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Abstract

With the rapid proliferation of internet of vehicles applications, vehicle users in urban road
scenarios face ever-increasing demands for low-latency and energy-efficient processing of
computation-intensive tasks. The traditional fixed terrestrial infrastructure offers limited
coverage in complex urban environments, making it difficult to satisfy the differentiated
quality of service requirements of large-scale vehicle populations. To fully exploit the advan-
tages of unmanned aerial vehicles (UAVs) in terms of flexible deployment and on-demand
service provisioning, we propose a UAV-assisted mobile edge computing architecture
tailored for urban road scenarios. By modeling realistic urban road terrain with varying
elevations, we construct a two-tier cooperative network consisting of multiple rotary wing
UAVs and ground vehicles. Aiming at maximizing the total system energy consumption,
we formulate a mixed integer nonlinear programming problem that minimizes total system
energy consumption through joint optimization of UAV flight trajectories and vehicle task
offloading decisions while comprehensively accounting for task latency constraints, UAV
flight velocity constraints, and the impact of three-dimensional terrain on air-to-ground
channels. Considering the high-dimensional, non-convex, mixed integer, and strongly
coupled nature of the problem, we design a genetic algorithm (GA)-based UAV trajectory
design and offload allocation algorithm. The proposed approach encodes UAV trajectories
as real-valued vectors and offloading decisions as binary vectors, employs a penalty func-
tion method to handle constraints, and achieves efficient global search through tournament
selection, single-point crossover, and Gaussian mutation operators. Simulation results
verify that the proposed algorithm converges reliably to feasible solutions under varying
task data sizes and vehicle densities and achieves up to 20.6% energy savings compared to
the benchmark schemes. The experimental results validate the necessity and effectiveness
of jointly optimizing UAV trajectory and task offloading in urban road scenarios.

Keywords: UAV networks; edge computing; resource optimization; UAV trajectory design;
task offloading

1. Introduction

With the rapid advancement of internet of vehicles (IoV) communication technologies,
modern vehicles are increasingly equipped with a wide array of advanced onboard sensors
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and applications. Computation-intensive tasks such as multimedia processing for vehicle-
to-road collaboration, object recognition, and latency-sensitive online decision-making have
been growing rapidly, imposing stringent demands for powerful computing capability and
ultra-low processing latency [1]. Although traditional cloud computing offers abundant
computational resources, the complex urban road environment often causes link fluctu-
ations and extended transmission distances, making it difficult to simultaneously meet
the low-latency and high-reliability requirements of these services. However, in complex
urban road environments, the fixed terrestrial infrastructure inherently suffers from limited
coverage. On one hand, constrained wireless backhaul capacity and limited available
spectrum make it challenging to simultaneously serve high-density vehicle populations.
On the other hand, building obstructions, street canyon effects, and three-dimensional (3D)
terrain undulations lead to temporally varying and spatially heterogeneous air-to-ground
(A2G) channel conditions, further restricting the stable performance of edge computing.

To tackle these challenges, mobile edge computing (MEC) has surfaced as a promising
paradigm that places computational resources at the network periphery, enabling task
execution in close proximity to the terminals, substantially lowering latency and improving
the overall service efficiency of the system [2]. To improve coverage and provide on-
demand services, MEC systems augmented by unmanned aerial vehicles (UAVs) have
progressively arisen as a compelling solution. UAVs can maneuver flexibly in 3D space and,
by adjusting their spatial positions and flight trajectories, provide vehicles with superior
communication links and more favorable computation offloading opportunities, thereby
improving overall system performance [3].

In UAV-assisted MEC, the system performance depends not only on the offloading
decisions (i.e., whether a vehicle transfers its computational task to an edge server, how the
offloading duration is determined, and how target computing resources are allocated), but
also heavily on UAYV trajectory planning. On one hand, the position of a UAV determines
the instantaneous link quality of the A2G channel, which in turn influences the transmission
rate and communication energy consumption. On the other hand, UAV maneuvering also
affects the available service time window, thereby influencing the tradeoff between task
latency and energy consumption. Therefore, jointly optimizing vehicle task offloading
and UAYV flight trajectories becomes the key to achieving optimal system energy efficiency
in urban scenarios. However, this joint optimization problem typically presents multiple
challenges. First, offloading variables often exhibit binary characteristics, causing the
problem to be a mixed integer nonlinear programming (MINLP). Second, the channel model,
rate expressions, and UAV kinematic constraints are mutually coupled, making both the
objective function and the constraints non-convex. Third, physical limitations—including
task latency bounds, UAV velocity, and onboard energy—further compound the complexity
of the feasible region. Consequently, understanding how to obtain high-quality solutions
while ensuring feasibility remains a significant research challenge.

Existing studies often fix the UAV trajectory or adopt simple pre-defined paths, simpli-
fying the problem to offloading and resource allocation optimization [4], or optimize only
the UAV trajectory [5]. Although such approaches can reduce modeling complexity, they
often fail to fully exploit the synergistic gains between the two aspects. When offloading
decisions and trajectory variations are not synchronized, tasks may be offloaded during
periods with poor link conditions, leading to increased transmission energy consumption
or unmet latency constraints. Meanwhile, some studies have considered joint optimization
of UAV deployment, user-UAYV association, task offloading, scheduling, and bandwidth
allocation [6]. However, most existing works assume two-dimensional planar or flat ter-
rain environments, and few have explicitly incorporated realistic urban road terrain with
elevation variations into the joint optimization of UAV trajectory and task offloading.
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Beyond the challenges of computation and communication latency, urban road trans-
portation is also a major contributor to air pollution and greenhouse gas emissions. Intelli-
gent transportation systems have been increasingly recognized as effective solutions for
energy conservation and emission reduction in transport networks [7]. Recent studies have
demonstrated that trajectory optimization and intelligent control can significantly reduce
both energy consumption and pollutant emissions such as CO; and particulate matter in
mixed-traffic environments [8].

