(N)
The task time function is used to calculate the total time required to complete a

particular task. When more drones are dispatched, the task may be able to be completed
faster because the drones can work in parallel. However, coordination, communication and
possible waiting times between UAVs also need to be considered.

T(N) = max
(

Ttotal
N

, Tmin

)
(11)

where Ttotal is the total workload of the task (expressed in time), N is the number of drones,
and Tmin is the minimum possible time to complete the task (taking into account coordina-
tion between UAVs, etc.). This function assumes that the task can be fully parallelized, but
in practice, more complex models may be needed to accurately describe the task time.

(3) Reliability Function R(N)
The reliability function is used to assess the probability of success of sending N UAVs

to complete the mission. Increasing the number of UAVs may improve the reliability of
the mission because even if one or more UAVs fail, the other UAVs can still complete
the mission.

R(N) = 1 − (1 − r)N (12)

where r is the reliability of a single UAV in accomplishing a mission. This function assumes
that failures are independent between UAVs.

(4) Total Energy Consumption Function
The total energy function is used to calculate the total energy consumption required

to send N UAVs to accomplish the mission. This includes the energy consumption of all
activities such as UAV flight, hovering, communication, etc. [27].

E(N) = eflight · N · t + ehover · N · thover + ecomm · N · t (13)
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where eflight is the energy consumption rate per UAV in flight, t is the flight time, ehover is
the energy consumption rate per UAV in hover, thover is the hover time, and ecomm is the
energy consumption rate per UAV in communication.

(5) Security Functions
The safety function is used to evaluate how safe it is to send N drones on a mission.

Developing robust safety and security evaluation models is a critical aspect of autonomous
UAV operations, encompassing both situational monitoring and assessments based on
airborne data [28,29]. Increasing the number of drones may increase the safety risks, such
as airborne collisions and ground accidents.

S(N) = 1 − N · p
Nmax

(14)

where p is the probability of an accident involving a single drone and Nmax is the max-
imum number of drones allowed. This function assumes that the safety risk increases
exponentially with the number of drones.

3.4. Constraints

When optimizing the number of UAVs dispatched, the constraints of the UAVs need
to be considered, and the constraints in the UAV scheduling process, which are mainly
considered in this section, include the following:

(1) UAV number constraints
The drone number constraint ensures that the number of drones dispatched is within

acceptable limits. Nmin is the minimum number of drones, which may be determined
by mission requirements or technical constraints and Nmax is the maximum number of
drones, which may be limited by resources (e.g., number of available drones, budget, etc.)
or regulations (e.g., airspace management, flight restrictions, etc.).

Nmin ≤ N ≤ Nmax (15)

(2) Cost budget constraints
The cost budget constraint ensures that the total cost of fielding the UAV does not

exceed the budget B. The cost function C(N) includes the acquisition, maintenance, opera-
tion, and possible rental costs of the UAV. This constraint is critical to ensure the economic
feasibility of the project.

C(N) ≤ B (16)

(3) Task time constraints
Task time constraints ensure that tasks are completed within a specified time. The task

time function T(N) represents the total time required to complete a particular task, while
Tmax is the maximum completion time allowed for the task. This constraint is important
for meeting the demands of time-sensitive tasks.

T(N) ≤ Tmax (17)

(4) Energy consumption constraints
The energy consumption constraint ensures that the total energy consumption of

the dispatched UAV does not exceed the limit Emax. The energy consumption function
E(N) includes the energy consumption for activities such as UAV flight, hovering, and
communication. This constraint is important to ensure the sustainable use of energy and to
minimize the environmental impact.

(5) Reliability requirement constraints
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The reliability requirement constraint ensures that the reliability of the mission meets
or exceeds the minimum requirement Rmin. The reliability function R(N) represents the
probability of success of sending N UAVs to accomplish the mission. This constraint is
important to ensure a high success rate of the mission and to minimize the risk of failure.

R(N) ≥ Rmin (18)

(6) Safety requirement constraints
The safety requirement constraint ensures that the safety of the dispatched UAVs meets

or exceeds the minimum requirement Smin. The safety function S(N) represents the level of
safety when N UAVs are dispatched on a mission. This constraint is important to ensure
the safety of UAV operations, reduce the risk of accidents, and protect people and property.

S(N) ≥ Smin (19)

3.5. Optimization Problems

Combined with the other models in Section 2.3, the optimization model for the number
of drones can be described as follows:

minN∈Z+ F(N) (20)

The constraints are as follows:

Nmin ≤ N ≤ Nmax

C(N) ≤ B
T(N) ≤ Tmax

E(N) ≤ Emax

R(N) ≥ Rmin

S(N) ≥ Smin

(21)

Based on this optimization problem, in subsequent simulation experiments, the num-
ber of UAVs is optimized in terms of dispatch cost, mission time, reliability, total energy
consumption, and safety.

