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Abstract: The rapid growth of equipment tasks in 5G large-scale machine-type communication
scenarios presents challenges due to user equipment’s (UE) limited computing power and power
constraints. To address these limitations, task offloading to unmanned aerial vehicles (UAVs) has
gained attention. However, traditional cloud computing centres far from the UE fail to meet latency
requirements. Mobile Edge Computing (MEC) emerges as a solution by deploying computing servers
at the edge of the cellular network to enhance service responsiveness. However, traditional MEC
solutions need more flexibility. This paper explores the advantages of UAVs, including flexibility and
rapid deployment, and considers UAV power constraints. It proposes a joint optimization approach
for user offloading strategies and UAV trajectories to minimize the overall energy consumption of UE.
By leveraging the benefits of UAVs and MEC, the proposed method aims to improve task execution
efficiency in energy-constrained 5G machine-type communication scenarios.

Keywords: mobile edge computing; unmanned aerial vehicle; computation offloading; deep
deterministic policy gradient

1. Introduction

This thesis addresses IoT end devices” computing power and battery capacity limitations in the
context of mobile edge computing (MEC) [1,2]. IoT devices and base stations are essential in disaster
relief scenarios, where the need to build a network for personnel collection quickly arises. However,
due to the complex nature of task calculations and the energy limitations of user equipment (UE) [3],
tasks often need to be offloaded for computation. The traditional approach of uploading tasks to
distant cloud computing centres fails to meet the stringent delay requirements. Therefore, this research
investigates using Unmanned Aerial Vehicles (UAV) in MEC scenarios to overcome the challenges
posed by remote areas with damaged infrastructure.

By leveraging the mobility of UAVs, the channel conditions of communication with UEs can
be altered, thereby influencing the channel transmission rate [4]. The introduction of MEC brings
the computing server closer to the edge, usually by adding a computing server at the base station
of the cellular network. This significantly reduces the distance between the base station and UES,
enhancing the responsiveness of the service. However, the traditional MEC solution needs more
flexibility, prompting an exploration of the advantages of UAVs in recent years. UAVs exhibit flexible
and rapid deployment capabilities, enabling them to adapt to diverse real-world situations [5].

Nonetheless, UAVs possess a limitation in the form of a limited battery-powered energy supply.
To address this constraint, this research aims to jointly optimize the user unloading strategy and the
trajectory of the UAV while considering energy constraints. The ultimate objective is to minimize UE’s
energy consumption, ensuring efficient resource utilization in MEC scenarios. By developing and
analyzing efficient task offloading techniques and UAV trajectory planning algorithms, this study seeks
to enhance IoT networks’ overall performance and energy efficiency in disaster relief scenarios [6-8].
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2. Related Work

Compared with the data processing model of traditional cloud computing, mobile edge computing
offloads the computing tasks of user devices to edge servers close to the user for calculation,
alleviating the computing pressure on the cloud centre and reducing the total system latency and
energy consumption. However, in mobile edge computing scenarios, the task offloading strategy
of user equipment determines the allocation relationship of tasks, which indirectly affects the
latency and energy consumption of task calculations and ultimately affects the entire system’s
performance. Furthermore, MEC needs to adapt to various scenarios, so it places specific requirements
on the flexibility of edge servers. Drones have received widespread attention due to their high
manoeuvrability and low deployment costs, and they can be used as edge computing servers. The
following will introduce the current research status from the offloading strategy and drone-assisted
MEC.

In the literature [9], for high-performance virtual reality video transmission scenarios, the
autonomous perception capability in VR video transmission supported by MEC is focused on, and
a computing offloading algorithm based on deep deterministic policy gradient is designed. The
algorithm first models the optimization problem as a Markov decision-making problem, uses a deep Q
network to solve the problem, and finally simulates a VR video transmission scenario to verify the
effectiveness of the proposed algorithm. Literature [10] focuses on balancing the energy consumption
and time delay of computing tasks. By deploying energy harvesting modules for edge servers, a
non-convex optimization that minimizes the energy consumption of all terminal devices is proposed
while satisfying the time delay constraints. Question. Based on this problem, the article presents
an algorithm based on Lyapunov optimization using the long-term average energy consumption
and discard rate of computing tasks as quantitative indicators. Finally, simulation experiments are
conducted with algorithms such as all local calculations, all offloaded calculations, and random
partial offloaded calculations. Comparative results show the superiority of the proposed algorithm.
Literature [11] considers that end users can preprocess tasks before requesting computing offloading
instead of offloading the computing tasks to edge servers for calculation immediately after generating
them. This can reduce the time delay caused by task transmission. This article first defines personal
utility, and then, to maximize benefits, a computational offloading game based on the queuing model
is established to describe the strategic interaction between user devices.

