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Abstract—Unmanned aerial vehicle (UAV)-enabled computa-
tion offloading network where the internet of things (IoT) devices
transmit to UAVs to help further process data. However, there are
still some limitations in the existing UAV-enabled computation
offloading network. They merely consider homogeneous aerial
nodes to help offload computing tasks. This scheme faces the
risk of air link damage, such as visibility conditions, and energy
depletion. Motivated by this, we propose an edge computing
power offloading network where not only the aerial nodes but
also the ground nodes cooperatively help computation offloading
from IoT devices and mobile devices. We establish an opti-
mization with the goal of the task offloading failure penalty
to optimize the UAV/vehicle trajectories, task offloading ratio,
task association indicator, transmit power of IoT devices, and
the CPU frequency of IoT devices and mobile devices, subject to
boundary constraints, energy constraints, and power constraints.
Such an optimization is complicated with complex objective
functions, and various optimization variables are coupled, which
increases the difficulty of solving this problem. We convert
this optimization into a Markov decision process (MDP), and
propose two state-of-the-art deep reinforcement learning (DRL)
algorithms, say the soft actor-critic (SAC) and proximal policy
optimization (PPO), to accurately and efficiently solve this MDP.
Experiments show the convergence and effectiveness of the pro-
posed framework in edge computing power offloading networks.
In addition, the proposed SAC and PPO outperform the other
state-of-the-art algorithms. Furthermore, the newly introduced
auxiliary vehicles significantly reduce the task offloading failure
penalty.

Index Terms—Unmanned aerial vehicle (UAV), internet of
things (IoT), trajectory planning, computation offloading.

I. INTRODUCTION

With the deep integration of 6th generation mobile commu-

nication technology (6G) networks and extended reality (XR),

and the exponential growth of internet of things (IoT) devices,

computing-intensive applications represented by immersive

interaction and real-time autonomous decision-making are

driving a paradigm shift in communication systems in terms

of latency , reliability, and energy efficiency. However, devices
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are limited by battery capacity and computational power, mak-

ing it difficult for them to handle such tasks independently,

giving rise to computation offloading (CO) technology [1] [2].

This technology significantly reduces terminal energy con-

sumption and improves quality of service (QoS) by migrating

tasks to edge servers or the cloud. Nevertheless, the traditional

ground-based station (GBS)-based offloading scheme faces

two major challenges [3]. First, GBS deployment is fixed,

making it difficult to dynamically adapt to unexpected traffic

or demand in remote areas; second, in dense urban areas

or complex terrain, signals are easily blocked by buildings,

resulting in unstable communication links [4].

Unmanned aerial vehicle (UAV) assisted computation of-

floading provides an innovative way to solve the above

problems: with its high mobility, on-demand deployment

capability, and line-of-sight (LoS) channel advantages, UAVs

can quickly fly to mission hotspots to build temporary edge

computing nodes, and also optimize the quality of the user-

UAV channel by flexibly adjusting the flight trajectory and

altitude [5] [6] [7]. It can also optimize user-UAV channel

quality by flexibly adjusting flight trajectory and altitude.

In disaster relief or temporary large-scale activities, UAVs

can replace damaged or missing ground infrastructure. Earlier

studies focused on the convergence of terrestrial base stations

and mobile edge computing (MEC). For example, Mao et

al [8] proposed a delay minimization offloading framework

based on GBS, which reduces the end-to-end delay by jointly

optimizing the task allocation and computational resources.

However, such approaches are limited by the static deploy-

ment of GBS and are difficult to adapt to dynamic environ-

ment requirements. In recent years, UAV-assisted computation

offloading has become a research hotspot due to its unique ad-

vantages. Dang et al [9] constructed a trade-off model between

UAV energy consumption and task latency and proposed a

dynamic trajectory planning algorithm based on reinforcement

learning. Gu et al [10] proposed a lightweight encryption

offloading protocol based on physical layer security to address

the vulnerability of UAV-user channels to eavesdropping.