4. The Proposed Two-Stage GWO-CBBA Framework
To address the coupled problem of fleet sizing and task allocation, we propose a two-stage

optimization framework that leverages the strengths of both a global metaheuristic (GWO) and
a distributed consensus algorithm (CBBA). The framework, illustrated in Figure 1, decouples
the problem into a strategic optimization stage and a tactical allocation stage.

4.1. Stage 1: GWO for Optimal Fleet Sizing

The first stage addresses the strategic question of how many UAVs to dispatch. We
formulate this as a single-variable optimization problem where the goal is to find the
optimal number of UAVs, N, that minimizes a comprehensive system-level objective
function, F(N).

The objective function F(N) (previously defined in Equation (9)) is a weighted sum of
key performance indicators:

F(N) = w1 · C(N) + w2 · T(N) + w3 · R(N) (22)

where C(N), T(N), E(N), R(N), and S(N) represent the dispatch cost, mission time, energy
consumption, reliability, and security as functions of the fleet size N.
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The Grey Wolf Optimizer (GWO), a metaheuristic inspired by the hunting behavior of
grey wolves, is used to solve this problem. GWO is well-suited for this task due to its strong
global search capabilities and fast convergence. It explores the search space of possible N
values (e.g., from N_min to N_max) and identifies the optimal fleet size, N*, that minimizes
F(N). This N* represents the best trade-off between resource cost and mission performance.

 

Figure 1. The proposed two-stage optimization framework. Stage 1 employs the Grey Wolf
Optimizer (GWO) at a strategic level to determine the optimal fleet size (N*) by minimizing a
comprehensive cost function that balances operational costs and mission efficiency. Stage 2 then
utilizes the Consensus-Based Bundle Algorithm (CBBA) at a tactical level for decentralized, iterative
task allocation among the N* deployed UAVs, resulting in a conflict-free final schedule.

4.2. Stage 2: CBBA for Distributed Task Allocation

Once the optimal fleet size N* is determined in Stage 1, it is used to initialize the
second stage. A fleet of N* UAV agents is created, and the tactical problem of assigning the
M tasks to these agents is solved using the Consensus-Based Bundle Algorithm (CBBA).

4.2.1. Communication Model

For the CBBA stage, we assume the N* UAVs form a communication network repre-
sented by an undirected graph G = (V, E), where V is the set of UAVs. An edge (i, j) exists
in E if UAV i and UAV j are within a predefined communication range. In our simulations,
we assume ideal communication (no delays or packet loss) within this range.

4.2.2. CBBA Execution

CBBA is an iterative, distributed algorithm. Each of the N* agents maintains a bundle
of tasks it plans to execute and a vector of scores for those tasks. The algorithm proceeds in
two phases:

Bundle Building: Each agent locally and greedily adds tasks to its bundle based on a
score function U_ij (Equation (22)), which calculates the utility of agent i performing task j.
This score typically considers factors like distance, priority, and energy cost.

Conflict Resolution: Agents communicate their task bundles to their neighbors. If a
task is claimed by multiple agents, a consensus rule is applied: the agent with the highest
score for that task wins it, and others remove it from their bundles.

This process repeats until no more changes occur in the task assignments, at which
point the allocation has converged to a conflict-free solution. The output of this stage is a
final, decentralized task assignment for the N* UAVs.
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4.3. Algorithmic Implementation

The overall process of the GWO-CBBA framework is summarized in Algorithm 1.

Algorithm 1: GWO-CBBA Framework for UAV Scheduling

// Stage 1: GWO Fleet Size Optimization
1: Initialize GWO parameters (population size, max iterations) and search space for N.
2: Initialize a population of wolves with random N values.
3: Repeat until max iterations or convergence:
4: For each wolf (candidate N):
5: Calculate fitness F(N) using Equation (9).
6: End For
7: Update Alpha, Beta, and Delta wolf positions (best N values).
8: Update all other wolf positions based on Alpha, Beta, and Delta.
9: End Repeat
10: Output optimal fleet size N* (position of the Alpha wolf).
// Stage 2: CBBA Task Allocation
11: Initialize N* UAV agents and the set of M tasks.
12: Repeat until task allocation is stable:
13: // Bundle Building Phase (local to each agent)
14: For each agent i from 1 to N*:
15: Agent i selects the best task to add to its bundle based on score U_ij.
16: End For
17: // Conflict Resolution Phase (communication)
18: Agents broadcast their bundles to neighbors.
19: Agents update their bundles to resolve conflicts according to consensus rules.
20: End Repeat
21: Output final, conflict-free task assignments for all N* agents.