UAVs have attracted attention due to their high mobility, and after extensive research, UAVs have
been widely used in assisting wireless communication networks. Literature [12] considers drones
limited computing power and energy and studies a multi-drone collaborative mobile edge computing
system. By jointly optimizing the UAV’s flight trajectory, computing task offloading allocation,
and communication resource allocation, task computing experiments and energy consumption are
minimized. To solve the non-convex optimization problem proposed for this problem, a multi-agent
cooperation deep reinforcement learning framework is proposed based on the double-delay deep

7

deterministic policy gradient algorithm for high-dimensional continuous action space. Literature [13]
considers the safety of the task and the energy consumption of UAVs and designs a UAV-assisted
mobile edge computing system with an energy collection function. The system uses a full-duplex
protocol to receive data, while the UAV Broadcast control signalling is intended to act as artificial
interference. Literature [14] considers the entry and exit problems of user equipment in mobile edge
computing scenarios and proposes a computing resource allocation model based on cooperative
evolution to solve the problem of terminal equipment access across wireless networks. A multi-layer
data stream processing system is also proposed to powerfully utilize the entire system’s computing.
The top layer of the system contains the cloud centre, the middle layer includes the UAV-assisted MEC
server, and the bottom layer contains the user equipment.
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3. System Model and Problem Formulation

This paper studies the energy consumption optimization problem in a single UAV-assisted edge
computing scenario. It minimizes the total energy consumption of UE by optimizing the trajectory of
the UAV and the unloading ratio of UE. This paper considers a UAV-assisted mobile edge computing
scenario, which consists of N UE and a UAV with computing capabilities, and each UE has a task to be
calculated. The scene modelling is shown in Figure 1. The content of the research is to minimize the
total energy consumption of UE by optimizing the trajectory of the UAV and the unloading ratio of the
terminal equipment [15].
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Figure 1. Single UAV with multiple wireless devices

The calculation task of the nth UE can be expressed as the following form.
Dy = <Snzcann>;n eN 1)

Among them, S, represents the size of the task to be calculated, and the unit is bit; C,, represents
the number of CPU cycles required to calculate each bit of data, and T}, represents the tolerable delay.
All tasks are completed within time T.

T = max{Tl,Tz,..., TN} (2)
Divide the duration T into K time frames with a duration of A.
A=T/K 3)

Figure 2 shows the time frame division. Since the duration A of each frame is small enough, the
position of the UAV can be approximately regarded as unchanged within one frame, and the change of
the position of the UAV within the entire duration T is its trajectory.

Assuming that the UAV is flying at a fixed height, H, the position at the kth time frame, is
expressed as follows.

wy (k) = (xu (k) yu (k) , H) (4)


https://doi.org/10.20944/preprints202312.1528.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 December 2023 doi:10.20944/preprints202312.1528.v1

40f16

Slot 1| 2 3 | e N1 M

— 1 —)

Time frame 1| Time frame 2 | Time frame 3| ~  ===ses K-1 K

T

Figure 2. Time frame and time slot division

The position of UE is fixed and does not change with the change in the time frame. In reality, it
corresponds to the IoT device in the IoT scenario. The position of the nth UE is expressed as follows.

Wy = (xn/ Yu, O) 5)
3.1. Communication Model

The communication method between WD and UAV adopts TDMA. The time frame J is divided
into N time slots according to the number of UE. Figure 2 shows the time slot division diagram. Only
one UE can maintain communication with the UAV in each time slot. The maximum time that a WD
can communicate within a time frame is expressed as follows:

T T
TTNT RN ©

Assuming that the wireless channel between the UAV and the UE is a line-of-sight channel, then
the channel gain between the nth UE and the UAV can be expressed as:

_ Bo
() = (% (k) = xn)* + (yn (k) — yu)* + H2 7

Among them, By represents the channel gain at a reference distance of 1m.
When UE,, offloads computing tasks to UAVs, the uplink data transmission rate can be calculated

by the formula 8.
of f
hn (k) P ) (8)

R, (k) = Blog, (1 + -2

of f

Where B is the channel bandwidth, o2 is the noise power, and p,/’ represents the power of UE,,
during the transmission task. Changes in the transmission rate R, due to changes in position between
the UAV and the WD. When using the TDMA communication method, one WD can monopolize the
entire bandwidth for communication in one time slot.