To address the above issues, this paper proposes a UAV-assisted edge computing
architecture tailored for urban road scenarios. By considering the 3D obstruction effects
and A2G channel disparities caused by realistic urban road terrain, we establish a two-tier
cooperative network composed of multiple UAVs and ground vehicles. Building upon
this framework, we jointly optimize decision-making for offloading vehicle tasks and UAV
flight trajectories to minimize the total energy consumption of the system. The principal
contributions of this work are summarized below.

*  We construct a two-tier cooperative MEC network architecture comprising multiple
UAVs and ground vehicles distributed along urban roads with varying elevations. In
contrast to existing studies that commonly assume flat ground or simplified terrain
models, this work explicitly integrates 3D road terrain into the system modeling
process, characterizing the channel disparities of vehicle-to-UAV A2G links under
varying spatial positions and elevation undulations. This provides a more realistic rep-
resentation of A2G propagation characteristics in urban road scenarios and establishes
an accurate physical foundation for the subsequent joint optimization.

e  Targeting the total system energy consumption optimization requirements of terminal
aerial cooperative computing in urban road scenarios, we formulate a MINLP model,
the core objective of which is to minimize the energy consumption of the entire system.
This model collectively optimizes both the UAV flight trajectory and the vehicle
task offloading decisions within a unified framework, simultaneously incorporating
task latency constraints, UAV flight velocity and kinematic constraints, as well as
terrain-aware A2G channel characteristics. It systematically characterizes the coupling
relationship between computation offloading and wireless transmission processes,
captures the energy and latency tradeoff mechanism inherent in urban vehicular edge
computing, and fully reveals the interplay between trajectory variations, link quality,
and offloading effectiveness.

*  Considering the high-dimensional, non-convex, strongly coupled, and mixed-integer
nature of the formulated problem, we design a genetic algorithm (GA)-based joint op-
timization method. A unified chromosome structure is adopted to realize real-valued
encoding of trajectory variables and binary encoding of offloading variables, while
the penalty function method is employed to embed constraints such as latency and
kinematic limits into the fitness evaluation process. At the search level, tournament
selection, single-point crossover, and Gaussian mutation operators are combined to
enhance population diversity and global exploration capability, thereby improving the
efficiency of exploring the complex feasible region. Simulation results show that, com-
pared to the baseline approach, the proposed method can optimize UAV trajectories
and reduce total system energy consumption by up to 20.6%, validating the necessity
and effectiveness of jointly optimizing UAYV trajectory and task offloading in urban
road scenarios.

The rest of this paper is structured as follows. Section 2 surveys the relevant literature.
Section 3 details the system model. Section 4 formulates the optimization problem. Section 5
introduces the GA-based optimization approach. Section 6 presents the simulation results
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and a comparative analysis. Finally, Section 7 concludes the paper and outlines directions
for future research.

2. Related Work

In recent years, UAV-assisted MEC has attracted widespread attention from academia
and industry because of its deployment flexibility, 3D mobility, and on-demand service
provisioning capabilities. A considerable body of literature has been devoted to key issues
including UAV communication modeling, path optimization, allocation of resources, and
task offloading. This section reviews and summarizes existing works from UAV A2G
channel modeling and trajectory optimization, task offloading and resource allocation, and
metaheuristic solutions.

A2G channel characteristics between UAVs and terrestrial users fundamentally de-
termine communication performance. He et al. [9] evaluated the channel characteristics
of large- and small-scale UAVs operating at flight altitudes of 300 m and 400 m in rural
environments. Their results demonstrated that increasing the UAV altitude within a certain
range can significantly improve the line of sight (LoS) probability and thereby reduce path
loss. Chen et al. [10] further indicated that the LoS probability in A2G channels exhibits
regular variations with the elevation angle. Li et al. [11] analyzed power consumption
across different flight phases, providing a reference for UAV energy consumption modeling.
Dai et al. [12] proposed a general thrust power consumption model for rotary wing UAVs
that incorporates UAV velocity, acceleration, and direction changes and incorporates the
actual thrust-to-weight ratio, thereby capturing propulsion energy more realistically. On
this basis, they maximized UAVs’ efficiency by optimizing both user scheduling and flight
path characteristics. In terms of trajectory optimization, Luo et al. [13] devised a convergent
approach for independent collision-free route planning of UAVs with static obstacles and
dynamic threats. Weng et al. [14] addressed the collaborative truck and UAV delivery
problem by proposing a hybrid metaheuristic optimization algorithm designed to minimize
the total completion time for all delivery tasks. Li et al. [15] examined the problem of
obstruction-free route planning in urban areas and used Dubin’s geometric paths and the
Floyd algorithm to generate the shortest, complete, obstruction-free routes that minimize
energy consumption. For multi-UAV cooperative scenarios, Kong et al. [16] proposed a
multi-agent deep deterministic policy gradient approach for UAV path planning to achieve
energy consumption reduction and policy coordination. Recent relevant contributions
include Gonzélez-Baldizén et al. [17], who proposed a hybrid LQC-conditional LSTM au-
toencoder for fault diagnosis in quadrotor UAVs, achieving high accuracy and demonstrat-
ing the effective synergy between classical control and deep learning for trajectory-related
tasks—an integration that mirrors our GA-based joint optimization approach. Additionally,
Khaneghaei et al. [18] provided a comprehensive review of hybrid optimization algorithms
for multi-agent UAV path planning, categorizing methods from classical to Al-based and
identifying open challenges such as real-time adaptability and realistic agent dynamics,
which directly align with the future research directions we outline in our conclusion.