The algorithm combines the Grey Wolf Optimizer (GWO) algorithm and the CBBA
algorithm for solving the UAV mission scheduling problem.

The functions of each part of the GWO-CBBA algorithm proposed in this paper are
as follows: the GWO algorithm is used to optimize the number of UAVs N to find the
optimal number in a mission scenario to balance the factors of cost, efficiency, and safety.
The CBBA algorithm is used to distribute the tasks based on the optimized number of
UAVs to ensure that the results of the task allocation satisfy the task constraints and achieve
the global optimum.

5. Simulation Verification
5.1. Experimental Setup
5.1.1. Scenario Definition

To validate the proposed GWO-CBBA framework, we designed a simulation based on
a representative emergency logistics scenario. In this scenario, a set of 20 critical supply
packages must be delivered from a central depot, located at (0,0), to 20 distinct task locations
randomly distributed within a 10 km × 10 km operational area. The locations of the tasks
are illustrated in Figure 2. Each UAV can carry one package at a time and must return to
the depot after each delivery to pick up the next package.



Drones 2025, 9, 501 12 of 20

Figure 2. UAV scheduling simulation scenario.

The position information in the UAV scene is shown in Figure 2. The position informa-
tion of the simulated scene is shown in Table 3.

Table 3. UAV Simulation Parameters Table.

Serial Number UAV 1 2 3 4 5 6

Position/km (0,0) (5.5,7.1) (2.9,5.1) (8.9,9.0) (1.3,2.1) (0.5,4.4) (0.3,4.6)
Serial number 7 8 9 10 11 12 13
Position/km (6.5,2.8) (6.8,5.9) (0.2,5.6) (2.6,4.2) (2.8,6.9) (4.4,1.6) (5.4,7.8)

Serial number 14 15 16 17 18 19 20
Position/km (3.1,2.2) (3.9,9.4) (9.8,6.7) (9.0,8.5) (3.8,0.9) (6.5,5.6) (3.6,2.3)

5.1.2. Model and Algorithm Parameters

The key simulation parameters are summarized in Table 4. For the GWO algorithm,
we configured a population size of 30 wolves and a maximum of 50 iterations to ensure
convergence. The search space for the optimal number of UAVs (N) was set from a
minimum of 4 (required to complete 20 tasks with a maximum of 5 tasks per UAV) to a
maximum of 15.

Table 4. UAV Simulation Parameters Table.

Parameter Name Size

Flight speed 30 km/h
Maximum number of missions 5

Drone dispatch cost 10
Drone energy cost 0.1 /min

Maximum mission execution time of the drone 120 min
Number of wolves 100

Maximum number of exploration steps 100

5.1.3. Baseline Methods for Comparison

To rigorously evaluate the performance of our framework, we benchmark it against
three widely recognized baseline methods:

1. Standard CBBA (Fixed Fleet): We execute the standard CBBA algorithm with a
fixed, non-optimized fleet size of N = 5. This baseline serves to demonstrate the significant
performance gains achieved by our GWO-based fleet sizing stage.

2. Centralized PSO: A powerful, centralized Particle Swarm Optimization (PSO)
algorithm that simultaneously optimizes both fleet size and task allocation. This represents
a high-performance centralized competitor, allowing us to compare solution quality and
computational cost.

3. Greedy Heuristic Algorithm: A simple and fast centralized algorithm. It sequentially
assigns each unassigned task to the UAV that can complete it the soonest. This baseline
provides a measure of how much our sophisticated optimization improves upon a basic,
intuitive approach.
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5.2. Stage 1: GWO-Based Fleet Sizing Analysis

For the UAV scheduling problem, a UAV scheduling model based on the GWO-CBBA
algorithm is proposed. The simulation in this section mainly includes a UAV scheduling
quantity optimization simulation as well as a UAV task allocation strategy simulation.
Since the upper limit of a single mission set by a UAV is 5, 20 missions need at least
4 UAVs to execute. Based on this, this simulation calculates the execution of 4–11 UAVs for
20 tasks respectively.