At the same time, considering that the communication between the UAV and the UE may be
interrupted when the link capacity cannot meet the required user rate, the UE cannot upload the
computing task. The following equation represents the break condition:

0, Ry (k) < Rn threshold
I, (k) = ’ )
n( ) {1/ Ry (k) > Rn,threshold
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Among them, R, iresno14 Tepresents the minimum data transmission rate required for WD, to
communicate with the UAV.When the minimum transmission rate that the actual channel conditions
can provide is less than this value,the communication between the terminal device and the UAV will
be interrupted.

The occurrence of interruption conditions can ensure that devices that are far away from the UAV
cannot be served, and it is closer to the actual scene, so that the UAV can ensure that all devices in the
environment can be served by changing its position.

3.2. Local Computational model

A WD has a task to be computed. There are two options for how WD calculates tasks: local
calculation and offloaded calculation.Two choices can be made at the same time, that is, within a
time frame, a part of the computing tasks can be selected to be calculated locally, and a part of the
computing tasks can be selected to be offloaded to the UAV for calculation. The following formula can
express the calculation decision for the kth time frame:

an (k) = <an,loc (k) s An,UAV (k)> (10)

Among them, a,, ;.. (k) represents the amount of task data that WD,, chooses to calculate locally
in the kth time frame, and a,, 14y (k) represents the amount of task data that is offloaded.

According to the calculation amount a,, j, (k) of a time frame task and the calculation frequency
fn of WD, the local calculation time of a time slot can be obtained:

k)C
e (1 = "ot O G ay
fu
Then you can get the energy consumed by the local calculation:
loc K C
E]l10c (k) _ pnoctiloc _ Pn an,loc( ) n (12)

fn
loc

Among them, p;’° represents the power of the WD numbered n when calculating the task. Among
them, p!°¢ and f, are fixed for a WD, so the variable to be optimized is the unloading decision variable

Ay loc (k)
3.3. Offloading Computational model

fuav indicates the CPU calculation frequency of UAV. a,, ;74v (k) is the amount of tasks offloaded.
The offloading calculation is divided into three steps:

1) WD uploads the calculation task to UAV;

2) UAV calculates the task;

3) UAV returns the task calculation result to WD.

According to the transmission rate R,, (k) obtained in the communication model, the transmission
delay can be obtained as follows:

7ty - 2ol @

Then the energy consumption of the WD transmission task can be obtained:
eV () =il 6/ (k) (14)

According to the CPU calculation frequency fi;4y of UAV, the time consumption of offloading
calculation can be obtained: O
(k) = rttav () o (15
f UAV
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In turn, the energy consumed by the UAV computing task can be obtained:
E (k) = pifavti (k) (16)

Usually, the calculation result data volume of the task is small, and the transmission delay is
negligible compared with the other two steps. Combining the above three steps, the delay of WD in a
time frame can be obtained as follows:

£ (k) = 6577 (k) + 571 (k) (17)

3.4. Problem Formulation

The research content of this paper is to minimize the calculation energy consumption sum of all
WDs by jointly optimizing the unloading decision of WD and the trajectory of UAV and considering the
constraints such as the time delay of calculation tasks and the energy consumption of UAVs.Therefore,
the optimization problem can be expressed as:

. KX loc of f
an(,rcn);ur:(k);g(l‘?n (k) + Ex (k)) (18)

Tu/A
st.Cl: Y (a0 (k) + @nuav (K)) = Sn (18a)
k=1
K N
C2:Ef + Y Y E (k) <E (18b)
k=1n=1
C3: 1 (k) + 7 (k) < t,n e Nk e K (18¢)
C4 : a0 (k) = 0|1, (k) = 0,Vn, k (18d)
C5:wy (0) = wy,5,wy (K) = wy,E (18e)
ce @ (k“g_w“ Wl v, kek (18f)
C7 :ay1oc (k) > 0,100 (k) >0,n € N, k€ K (18g)

Among them, E represents the energy the UAV can provide, and F represents the computing
frequency that the UAV can provide. The C1 constraint represents the delay constraint of the computing
task; the C2 constraint represents the energy consumption constraint of the UAV; the C3 constraint
represents that When WD chooses calculation offloading, the task calculation time in a time slot should
not exceed the length of the time slot; C4 constraint indicates that an interruption will occur when the
communication condition between the UE and the UAV does not meet the minimum sending rate; C5
constraint represents the take-off position and landing position of the UAV; C6 constraint represents
the flight speed constraint of the UAV, and V;,sx represents the maximum flight speed of the UAV. C7
constraint indicates that the task volume of the offloading decision must be greater than zero.