However, there are still some limitations in the existing

UAV-enabled computation offloading. They primarily consider

homogeneous aerial nodes to assist in offloading computing

tasks. This approach faces several significant challenges, such

as the potential for air link disruption due to environmental
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factors like visibility conditions, unpredictable weather, and

interference. Additionally, the risk of energy depletion in

aerial nodes is a concern, as the limited battery life can impact

the reliability and efficiency of the system. These limitations

make the scheme vulnerable to potential failures in dynamic

or demanding scenarios, where uninterrupted service and high

performance are crucial.

Motivated by this, we study an edge arithmetic network in

which a set of UAVs and a set of vehicles act as air-ground

edge servers for IoT devices. We establish a multi-objective

optimization model with the goal of the task offloading

failure penalty to optimize the UAV/vehicle trajectories, task

offloading ratio, task association indicator, transmit power of

IoT devices or mobile devices, and the CPU frequency of

IoT devices or mobile devices, subject to boundary constraint,

energy constraints, and power constraints. To solve the multi-

dimensional joint optimization challenge, this study innova-

tively models the problem as a multi-intelligence markov

decision process (MDP) under incomplete information. Based

on the deep reinforcement learning framework, an improved

flexible actor-critic (SAC) algorithm and proximal policy

optimization (PPO) are proposed to enable UAVs or un-

manned vehicles, and IoT devices to autonomously decide

the optimal computational offloading strategies and movement

trajectories. Experimental results demonstrate the convergence

and efficiency of the proposed framework in edge computing

power offloading networks. Moreover, the performance of

the proposed SAC and PPO algorithms surpasses that of

other state-of-the-art methods. Additionally, the introduction

of auxiliary vehicles plays a crucial role in significantly

reducing the penalty associated with task-offloading failures.

Next, we will introduce the system model construction, al-

gorithm design and optimization, and simulation experiments

and performance analysis respectively.

II. SYSTEM MODEL
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Fig. 1. The multi-UAV cooperative vehicle edge arithmetic network archi-
tecture system.

We consider a multi-UAV cooperative vehicle edge arith-

metic network architecture system. The architecture is shown

in Fig.1. This architecture contains three types of core units:

clusters of IoT devices and mobile devices, clusters of UAVs

with onboard edge servers, and mobile edge computing vehi-

cles. The system device layer consists of I IoT devices and M

mobile terminals, the control layer deploys K = {1, ...,K}
UAVs equipped with edge servers, and the mobile infrastruc-

ture layer consists of L = {1, ..., L} intelligent vehicles with

computational capabilities consisting of. This architecture is

located in a region R. The network coverage is a square area

R with side length Lmax, which traditional terrestrial base

stations do not serve. We consider that the terminal devices

offload some of the computational tasks to UAVs or vehicles

for processing, and each task can be offloaded to at most one

UAV or one vehicle.

Considering that IoT devices and mobile devices have

homogeneity in the dimension of computational offloading,

in order to simplify the model complexity, we adopt IoT

devices as a typical research object for modeling and opti-

mization solutions uniformly. We use a discrete-time model

that divides the decision time into N equal time slots, the

set of which is defined as N = {1, ..., N}. In time slot n,

the ith IoT device generates a computation task denoted as

CTi,n =
{
Di,n, C

CPU
i,n , THD

i,n

}
, where Di,n is the data size

of the computation task, CCPU
i,n is the number of CPU cycles

required for the task to compute 1 bit, i.e., the computation

density (in cycles/bit), THD
i,n is the maximum tolerable delay

(in s), i is any value in I = {1, ..., I} and n is any value in

N = {1, ..., N}.

A. Communication Model

Considering the spatial dependence of air-ground and

ground-ground communication links, we establish a three-

dimensional Cartesian coordinate system in the target area.