In UAV-assisted MEC systems, ground users typically face a binary choice between
local computing and computation offloading, making appropriate offloading decisions
critical for balancing task latency and system energy consumption. Pervez et al. [19] consid-
ered a network supported by multiple UAVs and optimized a cost function that accounts
for both energy consumption and latency by optimizing decisions regarding task allocation,
MEC server selection, transmission capability, UAV trajectories, and CPU resource alloca-
tion. Wang et al. [20] developed a 3D MEC system with multiple UAVs for cooperative
A2G communication and created models for communication, computation, and the energy
consumption of UAV flights; they minimized total energy consumption of the system
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through joint optimization of task distribution, UAV flight paths, and resource allocation in
edge computing. Zhang et al. [21] partitioned the service area into several sub-regions, en-
abling end users to offload tasks to the corresponding UAVs providing computing services,
and subsequently formulated a joint optimization problem covering offloading decisions,
allocation of resources, and path planning. Furthermore, Liu et al. [22] suggested a deep
reinforcement learning algorithm to jointly optimize the selection of the overflight point for
UAVs, the time allocation for task collection, transmission performance, channel selection,
and task allocation ratios, with the aim of improving the overall performance of UAV-based
MEC. Qi et al. [23] investigated UAV-assisted MEC with mobile user devices; the goal
was to optimize the average completion times for all tasks by optimizing communication
bandwidth, CPU capacity, task allocation ratios, and the 3D positioning of UAVs in a
coordinated manner. In addition, Zhong et al. [24] integrated non-orthogonal multiple
access with UAV assisted MEC to provide more efficient computing services, constructed a
systemic model for task allocation and UAV deployment in order to minimize the overall
cost of the service, formulated the problem as a game involving task allocation and UAV
deployment, theoretically proved the existence of at least one Nash equilibrium strategy,
and proposed a game-theory-driven decentralized algorithm to achieve this strategy while
providing theoretical performance analysis. Within the broader framework of space-air-
ground integrated networks, Mao et al. [25] investigated the simultaneous optimization for
UAV position and resource planning within a hybrid cloud edge computing architecture,
integrating cloud, aerial edge, and vehicular resources into a unified optimization model
for overall coordination.

Since the jointly optimized allocation of UAV trajectories and tasks typically exhibits
high-dimensional, non-convex, and mixed-integer characteristics, traditional convex op-
timization methods often require substantial relaxation and approximation, which limits
solution accuracy and computational efficiency. Consequently, metaheuristic algorithms
have been widely adopted in related problems due to their general independence from gra-
dient information, strong adaptability to mixtures of discrete and continuous variables, and
robust global search capabilities. Zhang et al. [26] investigated UAV positioning based on
an improved particle swarm optimization (PSO) method, aiming to reduce complexity and
positioning errors. Zhu et al. [27] investigated the problem of task scheduling in UAV-based
MEC systems with the objective of optimizing both cost and execution time, and proposed
the NSGA-II algorithm. The algorithm represents solutions as two-dimensional position
sequences and solves the problem through a feasible solution generation method along with
carefully designed crossover, mutation, and selection operators; the crossover operation
incorporates simulated annealing-based local search, two novel mutation strategies are in-
troduced, and algorithm performance is evaluated based on Pareto metrics. Regarding path
planning and obstacle avoidance, Ma et al. [28] proposed a mixed algorithm. This method
combines an enhanced simulated annealing (SA) process with an extended APF model to
help UAVs continuously rotate and avoid local minima created by nearly closed obstacles.
Regarding wireless resource and queue modeling, Liu et al. [29] targeted 5G MEC heteroge-
neous networks with multiple mobile devices capable of energy harvesting and proposed
dynamic optimization schemes for both static and dynamic subchannel scenarios. These
schemes jointly coordinate offloading decisions and wireless resource allocation, enabling
dynamic adjustment as wireless communication resources and computation demands vary,
thereby minimizing the average execution delay of the system. Dong et al. [30] formulated
the task offloading problem as an optimization problem and proposed task offloading
strategies based on PSO and Quantum PSO. Song et al. [31] studied the general design of
calculating servers and user load distribution in edge telecommunications networks that
support wireless backhaul, employing a GA to model the evolutionary mechanism, which
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minimizes the average service latency while satisfying user delay requirements. Zheng
et al. [32] addressed the issue of low search efficiency caused by insufficient coordination
among UAVs by proposing a decentralized real-time search trajectory planning method
using a model predictive controller. The search aim was decomposed into a distributed
constraint optimization problem, where overall optimization is achieved through interac-
tion among neighboring UAVs. To alleviate local optimum issues, an enhanced GA was
proposed, featuring a crossover operation and a local search framework that can be acti-
vated at any time; solution quality is further improved by storing global optimal solutions.
Additionally, Attalah et al. [33] proposed combining heuristic GA with cloud computing
techniques for task offloading optimization in UAV networks, where GA is used to transfer
tasks from UAVs to cloud base stations and from cloud UAVs to other cloud UAVs to
minimize transmission latency while maintaining high storage and processing capacity.

In summary, the existing research has laid a solid foundation in areas such as UAV
A2G channel modeling, trajectory optimization, task offloading, and metaheuristic solu-
tions. Nevertheless, the majority of prior works have not explicitly incorporated realistic
urban road terrain elevation variations into the modeling of UAV-assisted edge computing
systems. Moreover, trajectory optimization and offloading decisions are often treated in
a decoupled or hierarchical manner, weakening the deep coupling relationship between
the two. To address these shortcomings, this paper develops a terrain-aware UAV-assisted
vehicular edge computing framework, formulates a joint trajectory and offloading decision
optimization model, and designs an efficient GA for solving the problem.

3. System Model

This section presents the network model, channel model, task and computation model,
UAV propulsion energy model, and the formulation of the problem.

3.1. Network Model

As shown in Figure 1, we consider a MEC network supported by a UAV deployed
in an urban road scenario. The road exhibits elevation variations along its longitudinal
direction. The system comprises I vehicle users, denoted by set Z = {1,2,...,1}. The
two-dimensional horizontal positions of vehicles are fixed, and the location of vehicle i is
represented as L; = (x;,y;, h;), where h; denotes the road elevation at that position. The
road elevation for each vehicle is obtained from a synthetic urban terrain profile generated
by a superposition of Gaussian functions; the obstruction effects of buildings and street
canyons are statistically characterized by the elevation-angle-dependent LoS probability in
the A2G channel model.