4. IOECA Algorithm Based on DDPG

4.1. Markov Process Modeling

If you want to use reinforcement learning to solve optimization problems, you need to express
the optimization problem as a Markov decision process[16,17].
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4.1.1. State Space

Corresponding to the Markov decision process, in the scenario studied in this paper, the state of
each time frame only depends on the state of the previous time frame.The state space represents all
possible states of a time frame, jointly determined by The UAV and N UEs. At the kth time frame, the
state space of the system is defined as follows:

sk = (Eyao(k), wu(k), Q1(i), ..., Qn (i), L (i), ..., I, (i), R1 (i), ..., Ru(i)) (19)

Among them, E,;, (k) represents the remaining power of the UAV, w,, (k) the position of the UAV,
and Qy (k) represents the remaining waiting time of the UE numbered n in the kth time frame Calculate
the size of the task, I, (k) represents the situation where the communication between the UAV and
the UE is interrupted, and Ry, (k) represents the data transmission rate of the channel environment of
different UEs.

4.1.2. Action Space

Action refers to the need to do some actions from a certain state and then change to the next state,
then the action space refers to all the actions that can be selected.

The scenario studied in this paper is to minimize energy consumption by jointly optimizing the
trajectory of the UAV and the task offloading strategy, so the agents that can take action are the UAV
and the UE. Based on the current state of the system, the action space of the agent at the kth time frame
can be expressed as follows:

Ay = (Buav (k) , Ouav (k) ,a1 (k) , ..., an (k)) (20)

Among them, where B, (k) represents the flight angle of the UAV, v,4, (k) represents the flight
speed of the UAV, and a, (k) represents the unloading decision of the UE.

4.2. Algorithm

Deep Deterministic Policy Gradient (DDPG) is a deep reinforcement learning algorithm capable of
outputting a continuous action space, consisting of two neural networks, Actor and Critic [18,19]. The
Actor chooses behaviour according to a certain probability, and then Critic scores the behaviour made
by the Actor, and finally, Actor chooses the highest-scoring behaviour output according to Critic’s
score. The network structure is shown in Figure 3.

Si
| Agent :
|
|
I TD ERROR ..
I Actor — Critic :
: |
|
| Ai I
U U U R o — — o —
Sit1
Environment R

Figure 3. The IOECA structure composition

DDPG outputs a continuous action, so it is suitable for scenarios where variables are continuously
optimized. The Actor network uses a strategy function to input the current statu S; to obtain a
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probability distribution.Usually, Gaussian distribution and other methods are used to ensure that the
output is an effective probability distribution, and then the appropriate action A; is selected according
to the probability, and the next state is obtained through the feedback of the environment. Critic uses
the value function to input the current state S; and the next state S; 1, and two values can be obtained
through the value function of Critic. The parameters of the Actor and Critic network are updated by
the difference TD ERROR. When updating the Actor network, the method of policy gradient is usually
used for updating, such as DDPG.

DDPG is also a single-step update strategy network 3. Compared with the round update strategy
network, it is more suitable for the problem model proposed in this chapter. Based on the defined state
space and action space, this paper designs a DDPG-based iterative optimization of energy consumption
algorithm. The detailed steps of IOECA are shown in Algorithm 1.

Algorithm 1 Iterative Optimizing Energy Consumption Algorithm Based on DDPG

Input: Number of iterations, Number of UEs, Task size

Output: UE offload decision, UAV trajectory, UE energy consumption
1: Initialize the environment
2: Initialize Actor and Critic network in DDPG
3: fori=1,2,.., Episode do

Initialize environment parameters
forj=1,2,..,Step do

4
5
6: Acording to s;, obtain a; through DDPG
7: Put g; into the environment, get r; and s; 1
8 Store (a;, 74, Si, 5;+1) in the memory bank
9: Update the current state to ;11
10: if j = Step or is Finished then

11: Record result
12: break
13: end if

14: end for

Update parameters of the Actor and Critic networks
15: end for
16: Return convergence result

4.3. Reward Function

The behavior of the agent is based on rewards, and designing an appropriate reward function
plays a crucial role in problem convergence. The goal of reinforcement learning is to maximize the
return, and the goal of this article is to minimize the return.