The results of scheduling for the UAVs in the simulation scenario created in this paper
are as follows:

The results of UAV scheduling for different numbers of aircraft are depicted in Figure 3.
The statistics of the task assignment process for each UAV are shown in Figure 4

   
(a)  (b) 

   
(c)  (d) 

   
(e)  (f) 

   
(g)  (h) 

Figure 3. (a) Case of 4 drones dispatched; (b) 5 drones dispatched; (c) 6 drones dispatched;
(d) 7 drones dispatched; (e) 8 drones dispatched; (f) 9 drones dispatched; (g) 10 drones dispatched;
(h) 11 drones dispatched.
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(e)  (f) 
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Figure 4. (a) Case of 4 drones dispatched; (b) 5 drones dispatched; (c) 6 drones dispatched;
(d) 7 drones dispatched; (e) 8 drones dispatched; (f) 9 drones dispatched; (g) 10 drones dispatched;
(h) 11 drones dispatched.
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The statistical analysis of the number of miles flown by 4–11 UAVs is shown in Figure 5.

Figure 5. Analysis of the number of drones.

The average execution time cost per task can be expressed as shown in Table 5.

Table 5. UAV Simulation Results.

Serial Number 4 5 6 7 8 9 10 11
Time 16.84 14.87 14.72 14.57 14.34 14.34 14.27 14.26

As the number of UAVs increased from 4 to 11, the change in waiting time for individ-
ual tasks is shown in Figure 6.

 

Figure 6. Curve of mission waiting time with the number of UAVs.

Establishment of UAVs’ synthesized scheduling costs F(N):

F(N) = w1 · T(N) + w2 · C(N) + w3 · E(N) (23)
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where C(N) is the total cost of the UAV (path, communication overhead, etc.), T(N) is the total
time for mission completion, and R(N) is the reliability of mission execution (higher is better).

The first stage of our framework leverages the GWO to determine the optimal fleet size,
N*. This is achieved by minimizing the comprehensive objective function F(N) (defined in
Equation (9)), which encapsulates the trade-offs between mission time, operational costs,
reliability, and safety.

Figure 7 plots the value of the objective function F(N) for different fleet sizes, repre-
senting the cost landscape that GWO explores.

Figure 7. The integrated scheduling cost F(N) as a function of the number of UAVs (N). The plot
illustrates the trade-off between mission efficiency (lower cost for more UAVs initially) and system costs
(higher cost as more UAVs are added). The GWO algorithm systematically searches this landscape and
identifies the minimum cost at N = 8, which is determined to be the optimal fleet size (N*).

As illustrated in Figure 7, the total system cost initially decreases as the fleet size grows
from 4 to 8. This is because adding more UAVs drastically reduces the overall mission
completion time (makespan), which is a major component of the cost function. However,
beyond N = 8, the total cost begins to rise again. This ‘point of diminishing returns’ occurs
because the marginal improvement in mission time becomes less significant, while the
linear increase in dispatch and operational costs starts to dominate.

The GWO algorithm effectively identifies this inflection point. By finding the global
minimum of the cost function, it is determined that N = 8* is the optimal fleet size for this
specific mission scenario. This explicitly demonstrates that the optimal number is a direct
output of our optimization algorithm, not a manual selection. This optimal value, N*, is
then passed to the second stage of our framework.

5.3. Stage 2: Task Allocation for the Optimal Fleet

With the optimal fleet size of N* = 8 determined by GWO, the second stage employs
the CBBA algorithm to perform a distributed and conflict-free task allocation. The 8 UAV
agents collaboratively assign the 20 delivery tasks among themselves.

Figure 8 visualizes the final flight paths for the 8 UAVs, while Figure 9 presents the
corresponding Gantt chart, illustrating the detailed schedule for each UAV.
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Figure 8. Final flight paths for the optimal fleet of 8 UAVs as determined by the GWO-CBBA framework.

Figure 9. Gantt chart showing the task schedule for the optimal fleet of 8 UAVs.

The results in Figures 8 and 9 demonstrate an efficient and well-balanced workload dis-
tribution among the 8 UAVs, ensuring that all 20 tasks are completed in a coordinated and
timely manner. The total time to complete all tasks (makespan) is recorded for comparison
in the next section.

5.4. Comparative Analysis and Discussion

To evaluate the overall effectiveness of the proposed GWO-CBBA framework, a com-
parative analysis was conducted against three benchmark methods: (1) the standard
Consensus-Based Bundle Algorithm (CBBA) with a fixed fleet size (N = 5), (2) a Centralized
Particle Swarm Optimization (PSO) approach, and (3) a Greedy Heuristic algorithm. The
comparison was based on three key performance indicators (KPIs): Overall Scheduling
Cost, total UAV Mileage Cost, and Total Task Waiting Cost. The aggregated results of this
comparison are presented in Figure 10.
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Figure 10. Performance Comparison of Different Algorithms.