Each vehicle possesses local computing capability and can also offload computation-
intensive tasks to the aerial UAVs for processing. The system deploys | UAVs, represented
by the set J = {l, 2,...,] } The UAVs operate at a constant altitude H for providing edge
computation services. The entire mission period is discretized into T equal slots, with
each slot having a duration of T seconds. In the t-th time slot, the horizontal position of
UAV j is represented as L;[t| = (x;[t],y;[t]), and the trajectories of all UAVs are defined
as V= {Lj[t] | Vj € J,vt € T}, where T = {1,2,...,T}. The planned trajectories are
assumed to be executable by the UAVs using standard onboard navigation and control
systems. In urban environments where GPS signals may be unreliable, the waypoints
can still be tracked using alternative localization techniques such as inertial navigation,
visual odometry, or cellular network-based positioning without affecting the fundamental
optimization framework. For simplicity, the UAV altitude H is assumed to be constant
during the mission. The wireless connections between vehicles and UAVs are mainly
characterized by the LoS probability and path loss. The main symbols are shown in Table 1.
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MEC-enabled UAV

Vehicle user

Communication link

UAV flight path

Figure 1. Network model.

Table 1. Main Symbols.

Symbol Description

Z,Jand T Set of vehicles, UAVs and time slots

\' Trajectories of all UAVs

o Offloading decision vector of all vehicles

Silt] Set of vehicles associated with UAV j at time slot ¢
j Index of the UAV associated with vehicle i at time slot ¢
Pix Transmit power of each vehicle

D; Task input data size of vehicle i

Ci Required CPU cycles per bit of the task of vehicle i
e Maximum tolerable latency of the task of vehicle i

fi Local CPU frequency of vehicle i

fu CPU frequency of UAV edge server

T}OC, TiOff Local and offloading latency of vehicle i

Eloc, Eoff Local and offloading energy consumption of vehicle i
Pqy (v) UAV propulsion power

Umax Maximum allowable flight velocity of UAV

E]ﬂy Total flight energy consumption of UAV j

E Total system energy consumption

3.2. Channel Model

Consider the A2G channel between the UAVs and ground vehicles. The 3D Euclidean
distance between vehicle i and UAV j at the t-th time slot is given by

dij[t] = \/(xi - xj[t])2 + (i — i) + (i — H)™. @

The elevation angle 6;[t] (in radians) is expressed as

0;;[t] = arctan2 (H — h, dg-"r[t]), )
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where arctan2(-, -) is the four quadrant inverse tangent function, and

2 2
] =/ (i — 1) + (v — 1), 3)
which represents the horizontal distance from vehicle i to UAV j. The A2G channel LoS

probability piljos [t] is modeled as an S-shaped function in terms of the elevation angle 6;;[#],
expressed as

1
LoSry1
Py 1= 14 aje2ll-a)’ )

where aq, 2y > 0 are environment-dependent constants. Accordingly, the non-line-of-sight
(NLoS) probability is
PRMS[H] = 1 - PR ). (5)

The path loss (in dB) consists of the free-space path loss and an additional attenuation
component is given by

PLjj[t] = 20logy, (W) + Pt nLos + (1 - P};OS[t]) 1INLoS, (6)
where f; refers to the carrier frequency, ¢ denotes the velocity of light, 71,5 and 7NLos
represent the additional losses (in dB) under LoS and NLoS conditions, correspondingly.
Furthermore, the channel power gain is expressed as g;;[f] = 10~ PLijlt/10,

Each UAV employs a shared-bandwidth non-orthogonal multiple access scheme to
provide communication services for its associated vehicles. Let S;[t] C Z denote the group
of vehicles connected to UAV j at time ¢. All vehicles within the same group share the total
bandwidth B,,. The signal-to-interference-plus-noise ratio (SINR) for vehicle i associated

with UAVj*[t] is expressed as

lt] = Px 8iji 1]
' L P8k [t] + NoB.' ()
kes, T\ i)

where piy is the transmit power of the vehicle (assumed identical for all vehicles) and Ny
is the noise power spectral density. Following Shannon’s formula, for a given vehicle 7 at
time t, the achievable uplink data rate is

R;[t] = Bylogy(1+ vi[t]). (8)

3.3. Task and Computation Model

Each vehicle is required to complete a computation-intensive task, characterized by
a triplet (D;, C;, T™®). Here, D; represents the size of input data (in Mbits), C; represents
the number of processor cycles required to process one bit of data (in cycles/bit), T;"*
represents the maximum allowable task delay (in seconds). The task can either be executed
locally at the vehicle or offloaded to the associated UAV edge server through a wireless link
for processing. To formulate this decision, a binary offloading decision variable a; € {0,1}
is introduced. Specifically, a; = 1 means that vehicle i transmits its task to an UAV, while
«; = 0 means that the task is executed locally. We assume that the UAVs are equipped
with sufficient onboard energy to sustain the entire mission, allowing us to focus on
the joint optimization of trajectory and offloading decisions without considering energy
depletion constraints.

When vehicle i opts for local computing (i.e., a; = 0), the task processing latency and
the corresponding energy consumption for local computation are given by
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D:-C:
T = =, 9
ST ©)
and
Ef = «ff - (D;- Ci), (10)

where f; denotes localized CPU computing ability for vehicle i and x denotes the effective
capacity coefficient associated with the chip architecture.

When vehicle i chooses to offload its computation task (i.e., &; = 1), the task data must
be transmitted to the associated UAV through the uplink. The achievable transmission rate
during offloading R;[t] depends on the channel conditions in that time slot. Assume that
each vehicle’s offloading transmission, if selected, occurs entirely within the final time slot
t = T, when the UAVs have reached their optimized service positions. The achievable rate
for vehicle 7 in this slot is denoted as R;[T]. The total offloading latency includes two parts:
the uplink transmission latency and the computation latency on the UAV, expressed as
D; D; - C;

& T

The offloading energy consumption comprises the energy consumed by vehicle i for

TPt = (11)

transmitting the task data and the energy consumed by the UAV edge server for executing
the computation task, given by

D.
E?ff:th,Ri[lT] +Kft%'(Di'Ci)/ (12)

where f,, (in cycles/s) represents the computing capacity of the UAV’s edge server and pix
represents the uplink transmission power for the vehicle. As shown in [34], the delay and
power consumption associated with feedback of results are neglected here, since the size of
the output data is typically much smaller than the size of the input data.