In IOECA, the environment must generate the next state s(i + 1) and r; according to the input
action a;. In this process, r; is obtained through the reward function. The purpose of designing the
reward function is to speed up the convergence speed of the algorithm. The reward function in this
paper is designed as follows:

1 = — (a X normal (Task) + b x normal (E)) (21)

The reward function is a weighted sum normalized by the number of computing tasks and energy
consumption. Dynamically change the weight value to change the focus of each stage in the task
execution process. The early stage of the algorithm focuses on completing the task, and the later stage
of the algorithm pays more attention to the energy consumption of execution. Therefore, with the
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calculation of the task, the weight value of the energy consumption part increases, and the task weight
value of the quantity part decreases accordingly. The following constraints need to be satisfied:

a+b=1 (22)

The purpose of designing the weighted sum of two parts is that if only the first part of the energy
is considered, the unloading ratio will be too low due to excessive pursuit of low energy consumption,
making the task unable to be completed within the specified time. Therefore, consider adding the
second part of the energy to balance the too-low. In the case of the unloading ratio, only when the
unloading ratio is as high as possible within the constraints can a higher reward be obtained. At the
same time, the value of the weight factor can be controlled so that the algorithm can achieve a faster
convergence speed.

When DDPG trains the actor network and critical network, the input parameters of each layer
will change as the output parameters of the previous layer change. Since the physical meaning of each
parameter value is different, for example, the power of the drone can reach 2000], and the location
range of the drone is only 300m in space, each parameter needs to be normalized. The normalization
algorithm is shown in Algorithm 2.

Algorithm 2 State Normalization Algorithm

IHPUt Euuv( ) ( ) Qn()
Output: va( ) ( ) Qn()

1 /Mﬂv( - uav( )/ max

2 xy (k) = xu(k)/ Xmax

3: ;(k) ( )/ Yimax

4 Qi) = Qn (1) / Qumax

5: Return Ejq, (k), wy, (k), Q; (i)

5. Performance Evaluation

5.1. Parameter Settings

The simulation area is a square area of 100mx100m, the flying height of the UAV is kept at 100m,
the maximum flying speed of the UAV is 8m/s. The experimental scene consists of a UAV and N UEs.
The starting and ending positions of the UAV are located in the centre of the area. Each UE randomly
generates a computing task with a size between 10M and 30M. The communication between the UE
and the UAV is a line-of-sight channel. Table 1 shows the relevant parameters of the simulation.

Table 1. Simulation parameters

Parameter definition Default
H UAV flying height 100m
K Number of slots 40
g Channel gain at a reference distance of Im  -50dB
B Transmission bandwidth 1MHz
pof f UE Task sending power 10W
ploc UE task computing power 10W
pi,leep UE standby power 1w
fu UE CPU calculation frequency 0.2GHz
puAvel UAV computing power 40W
puAVFHY UAV flight power 10W
fuAv UAV CPU calculation frequency 3GHz

E UAV power 2000]
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5.2. Numerical Results

In this section, the proposed algorithm is simulated. The algorithm’s performance is mainly
analyzed from four aspects: algorithm convergence, performance of the algorithm with the growth of
the task size, performance of the algorithm with the growth of the number of terminal devices, and
optimization of the algorithm for UAV trajectory Analysis of results. Among them, the analysis of the
algorithm performance in the first three aspects introduces the algorithms in three other papers for
comparison, and the algorithms are introduced as follows:

1) LocalOnly algorithm: The tasks of the UE are all calculated locally, and the tasks are no longer
offloaded to the UAV;

2) DQN-based optimization algorithm [20]: using the algorithm DQN based on discrete action
space, when the agent selects an action, the action is divided into equivalent intervals within the range
of optional intervals [21].

3) Two-step iterative optimization algorithm(TIOA) based on block coordinate descent: the
optimization problem of one iteration is divided into two steps to solve; the first step assumes that the
UAV trajectory is fixed and optimizes to obtain the unloading ratio of the lowest energy consumption;
the second part is obtained according to the first step The unloading ratio is optimized to obtain the
UAV trajectory with the lowest energy consumption.