The position of the IoT device is denoted as uC
i,n =

{xC
i,n, y

C
i,n, z

C
i,n}. xC

i,n denotes the horizontal coordinate of

the ith IoT device at time slot n, yCi,n denotes the vertical

coordinate of the ith IoT device at time slot n, and zCi,n denotes

the height of the ith IoT device Ci at time slot n. The position

of the kth UAV Uk is denoted as uU
k,n = {xU

k,n, y
U
k,n, z

U
k,n}.

All UAVs can fly in the Zmin to Zmax altitude range over

the target area. The position of the lth vehicle Vl is denoted

as uV
k,n = {xV

1,k,n, y
V
1,k,n, z

V
1,k,n}. The horizontal distance

between the ith IoT device Ci and the kth UAV Uk can be

expressed as:

di,k,n =

√(
xU
k,n − xC

i,n

)2
+
(
yUk,n − yCi,n

)2
. (1)

The horizontal distance between the ith IoT device Ci and

the lth vehicle Vl can be expressed as:

di,l,n =

√(
xV
k,n − xC

i,n

)2
+
(
yVk,n − yCi,n

)2
. (2)

For the ith IoT device Ci to be able to offload computa-

tional tasks to the UAV or vehicle, the distance should meet

certain conditions.

di,j,n ≤ Dmax, (3)
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where Dmax is maximum communication distance.

In this system, the vehicle and the IoT device are usually

in a low obstacle density scenario, so we consider the line-of-

sight (LoS) link between the IoT device and the UAV, vehicle.

The channel power gain between the ith IoT device Ci and

the kth UAV Uk or lth vehicle Vl can be expressed as

hi,j,n =
Gj

d
κj

i,j,n + Z2
j,n

, (4)

where j can take values from L and K. When j is taken from

L, κl is 2.1 and Gl is 5 dBi. Zl,t satisfies the Rayleigh decay

distribution [11]. When j is taken from K, κk is 2.2 and Gk

is 3 dBi. Zk,t satisfies the lognormal decay distribution.

For ease of description, we denote αi,j,n ∈ {0, 1} as

whether the device offloads the task to Uk or Vl in time slot

n. αi,j,n = 1 means that the IoT terminal device chooses to

perform computational offloading in time slot n, otherwise

αi,j,n = 0. The data rate Ri,j,n between the ith IoT device

Ci and the kth UAV Uk or lth vehicle Vl can be expressed as

RC
i,j,n

=
Bs∑I

i′=1 αi′ ,j,n

log2

(
1 +

Pi,j,nhi,j,n

Ii,j,n + σ2

)
, (5)

where σ2 is the Gaussian noise power, Bs is the available

bandwidth, αi′ ,j,n ∈ {αU
i,j,n, α

V
i,j,n}, Pi,j,n is the transmission

power of Ci,
∑I

i′=1 αi′ ,j,n is the number of IoT devices

associated with Uk or Vl, and Ii,j,n is interference from IoT

devices that select other UAVs or vehicles, which can be

written as

Ii,j,n

=

K∑
a=1,a �=k

I∑
b=1,b �=i

αa,b,nPa,b,nha,b,n.
(6)

B. System Metrics

The IoT device offloads part of the computation task to the

UAV or vehicle and computes the rest locally. We set the local

computation task and the offloading task to be generated and

executed in parallel at the same time, then the total delay can

be expressed as

Ti,n = max(TLocal
i,n , TTrans

i,n + TUAV
i,n ). (7)

The delay caused by processing the computational task

should be no greater than its maximum delay Ti,max.