3.4. UAV Propulsion Energy Model

The propulsion power consumed by the motor of a UAV during flight is closely related
to its flight velocity v. This paper adopts the classic power consumption model for rotary-
wing UAVs, which comprises three parts: blade profile power, induced power, and fuselage
drag power [35], is given by

30? o2 \2 1
Pay(v) =Py 1+ = | + P, T+ — - | +5dopsA0, (13)
ﬂy( ) 0 ( vﬁp) ind ( 403 20%> 7 005 A4r
where Py and P4 correspond to the blade profile power and the induced power during
hover, respectively; vy, indicates the rotor blade tip velocity; vg is the mean induced
velocity of the rotor in hover; dj stands for the fuselage drag ratio; p represents the air
density; s denotes the rotor solidity; and A, refers to the rotor disc area.

Then, the instantaneous velocity of UAV j in the {-th time slot can be calculated from
the position difference between adjacent time slots as

_ Il 1 - 1]

Z)j [t] = . (14)

It is important to emphasize that, in our optimization framework, the UAV trajectory
is directly parameterized by position coordinates, and the velocity is subsequently derived
from position differences using Equation (14). Therefore, the trajectory planning process
does not involve numerical integration of velocity signals, and the accumulation of velocity
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integration errors, which is a common concern in dead-reckoning and inertial navigation
systems, does not arise during the optimization stage.

For t = 1, the UAV is considered to be in a hovering state, i.e., v]-[l] = 0. The overall
flight energy expenditure of UAV j throughout the complete mission duration is

fly L
E’ = ;Pﬂy(vj[t]) ‘T (15)

4. Problem Formulation

This paper aims to minimize the total energy consumption by jointly optimizing the
UAV trajectories V and the vehicular offloading decisions «, under the constraints of task
latency requirements and UAV flight limitations. Irrespective of the chosen computation
mode, the task generated by each vehicle i must be finished within its maximum allowable
latency. Specifically, if &; = 0, the constraint TiloC < T/ must be satisfied; if «; = 1, the con-
straint Tioff < T/ must be satisfied. If a vehicle cannot satisfy the above constraints under
a given offloading decision and UAV trajectory, the current solution is considered infeasible.

The total energy consumption of the system comprises three parts: the energy con-
sumed by local computing, the energy for task offloading, and the propulsion energy of the
UAVs. It is formulated as

I J
E=Y [(1 — j)Eloe 4 aiE?ff} + Y EP. (16)
i=1 =1

Accordingly, the optimization problem is formally stated as

min E

V,u

s.t.

Cl: a;€{0,1}, VieZ,

C2: (1 — )T+ o, T < TR vie T, (17)

C3: ?J]‘[t] < Umax, VjE J,Vte T,
C4 0< xj[t] < Xmax,
0< ]/]'[t] <Ymax, VjE J,VteE T,

where Xmax and ymax denote the side lengths of the mission area. Constraint C1 indicates
that the offloading decision is a binary variable. Constraint C2 ensures that the offloading
latency satisfies the constraint. Constraint C3 restricts the UAV velocity to not exceed
the maximum allowable velocity vmax to guarantee flight safety and satisfy kinematic
constraints. Constraint C4 confines the UAV flight within the designated area.

The formulated problem belongs to the class of MINLP problems. As the objective
function and constraints are both non-convex and nonlinear and incorporate both continu-
ous and discrete variables, it cannot be readily tackled by conventional convex optimization
techniques. To handle this challenge, we will design a metaheuristic solution framework
based on a GA, which encodes trajectory points as real-valued vectors and offloading
decisions as binary vectors, and integrates constraint penalty terms into the fitness function,
thereby enabling an effective solution to the above joint optimization problem.

5. GA Based UAV Trajectory Design and Offload Allocation Algorithm

This section introduces a GA-based algorithm for UAV trajectory planning and of-
floading allocation to address problem (17).
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5.1. Proposed Algorithm

As a global search metaheuristic that simulates the process of natural evolution, the
GA does not rely on gradient information and exhibits favorable adaptability to mixed
discrete continuous variables. It has been widely applied in the fields of UAV path planning
and resource allocation [36,37]. This section elaborates on the design of the GA tailored for
the formulated problem. The core of the GA lies in mapping the optimization variables into
chromosome structures that can undergo genetic operations. In this paper, both the UAV
trajectories V and the vehicle offloading decisions « need to be optimized simultaneously.

Since the trajectory points are continuous variables, a real-valued encoding scheme
is adopted. The two dimensional positions of UAV j across all T time slots are
flattened in chronological order, forming a real valued vector of length 2T x;ra] =
[x;[1], y;11], x;[2], y;[2], - . ., %;[T], y;[T]]. The trajectory vectors of all ] UAVs are concate-
nated to obtain the trajectory chromosome segment, which are given by

: traj _traj traj
X" =[x, %7, .. .,x]ra]}. (18)

The offloading decisions are binary variables and are encoded using a binary scheme.
The decision variables of all I vehicles are arranged sequentially to form a binary vector of
length I, which are given by

X = oy, 00, ., 1] (19)

Thus, the complete chromosome is given by X = [X', X°ff].

The fitness function serves as the core criterion for evaluating the quality of individuals.
GAs are typically designed for unconstrained optimization, whereas the problem in this
paper involves task latency constraints and UAV velocity constraints. Accordingly, a penalty
function approach is adopted to convert the constrained problem into an unconstrained
formulation. The fitness function is constructed as the summation of the total system energy
consumption and the penalty terms associated with constraint violations:

]:(X) = E(X) + Aqudelay(X) + AZ(Dvelocity(x)r (20)

where E(X) is the total system energy consumption corresponding to individual X;
D@ gelay (X) and Dyelocity (X) denote the penalty terms for latency constraint violation and
velocity constraint violation, respectively; and A1, A, > 0 are the penalty coefficients.