As illustrated in Figure 10, the proposed GWO-CBBA framework demonstrates su-
perior performance across all evaluated metrics, validating its effectiveness in solving the
complex multi-UAV task allocation and scheduling problem.

Overall Scheduling Cost: The GWO-CBBA framework achieves the lowest overall
scheduling cost of 308. This value is significantly lower than its counterparts, representing a
reduction of 13.2% compared to the standard CBBA (355), 21.0% compared to the centralized
PSO (390), and a substantial 36.5% compared to the Greedy Heuristic algorithm (485). This
indicates that the dynamic fleet size optimization by GWO, combined with the efficient
distributed task allocation by CBBA, produces a globally more cost-effective solution.

UAV Mileage Cost: In terms of resource consumption, the GWO-CBBA also yields the
most efficient flight plans, with a total mileage cost of only 131.15 km. This is markedly
better than the 157.5 km required by the standard CBBA and the 173.2 km by the centralized
PSO. The Greedy Heuristic algorithm results in the highest mileage (205.8 km), which is
expected due to its myopic decision-making process that fails to optimize routes from a
global perspective. The efficiency of the GWO-CBBA stems from its ability to deploy the
optimal number of UAVs, preventing the unnecessary travel that occurs when a fleet is
oversized or the inefficient routes that result from an undersized fleet.

Total Task Waiting Cost: The GWO-CBBA framework minimizes the total task waiting
cost to 14.32 min, showcasing its capability to provide timely service. This is a critical ad-
vantage over the standard CBBA (18.5 min), the centralized PSO (22.2 min), and particularly
the Greedy Heuristic algorithm (28.9 min). The low waiting time is a direct consequence
of the synergy between the GWO and CBBA. GWO identifies the appropriate fleet size
to handle the task load effectively, while the CBBA ensures that tasks are assigned in a
distributed and conflict-free manner, minimizing delays in execution. The fixed-fleet CBBA
and centralized PSO struggle to strike this balance, leading to longer queues and increased
waiting periods.

In summary, the results presented in Figure 10 provide compelling evidence that
the proposed GWO-CBBA framework outperforms established and heuristic methods.
Its primary advantage lies in its hierarchical approach, where the GWO metaheuristic
intelligently optimizes the fleet size at a global level, while the CBBA efficiently manages
decentralized task allocation at the local level. This synergy effectively balances operational
costs and service quality, leading to a more robust and efficient solution for dynamic
multi-UAV scheduling.

6. Conclusions
This paper has introduced a two-stage GWO-CBBA framework to solve the coupled

problem of UAV fleet sizing and task allocation for emergency logistics missions. Our



Drones 2025, 9, 501 19 of 20

approach first uses the Grey Wolf Optimizer (GWO) to determine the optimal number of
UAVs at a global, strategic level, and then employs the Consensus-Based Bundle Algorithm
(CBBA) for efficient, decentralized task assignment at a local, tactical level.

The primary contribution of this work is the demonstrated synergy between these two
stages. Through rigorous simulations, we benchmarked our framework against standard
fixed-fleet CBBA, a centralized PSO algorithm, and a Greedy Heuristic algorithm. The com-
parative analysis provided definitive evidence of our framework’s superiority. Specifically,
the GWO-CBBA approach reduced the overall scheduling cost by up to 36.5% compared to
the Greedy Heuristic algorithm and by 13.2% against the fixed-fleet CBBA. Furthermore,
it yielded the lowest UAV mileage cost and task waiting times, confirming its ability to
produce solutions that are not only cost-effective but also timely.

In summary, the GWO-CBBA framework provides a robust and scalable solution that
outperforms established methods by intelligently optimizing fleet size before allocating
tasks. This hierarchical strategy effectively balances operational costs and service quality,
offering a significant advancement for dynamic multi-UAV scheduling. Future work will
focus on extending the framework to handle heterogeneous UAVs and incorporating more
complex real-world constraints, such as no-fly zones and dynamic task arrivals.

7. Limitations and Future Work
While the GWO-CBBA framework shows promising results, certain limitations war-

rant further investigation. The current model assumes a homogeneous UAV fleet, ideal
communication, a static environment with pre-defined tasks, and a simplified environmen-
tal model, which do not fully represent real-world complexities. Future research will focus
on adapting the framework for heterogeneous UAVs, integrating realistic communication
models, enabling real-time task injection in dynamic environments, incorporating geospa-
tial and weather data, and validating the framework on a physical multi-UAV testbed to ad-
dress hardware and communication challenges. Overcoming these limitations will improve
the GWO-CBBA framework’s applicability to a broader range of real-world challenges.
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