The transmission delay depends on the amount of data

being offloaded and the data rate being transmitted. The delay

of the IoT device Ci to send the offloaded computational task

to Uk or Vl is

TTrans
i,n =

βi,nDi,n

RC
i,j,n

. (8)

The local computation delay T local
i,n is determined by the

amount of local computation and the speed of the computa-

tion. The amount of local computation is related to the size

of the data of the computation task that is not offloaded to the

UAV or the vehicle, and the speed of computation is related to

the CPU frequency fmob
i,n of Ci and the number of CPU turns

CCPU
i,n required to compute 1 bit for that task. The expression

for the local computation latency is denoted as

T local
i,n =

(1− βi,n)Di,nC
CPU
i,n

fmob
i,n

, (9)

where βi,n denotes the offload ratio of the computing task,

fmob
i,n ∈ [0, fmob

i,max], and fmob
i,max denotes the maximum CPU

frequency of Ci.

The total energy consumption of the IoT device includes

the energy consumption resulting from locally processed

computational tasks and the energy consumption resulting

from off-loaded computational tasks sent to an edge server

on the UAV or in the vehicle. We can express the energy

consumption as

EUi,n = EU local
i,n + EUTrans

i,n . (10)

The energy consumption of IoT device Ci is expressed as

ETrans
i,n = Pmob

i,n TTrans
i,n , (11)

where Pmob
i,n denotes the transmitted power of IoT device Ci.

The ith IoT device Ci should not consume more energy

than the initial energy. Otherwise, the computational task will

not be processed or discarded. In time slot n+1 the initial

energy is

EUi,n+1,0 = min{EUi,n,0 − EUi,n, 0}. (12)

Consumption of energy needs to have a condition such as

EUi,n ≤ EUi,n,0. (13)

To ensure the successful execution of the task, the pro-

cessing success rate of the computational task has become a

key metric of our concern. The processing success rate of the

computational task of the ith IoT device Ci from time slot 1

to time slot n can be expressed as

THC
i,n =

max

⎧⎪⎪⎨⎪⎪⎩
EUTH

i,n − EUi,n,(
K∑

k=1

αU
i,k,n +

L∑
l=1

αV
i,l,n

)
�(ETTH

i,n − Ti,n)

⎫⎪⎪⎬⎪⎪⎭ ,

(14)

where �(A) is an indicator function that takes the value

of 1 when A is true and 0 otherwise. ETTH
i,n denotes the

corresponding threshold of the maximum delay and EUTH
i,n

denotes the corresponding threshold of the maximum energy.

The communication penalty index ensures both commu-

nication performance and fairness among communication

users.The data expression for the penalty function can be

expressed as

pCi,n ={
Ti,n/ETTH

i,n , THC
i,n = 1,

min
(
pCi,n−1 + 1, Fmax

)
, Otherwise,

(15)
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where FC =
∑N

n=1 p
C
i,nis the sum of the communication

penalty index for all communication users. A smaller penalty

index means more fairness among communication users and

a wider communication range.

RC
i,n =⎧⎪⎨⎪⎩
RC,Max

i,n , �(Ai,n) = 1,

R̂C,U→C
ji,n,i,n

, (1− �(Ai,n))�(Bi,n) = 1,

0, Otherwise,

(16)

where ji,n is an index of the UAV or vehicle that performed

the service. R̂C,U→C
k,i,n denotes the data rate from UAV, ex-

pressed as

RC
ji,n,i,n =

Bs log2

(
1 + pUji,n,nhji,n,i,n/(Ii,n + σ2)

)
,

(17)

where Ii,n denotes the interference term. σ2 denotes the

Gaussian white noise term. pUk denotes the transmit power

of Uk.

C. Problem Formulation

We propose a multi-objective framework aimed at achieving

three-dimensional performance enhancement of edge arith-

metic networks. We represent the optimization problem as

P1 : min
A,B

FC (18)

s.t.