The pseudo-code of the GA for solving the problem is presented in Algorithm 1.
In Algorithm 1, a tournament selection strategy is adopted. In each selection round, k
individuals (k = 2) from the current population are randomly selected, and their fitness
values are compared. The individual that is lower in fitness wins and is included in the next
generation’s population. This procedure is repeated Npop times until the new population is
complete. Since the chromosome contains both a real-coded part and a binary-coded part,
the crossover operators need to be designed separately.

Gaussian mutation is utilized in trajectory part mutation. For each trajectory coordi-
nate gene, a Gaussian perturbation is applied with probability p,: x < x + N(0,02). After
mutation, the coordinates are clipped to remain within the region boundaries. And Bit-flip
mutation is employed in the offloading decision part mutation. For each binary gene, its
value is flipped (0 to 1, or 1 to 0) with probability p,,.
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Algorithm 1 GA-Based UAV Trajectory Design and Offload Allocation Algorithm

Input: Population size Npop, maximum number of iterations K, crossover probability pc,
mutation probability p,,, penalty coefficients Mgelay and Pyelocity-

Output: Optimal trajectory V, optimal offloading decision &, minimum system energy
consumption E*.

1: Initialize the population Py = {X1, X, ..., Xn};

2: Compute the fitness F(X;) of each individual in the initial population, and record the
globally optimal individual Xpegt and its fitness Fpest;

3:fork=1:Kdo

4:  Prew «— O;
5: while |Pnew| < Npop do
6: Tournament selection: Randomly select two individuals from Pj_4; the one with

the lower fitness is added to Phew;
7: end while

8: forizlszop/Zdo

9: if rand() < p. then

10: Perform a single point crossover on the (2i — 1)-th and 2i-th individuals in Ppew;
11: end if
12: end for

13:  fori=1: Npop do
14: for each gene do

15: if rand() < p,, then

16: Apply Gaussian mutating and bit-flipping mutating to the trajectory and
offloading decisions, respectively;

17: end if

18: end for

19: end for

20: Compute the fitness of the new population Ppew;
21: Update the global best individuals Xpest and Fpest;
22: Pk — Pnew;

23: end for

24: Decode V and & from Xpeg; and output E* = Fpeg;.

5.2. Complexity Analysis of Proposed Algorithm

The primary computational overhead of the proposed algorithm lies in fitness evalua-
tion. A single fitness evaluation requires traversing T time slots to compute the distances,
elevation angles, path losses, and transmission rates for I x | vehicle-UAV pairs, with
a complexity of O(T - I - J), computing the flight energy consumption of | UAVs, with
a complexity of O(T - ), and calculating the task latency and energy consumption for I
vehicles, with a complexity of O(I). Hence, the time complexity of a single fitness evalua-
tionis O(T - I-]). Since Npop individuals must be evaluated for each generation and the
algorithm operates over K generations, the total time complexity of the algorithm equals
O(K - Npop - T - I-]). The space complexity depends mainly on the memory required for
the population, which is O(Npop - (2]T +1)).

Remark 1. It is important to note that the proposed GA is designed for offline trajectory planning
and offloading decision optimization, which is performed prior to mission execution. The optimized
waypoints and offloading decisions are then loaded onto the UAVs and vehicles for execution.
Therefore, the GA does not need to be executed in real time during the mission, and the computational
time required for the optimization is acceptable for pre-mission planning.

6. Simulation Results

To validate the effectiveness of the proposed algorithm, numerical simulations are
performed, and performance comparisons are carried out with several baseline algorithms.
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6.1. Simulation Setup

The simulation environment is configured as a 500 m x 500 m rectangular region,
where three roads are laid out, and I = 30 vehicular users are randomly placed. Specifically,
the road network is configured as a grid-like layout consisting of one horizontal arterial
road and two vertical arterial roads, with each road having a width of 30 m. Ten vehicles
are uniformly and randomly distributed along each road segment, resulting in a total of
30 vehicles. For each vehicle, the horizontal coordinates (x;,y;) are generated accordingly,
and the elevation /; is obtained by interpolating the corresponding road terrain profile.
The terrain profiles are synthesized using a superposition of Gaussian functions to model
realistic urban elevation undulations. The system deploys | = 3 UAVs serving as mobile
edge servers, flying at a fixed altitude of H = 180 m to ensure clearance above the highest
terrain point. The mission duration is partitioned into T' = 5 time slots, with each slot
lasting T = 1’ s, The random seed is fixed for deterministic replication. The remaining key
simulation parameters are listed in Table 2.

In this paper, urban road scenarios are characterized by the presence of roads with
three-dimensional elevation variations, surrounding buildings that affect A2G channel
conditions, and spatially distributed vehicle users requiring computation services. We
focus on the static vehicle distribution case, where vehicles remain at fixed positions during
the optimization horizon, and do not consider dynamic traffic flow elements such as
acceleration, deceleration, or traffic light control, which are left for future investigation.

Table 2. The Values of the Main Simulation Parameters.

Simulation Parameter Value

K 2000

Pc 0.8

Pm 0.1

Umax 20m/s

D; 1 Mbits

Ci 500 cycles/bit
Tmex 5s

fi 5GHz

fu 10 GHz

T 1s

By 100 MHz

Pix 1w

No —174 dBm/Hz
c 3 x 108 m/s
fe 2.4 GHz

LoS, INLoS 1dB,20dB

K, Ky 1027 J/cycle?
Npop 30

Pe, Pm 0.8,0.1
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Table 2. Cont.

Simulation Parameter Value

K, Ky 10=% ] /cycle?
K, Ky 10727 J/cycle?
K, %, 1072 J/cycle?
K, Ky 1027 J/cycle?

6.2. Performance of Proposed Algorithm Under Various Parameters

Figure 2 presents the optimized three-dimensional flight trajectories of the three UAVs,
together with the terrain and vehicle distribution. Figure 3 further depicts the horizontal-
plane projections of the UAV trajectories. It can be observed from the figures that the
trajectories of all three UAVs exhibit favorable smoothness. The displacement between
adjacent time slots is significantly smaller than the maximum allowable displacement per
time slot imposed by the velocity constraint, i.e., vmax = 20 m/s. Consequently, the velocity
penalty term is not triggered, which verifies the satisfaction of the velocity constraint. Mean-
while, the three UAVs exhibit complementary spatial distributions, effectively avoiding
service overlap and reducing unnecessary mutual interference.

® \Vehicle
=@ UAV 1 trajectory
=@ UAV 2 trajectory
UAV 3 trajectory
Start point
B Endpoint

Figure 2. 3D trajectories and system scenarios.
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~—@— UAV 1 trajectory
~—@— UAV 2 trajectory
450 UAV 3 trajectory

50

Figure 3. 2D UAV trajectories.

Figure 4 illustrates the spatial distribution of the optimized task offloading decisions.
Different colors and marker shapes represent vehicles that perform local computing and
those that offload computation to different UAVs, respectively, along with the final positions
of the UAVs. Statistical results show that among the 30 vehicles, 25 choose to offload their
tasks to UAVs for processing, while only five vehicles opt for local computing, yielding an
offloading ratio of 83.3%. Further observation of the spatial distribution reveals that the
five vehicles performing local computing are mainly located at the coverage edge areas of
the UAVs, where the channel conditions are relatively poor, resulting in offloading rates that
are insufficient to provide an energy-efficiency advantage. Therefore, while ensuring the
latency requirements, the algorithm tends to select local processing for these edge vehicles,
thereby achieving optimization of the total energy consumption. The final optimized total
system energy consumption is 5301.63 J.

500

Local computing o
Offloading to UAV 1
Offloading to UAV 2
Offloading to UAV 3

[N N

o 50 100 150 200 250 300 350 400 450 500
X (m)

Figure 4. Task offloading decision.

On this basis, the number of UAVs | is set to two, three, and four while keeping
other parameters unchanged. Figure 5 shows the two-dimensional trajectories when the
number of UAVs is 2. It can be observed that in this setting, the coverage span of each
UAV within a time slot is relatively larger, aiming to cover as many vehicles as possible
under limited UAV resources. When the number of UAVs increases to 4, as shown in
Figure 6, the coverage capability of the UAVs is further enhanced, enabling finer matching
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with the vehicle distribution and improved link accessibility. Table 3 summarizes the final
total system energy consumption and offloading ratios under different numbers of UAVs.
Overall, as the number of UAVs increases, the total coverage capability of the system is
enhanced, and the average distance between vehicles and UAVs is shortened, thereby
improving the offloading rates and making more vehicles inclined to offload their tasks.

500
® Vehicle L]

—®— UAV 1 trajectory
450 | —®— UAV 2 trajectory

400

350 [

300 -
— 250 -
>

200 -

150 [ e -

100 [

50 -

. . . . . . . . . .
0 50 100 150 200 250 300 350 400 450 500
X (m)

Figure 5. 2D UAV trajectories in | = 2.

500
® Vehicle L[]
~—@— UAV 1 trajectory
450 | —® UAV 2 trajectory
UAV 3 trajectory
~——@— UAV 4 trajectory

400

350 -

300 |
E os0
N

200 -

. . . . . . . . . .
0 50 100 150 200 250 300 350 400 450 500
X (m)

Figure 6. 2D UAV trajectories in | = 4.

As shown in Table 3, when the number of UAVs increases from 2 to 3, the offloading
ratio improves from 60.0% to 83.3%, while the total system energy consumption rises from
3185.28 ] to 5301.63 J. With a further increase to four UAVSs, the offloading ratio increases
to 93.3%, but the total system energy consumption also notably rises to 8167.78 J. The
preceding results demonstrate that, while deploying more UAVs markedly improves task
offloading coverage and the offloading success rate, it simultaneously leads to increased
system energy expenditure. Consequently, in real-world deployment, a balance between
the offloading ratio and total energy consumption must be struck to attain superior overall

system performance.
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Table 3. Results of the UAV Quantity Comparison Experiment.
Number of UAVs Offloading Ratio Total Energy Consumption (J)
2 60.0% 3185.28
3 83.3% 5301.63
4 93.3% 8167.78

6.3. Algorithm Performance Comparison

To validate the efficacy and superiority of the proposed method across multiple
dimensions, the proposed scheme (denoted as “Proposed” hereafter) is benchmarked
against the following baseline algorithms:

*  Local-only (LO) : All tasks are processed locally at the terminal side without offloading
or related decision-making. This method can be regarded as a performance lower
bound in the absence of cooperative computing mechanisms, serving to quantify the
benefits brought by the multi-end coordination of the proposed scheme.

¢ No UAV trajectory optimization (NTO): The joint UAV trajectory optimization is
removed, i.e., the UAV motion process does not participate in the optimization.
This setting isolates the impact of trajectory optimization on overall performance,
thereby further verifying the necessity of the proposed scheme within the joint
optimization framework.

e PSO (Particle Swarm Optimization): The PSO algorithm is adopted as a representa-
tive swarm intelligence metaheuristic. PSO approximates the optimal solution in the
search space through swarm cooperation and velocity update mechanisms.

* SA (Simulated Annealing): The SA algorithm is employed as a local-global com-
promise method based on random perturbation. Through the temperature annealing
strategy, SA allows the acceptance of inferior solutions with higher probability in
the early stages to mitigate the risk of falling into local optima. By comparing with
SA, the effectiveness of the proposed scheme and the rationality of its search strat-
egy can be validated from the perspectives of capability to escape local optima and
solution robustness.