K∑
k=1

αU
i,k,n +

L∑
l=1

αV
i,l,n ≤ 1, ∀i ∈ I, n ∈ N , (18a)

I∑
i=1

(
K∑

k=1

αU
i,k,n +

L∑
l=1

αV
i,l,n

)
≤ I, ∀n ∈ N , (18b)

PU
i,k,t ≤ Pmax

i , ∀i ∈ I, k ∈ K, (18c)

PV
i,l,t ≤ Pmax

i , ∀i ∈ I, l ∈ L, (18d)

EUi,n ≤ EUi,n,0, ∀i ∈ I, n ∈ N , (18e)

fmob
i,n ≤ fmob

i,max, ∀i ∈ I, n ∈ N , (18f)

I∑
i=1

αU
i,k,nf

uav
i,n ≤ fuav, ∀k ∈ K, n ∈ N , (18g)

I∑
i=1

αV
i,l,nf

veh
i,n ≤ fveh, ∀l ∈ L, n ∈ N , (18h)

− xmax ≤ xU
k,n ≤ xmax, ∀k ∈ K, n ∈ N , (18i)

− ymax ≤ yUk,n ≤ ymax, ∀k ∈ K, n ∈ N , (18j)

Zmin ≤ zUk,n ≤ Zmax, ∀k ∈ K, n ∈ N , (18k)

− xmax ≤ xV
l,n ≤ xmax, ∀l ∈ L, n ∈ N , (18l)

− ymax ≤ yVl,n ≤ ymax, ∀l ∈ L, n ∈ N , (18m)

Zmin ≤ zVl,n ≤ Zmax, ∀l ∈ L, n ∈ N , (18n)

where A is expressed as

A =

{
βi,n, fi,n, Pi,n, αU

i,1,n, . . . , α
U
i,K,n,

αV
i,1,n, . . . , αV

i,L,n.

}
. (18)

A is a computing task offloading decision variable for

the ith IoT device Ci. B = {Q1,Q2} is a decision vari-

able for trajectory planning for UAVs and vehicles, where

Q1 = {xU
k,n, y

U
k,n, z

U
k,n} and Q2 = {xV

l,n, y
V
l,n, z

V
l,n}.

III. PROBLEM RECONSTRUCTION AND PROPOSED

SOLUTION

Such an optimization is complicated with complex objective

functions, and various optimization variables are coupled,

which increases the difficulty of solving this problem. We

convert this optimization into a MDP, and propose two state-

of-the-art DRL algorithms, say the SAC and PPO, to accu-

rately and efficiently solve this MDP.

A. Problem Reformulation

P1 is essentially a MINLP problem, traditional optimization

methods often fail due to high computational complexity

under real-time requirements. To this end, we formally char-

acterize P1 by MDP and place it in a multi-intelligent rein-

forcement learning (MARL) framework to achieve dynamic

policy optimization and employ the SAC algorithm in Deep

Reinforcement Learning to solve the problem. Thus, the

adaptability defect and decision delay problem of traditional

methods in time-varying environments are circumvented.

We reconstruct the problem as an MDP, represented as a

four-element tuple (S,A,P,R), and we introduce the basic

elements of the MDP.

Agent: we set all UAVs and unmanned vehicles in the area

as intelligence that determine all variables.

Environment: the environment is a scenario that considers

the multi-UAV cooperative vehicular edge arithmetic network.

State (S): the set of state space within time slot

n includes the position information of all vehicles

{xV
l,n, y

V
l,n, z

V
l,n}, ∀l, the position information of all UAVs

{xU
k,n, y

U
k,n, z

U
k,n}, ∀k, the position information of all IoT

devices {xC
i,n, y

C
i,n, z

C
i,n}, ∀i, and the energy consumption of

all IoT devices {EUi,n, ∀i}.

Action (A): the set of actions within time slot n contains

all the UAVs’ flight distances{|xU
k,n − xU

k,n−1|, |yUk,n −
yUk,n−1|, |zUk,n − zUk,n−1|, ∀k}, the vehicles’ movement

distances{|xV
l,n − xV

l,n−1|, |yVl,n − yVl,n−1|, |zVl,n − zVl,n−1|, ∀l},

transmit power{pUi,k,n, pVi,l,n| ∀i, k, l}, the set of associated

indicators{αU
i,k,n, α

V
i,l,n| ∀i, k, l} ,the offload ratio of the

computing task {βi,n| ∀i} and frequency of the all IoT

devices{fmob
i,n | ∀i}.

Policy (P): The P = P(Sn+1|Sn,A) represents the proba-

bility of moving to a new state Sn+1 after taking an action in

the stateSn.

Reward (R): the reward function evaluates the performance

of the action taken by the agent in a given observation. The

reward Rn is −τF + a in the time slot n, where τ is a

proportionality constant and a is a bias constant. When the

constraints in the optimization problem cannot be satisfied,

Rn is Rn − b, where b is the penalty term. We set b to a

sufficiently large value.
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The goal is usually to maximize cumulative rewards, so

solving the above MDP can eventually solve P1.

B. SAC Algorithm

We use the SAC algorithm to solve the MDP. The SAC

algorithm achieves a balance between efficient exploration and

robust strategy convergence in complex dynamic scenes by

integrating the synergistic mechanism of maximum entropy

theoretical framework and actor-critic architecture for the

optimal control problem in continuous action space. There

are five neural networks in the SAC algorithm, including a

policy network π(A|S), two Q-value networks Qθ1 and Qθ2 ,

and two target Q-value networks Qθt
1

and Qθt
2
.

We initialize the parameters of the neural network. Further,

we interact with the environment to collect a number of state

transfers (Sn,An,Rn, Sn+1) and store them in the experience

playback pool.

1) Update the Q-value network. We use a randomly

sampled batch of state transitions to update the network

parameters. We update the two Q-value networks by

minimizing loss functions. The loss functions of the two

Q-value networks are

LQ(θ1) = E
[
(y −Qθ1(S,A))

2
]
, (19)

LQ(θ2) = E
[
(y −Qθ2(S,A))

2
]
. (20)

y is the target value and the computational expression

is

y = R+γ

(
min
i=1,2

Qθt
i
(S′, Ã′)− εlogπϕ(Ã

′|S′)
)
, (21)

where S′ denotes the new state, γ denotes the discount

factor, ϕ denotes the temperature parameter, and the

action A′ is π(·|S′).
The Q-value network parameters are updated according

to the following rules

θ1 = θ1 − η∇θ1LQ(θ1), (22)

θ2 = θ2 − η∇θ2LQ(θ2), (23)

where η denotes the learning rate.

2) Update policy network. The parameters of the policy

network are updated by maximizing the expected return

of the policy and the weighted sum of the entropy. The

loss function is

Lπ(ϕ) (18)

= E

[(
min
i=1,2

Qθi(S, Ã)− εlogπϕ(Ã|S)
)2
]
. (24)

Policy network parameters can be updated in the fol-

lowing ways.

ϕ = ϕ+ η∇ϕLπ(ϕ). (25)

3) Soft update target Q-value network. The expressions

for updating the two networks are

Q
θ
t
1
← ηQθ1 + (1− η)Q

θ
t
1
. (26)

Q
θ
t
2
← ηQθ2 + (1− η)Q

θ
t
2
. (27)

4) Update ε. Adaptive tuning by minimizing losses.

Lε = E [−εlogπϕ(A|S)− εH] , (28)

where H denotes the target strategy entropy.

5) Repeat steps. We keep repeating the above steps until

the algorithm converges.

C. Proximal Policy Optimization

PPO is a prominent reinforcement learning algorithm

known for maintaining stable training processes and prevent-

ing performance degradation caused by excessive policy fluc-

tuations during updates. As part of policy gradient methods,

PPO directly optimizes the policy parameters by maximizing

an objective function to achieve higher cumulative rewards.

The fundamental principle of PPO involves incorporating a

proximity constraint during policy updates, which ensures the

updated policy remains close to the previous one. Specifically,

PPO employs a clipping mechanism on the probability ratio,

representing the likelihood ratio of executing the same action

under the new policy compared to the old policy. This clipping

technique effectively prevents excessive deviations and thus

preserves the stability of the training.