Figures 7 and 8 present the two-dimensional UAV trajectories and the corresponding
offloading decision diagrams generated by PSO and SA under the benchmark settings,
respectively. The results show that PSO achieves a total system energy consumption of
4541.49 ] with an offloading ratio of 96.7%, while SA achieves 5225.85 | with an offloading
ratio of 100%. However, a closer examination of the trajectory quality reveals that both
PSO and SA produce rather disordered trajectories with noticeable overlaps between
trajectory segments. More importantly, we observed that these trajectories violate the
UAV velocity constraint v;[t] < Umax] in multiple time slots, rendering them infeasible
solutions to the constrained optimization problem. The lower nominal energy values
reported by PSO and SA are therefore achieved at the cost of constraint violation, as the
penalty mechanism in these algorithms does not sufficiently enforce feasibility. In contrast,
the proposed GA consistently converges to fully feasible solutions with smooth, spatially
continuous trajectories that satisfy all latency and velocity constraints. Across all simulation
scenarios, the proposed GA consistently produced feasible solutions satisfying both the
latency constraint and the velocity constraint. Therefore, when comparing algorithms
based on their best feasible solutions, the proposed GA demonstrates superior overall
performance. This result highlights the importance of constraint handling in joint trajectory
and offloading optimization and validates the effectiveness of the penalty function and
evolutionary search strategy adopted in our GA design.
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Figure 7. UAV 2D Trajectories and Task Offloading Decisions under PSO.
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Figure 8. UAV 2D Trajectories and Task-Offloading Decisions under SA.

Figure 9 shows the comparison of the total system energy consumption among the
proposed scheme, LO, and NTO under different task input data sizes D;. From the overall
trend, as D; increases from 1 Mbit to 17 Mbits, the total energy consumption of all schemes
exhibits an upward trend. This is because both the computational overhead and the
communication overhead increase linearly with the data size. Furthermore, at all levels of
D;, the proposed joint optimization scheme consistently achieves the lowest total energy
consumption, indicating that the jointly optimized trajectory and offloading decisions can
effectively reduce energy consumption. Taking D; = 1 Mbits as an example, the total energy
consumption of GA is 5301.63 J, while those of LO and NTO are 5926.92 ] and 6682.72 ],
respectively. The GA scheme saves approximately 10.5% and 20.6% energy compared
with LO and NTO, respectively. Moreover, as the data size increases, the advantage of
GA becomes more pronounced, demonstrating that under high load conditions, the joint
trajectory and offloading optimization can more effectively improve the A2G link quality
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and offloading allocation, thereby further amplifying the total system energy consumption
gain and exhibiting its stability and adaptability under different task loads.

13000

Proposed
Lo

12000 NTO -

11000 - 7

10000 - b

9000 b

8000 - b

Energy consumption / J

7000 - b

6000 - b

5000 I I I I I

Task data size / Mbits

Figure 9. System total energy consumption vs. task input data size.

Figure 10 depicts the comparison curves of the total system energy consumption as
the number of vehicles varies. From the overall trend, as the number of vehicles increases
from 10 to 70, the total energy consumption of the proposed scheme consistently remains at
the lowest level and shows a trend of a slight decrease followed by stabilization, indicating
that the scheme possesses good robustness to the vehicle scale. In contrast, the total energy
consumption of the LO scheme fluctuates narrowly between 6026 ] and 6177 ] without
exhibiting an obvious monotonic trend, whereas the total energy consumption of the NTO
scheme increases monotonically from 6602.62 J to 7124.38 ], indicating that the scheme
without trajectory optimization faces higher communication and flight energy consumption
costs when serving more vehicles. The reason why the proposed scheme can maintain
a stable or even slightly decreasing energy consumption performance as the number of
vehicles changes is mainly attributed to the flexibility of its joint optimization framework.
As the number of vehicles increases, the spatial distribution of vehicles becomes denser,
making it easier for the UAVs to find optimal hovering positions that cover multiple vehicles
during trajectory optimization, thereby reducing flight energy consumption. Meanwhile,
the offloading decision can dynamically select the offloading ratio, offloading part of the
computing tasks to the UAVs for execution and using the UAVs’ computing resources to
share the local computing pressure, thereby avoiding the linear increase in local computing
energy consumption with the number of vehicles. Although the UAV computing energy
consumption increases with the number of offloaded vehicles, the trajectory optimization
effectively improves the offloading link quality and reduces the communication energy
consumption per vehicle so that the total energy consumption can be controlled. The
proposed joint optimization scheme exhibits optimal total system energy consumption
performance under different vehicle densities and is insensitive to the increase in the
number of vehicles, making it particularly suitable for practical edge computing scenarios
with dense vehicles and high task concurrency.
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Figure 10. System total energy consumption vs. number of vehicles.

7. Conclusions and Future Work

This paper has examined the joint optimization of UAV flight trajectories and task
offloading decisions within a UAV-enabled MEC network specifically designed for urban
roadway environments. To this end, a two-tier cooperative network architecture compris-
ing multiple UAVs and ground vehicles has been constructed. On this basis, we have
formulated a MINLP model to minimize the total energy consumption through the joint
optimization of UAV trajectories and vehicle task offloading decisions while jointly ac-
counting for task latency constraints, UAV flight velocity constraints, and terrain-aware
channel characteristics. To tackle the non-convex, strongly coupled, and mixed-integer
nature of the formulated problem, a GA-based joint optimization algorithm has been de-
signed. Simulation findings confirm that the proposed algorithm achieves an offloading
ratio of 83.3% under the benchmark settings, with the total system energy consumption
reduced to 5301.63 ]J. Comparative experiments reveal that the proposed method saves up
to 20.6% in overall energy consumption relative to the LO and NTO benchmark schemes
and consistently attains the minimum energy usage across varying task data sizes and
vehicle densities. Future work may explore the extension to scenarios with mobile vehicles
and dynamic task arrivals, incorporate more sophisticated multi-UAV cooperative strate-
gies, and investigate the integration of machine learning techniques to further enhance
the adaptability and real-time performance of the optimization framework. Additionally,
incorporating realistic navigation constraints, including the effects of GPS signal availabil-
ity and positioning errors in urban canyons, into the trajectory optimization framework
represents an important direction for future research to enhance the practical applicability
of the proposed approach.
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