The main steps of the PPO algorithm can be briefly

summarized as follows:

1) Initialization: Initialize the actor policy network (πω

with parameter ω) and the critic value network (Qψ

with parameter ψ).

2) Data Collection: Collect interaction data by running the

current policy.

3) Advantage Estimation: To evaluate the accuracy of the

value estimation, the Temporal Difference (TD) error

is calculated. At a given time step n, the TD error is

defined as

ηn = rn + γQψ(Sn+1)−Qψ(Sn), (29)

where Qψ denotes the value function.

To further reduce the variance and balance bias in

the policy gradient estimation, generalized advantage

estimation (GAE) is adopted

Ân(γ, ξ) =

∞∑
m=0

(γξ)mηn+m, (30)

where ξ ∈ [0, 1] controls the bias-variance trade-off.

Specifically, when ξ = 0, the GAE method simplifies

to the one-step TD error; when ξ = 1, it approximates

a Monte Carlo estimate.

4) Policy Optimization: Optimize the actor policy by

maximizing a carefully designed objective function,
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which includes the clipped ratio of probabilities, the

estimated advantage, and an entropy term to encourage

sufficient exploration:

Lclip(ω)

= En

[
min

(
ρn(ω)Ân,

clip(ρn(ω), 1− ε, 1 + ε)Ân

)]
, (31)

where ρn(ω) = πω(An|Sn)
πωold

(An|Sn) , and ε is the clipping

threshold.

5) Probability Ratio Clipping: Clip the probability ratio

to ensure it remains within a predefined range, thus lim-

iting policy changes and maintaining training stability.

6) Updating the Value Network: Formally, the loss func-

tion is expressed as

LVF(ψ) =(
Qψ(sn)−

∞∑
m=0

γm πω(An+m|Sn+m)

πωold
(An+m|Sn+m)

)2

. (32)

7) Repeating the Training Procedure: Iteratively repeat

steps 2 through 6, continuously refining the actor and

critic networks.

IV. EXPERIMENTS AND DISCUSSION

In this section, we conducted a large number of simula-

tion experiments. Firstly, the parameters in the simulation

experiments are introduced, and then the effectiveness of the

algorithm is verified by simulation experiments.

A. Simulation Scenario Setup

Fig. 2. The initial scene of the our system.

We set up a square target area with multiple IoT devices

with mobile characteristics deployed along with it. The sce-

nario is equipped with both UAVs and unmanned vehicles,

as well as edge computing servers as base stations. Our

initial scene is shown in Fig.2. The blue dots indicate IoT

devices, the red triangles indicate drones, and the green plus

signs indicate unmanned vehicles. Each IoT device generates

an independent computation task during a time slot cycle.

The tasks are executed with differential delay constraints,

the successful tasks need to meet a random threshold of

20− 40ms, and the overtime tasks will be uniformly marked

TABLE I
CORE PARAMETER CONFIGURATION

Para. Value Para. Value

Area length (Lmax) 1 km Device count (I) 20
UAV count (K) 2 Vehicle count (L) 2
First UAV’s position [200, 300, 40] Second UAV’s posi-

tion
[-250, -350, 50]

First vehicle’s posi-
tion

[280, -195, 0] Second vehicle’s po-
sition

[-290, 150, 0]

Task size 10–30 kb IoT CPU freq.
(fmob

i,max)
0.8 GHz

UAV CPU freq.
(fuav)

2.0 GHz Vehicle CPU freq.
(fveh)

2.0 GHz

Delay constraint 20–40 ms Timeout threshold 80 ms
Speed range 1–5 m/s Time slot length 1 s
Min height (Zmin) 100 m Max height (Zmax) 200 m
X boundary (xmax) 500 m Y boundary (ymax) 500 m
Channel bandwidth 10 MHz Noise power 10−9 W
Transmit power 1 W

as 80ms delay records. The rest of the simulation parameters

are detailed in Table I.

B. Experimental result

We obtained simulation results for different cases.

Fig.3 shows the 3D trajectories of the optimized UAVs and

unmanned vehicles (auxiliary ground nodes) in the air-ground

collaboration scenario. It can be observed in the figure that

the UAV flexibly adjusts its flight path in the airspace accord-

ing to the task distribution, realizing efficient air coverage

and resource scheduling; at the same time, the UAV moves

dynamically on the ground, assisting in completing the local

computing task offloading and edge service supplementation.

The trajectories of the two collaborative planning form a

complementary relationship in space, reflecting the effect of

air-ground collaborative optimization.

Fig. 3. The 3D trajectories of the optimized UAVs and unmanned vehicles.

Fig.4 shows the variation of Task offloading failure penalty

with the number of iterations during the training process

for different algorithms. It includes the PPO algorithm and

SAC algorithm proposed and described in detail and also

introduces the TD3 algorithm with the randomized strategy

as the performance baseline.

From the simulation results, it can be observed that the

performance of the randomized strategy is consistently poor.

Our proposed PPO algorithm can quickly converge to a

better performance level in the early stage of training, but

its final convergence value is slightly inferior to that of the
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Fig. 4. Average cumulative penalty versus training episodes for different
algorithms.

SAC algorithm; whereas the SAC algorithm, although initially

converging slowly, gradually reaches and stabilizes at the

optimal level of the task offloading failure penalty as the

number of training times increases. In addition, we tested

the performance of the TD3 algorithm in simulation.The

TD3 algorithm converges poorly and ultimately fails to reach

satisfactory optimization results. This simulation result further

validates the effectiveness and reliability of our proposed PPO

and SAC algorithms in this scenario.

Fig. 5. Average cumulative penalty versus training episodes for different
scenarios.

Fig.5 shows the simulation curves of the task offloading

failure penalty with the number of training sessions for

different scenarios. It contains two of our proposed air-ground

collaboration scenarios (using PPO and SAC algorithms,

respectively), as well as two baseline scenarios (using only

UAVs, based on PPO and SAC algorithms, respectively).

It is obvious from the figure that our proposed air-ground

collaboration scenarios significantly outperform the UAV-only

baseline scenarios in terms of task offload failure penalty

metrics, showing the advantages of introducing ground-based

auxiliary nodes.

In our proposed scenario, the scenario based on the PPO

algorithm shows a faster initial convergence speed, but its final

convergence value is not optimal. While the scenario based

on the SAC algorithm shows a relatively slower initial conver-

gence speed. However, the final task offloading failure penalty

is minimized to achieve optimal convergence performance.

Therefore, from an overall aspect, our proposed air-ground

collaboration scenario can effectively reduce the risk of task

offloading failure, and in particular, the SAC algorithm-based

air-ground collaboration scenario exhibits the most optimal

long-term performance.

So short-term emergency scheduling can prioritize PPO to

achieve rapid deployment, while long-term adaptive optimiza-

tion needs to combine the deep exploration capability of SAC,

and the convergence speed and optimality can be taken into

account in the future by using a hybrid training framework

(initial PPO and late SAC).

V. CONCLUSION

Facing the contradiction between dynamic topology and

sudden arithmetic demand in low-altitude economic scenarios,

the air-ground cooperative edge arithmetic network architec-

ture proposed in this paper realizes three-dimensional spatial

elasticity arithmetic supply through the heterogeneous node

synergy between UAVs and unmanned vehicles. Future work

will focus on exploring the joint allocation model of three-

dimensional spatial spectrum resources and computational

resources and introducing a federated learning framework

to strengthen the autonomous synergistic capability among

nodes, in order to support the scaling of city-level low-altitude

economic services.
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