5.2.1. Algorithm Convergence Analysis

As seen from Figure 4, 3000 times belonged to the exploration period of the algorithm. At this
time, the data was stored in the memory bank. After 3000 iterations, the model starts training, and
as the number of iterations increases, the energy consumption begins to decrease, and the algorithm
converges after about 6000 iterations.

400 -

350 -

300 -

250

200 -

150

Energy consumption[J]

100 -

50 -

0 1000 2000 3000 4000 5000 6000 7000 8000
Training times

Figure 4. Convergence of the IOECA when the number of UEs is 10

In Figure 5, the total energy consumption of some rounds in DQN is 0, which means that the
calculation of tasks in the system has not been completed in this round, and there is a protrusion in
the convergence graph of DQN, and is At the end of the exploration period, it should be that the
direction of exploration at the beginning is opposite to the optimal solution, and the feedback of
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rewards will continue to approach the optimal solution until it converges to obtain the lowest total
energy consumption. At the same time, it can be seen that the action space of DQN is discrete, so The
process of convergence is more tortuous.

400

300
=
8
e
(=N
g

2 200
8
=
@
i

100

0 -

0 500 1000 1500 2000 2500 3000 3500 4000
Episode

Figure 5. Convergence of the DQN when the number of UEs is 10

Figure 6 shows the convergence process of the two-step iterative optimization algorithm. The
termination condition of the algorithm is that the difference between the total energy consumption of
the terminal equipment between the two iterations is less than a given threshold ¢, and the algorithm
has gone through 15 times Convergence is achieved by iterating left and right. In the first 8 iterations,
the energy consumption of the terminal decreases rapidly. Therefore, it is concluded that the algorithm
is characterized by a fast convergence speed, but the disadvantage is that this method belongs to
the traditional optimization method, and it converges when the number of terminal devices is large.
Performance will drop dramatically.
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Figure 6. Convergence of the TIOA when the number of UEs is 10
5.2.2. UE Quantity Analysis

It can be seen from Figure 7 that as the number of UE increases, the total energy consumption
of UEs in the system continues to increase. When the number of interruptions reaches about 80, the
carrying capacity of the UAV reaches the limit. If the number of devices is increased, the newly added
tasks can only be calculated locally, and the growth rate of the total energy consumption of the UE is
also accelerated. Since DQN can only output discrete actions, there is a specific error in the total energy
consumption calculation value, resulting in large fluctuations in the curve. The TIOA algorithm can
maintain high performance when the number of UE is small. As the number increases, the massive
amount of calculations generated makes it difficult for the algorithm to converge.
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Figure 7. Energy consumption varies with the number of UEs
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It can be seen from Figure 8 that when the number of UEs is small, the proportion of task offloading
is high. When the number of UEs reaches 80, the tasks uploaded by UEs reach the computing bottleneck
of the UAV, so the proportion of task offloading begins to decrease.

1

—#— Offloading ration
0.9 [ [—6— Local ratio

0.8

0.7 [ 3

0.6 4

0.5 4

Ratio

0.4 -

0.3

0.2

0.1

0 20 40 60 80 100
Number of UEs
Figure 8. Offloading ratio vary with the number of UEs

5.2.3. Task Size Analysis

Figure 9 is a simulation result in a scenario where the number of UEs is 10. Increase the task
size of the UE. With the increase of the total task volume, when the computing bottleneck of the UAV
is exceeded, the energy consumption of the UAV begins to increase. The performance of the TIOA
algorithm is the best because the number of UEs is small and the amount of calculation is not large, and
the traditional optimization algorithm can achieve faster convergence speed. The IOECA algorithm
has a similar performance to the TIOA algorithm. Since DQN can only output discrete actions, it
cannot cover the continuous action space, so it cannot reach the optimal solution. The LocalOnly
algorithm does not utilize UAV computing resources, so the total energy consumption is much higher
than other algorithms.
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Figure 9. Energy consumption varies with task size when N = 10
5.2.4. UAV Trajectory Analysis

The maximum flight speed of the UAV is 8m/s. It can be seen from the simulation results in
Figure 10 that the UAV first flies to the place where UEs are densely populated to perform task
calculations. It can also be seen from the sequence of UE task completion that the UE in the upper
right corner completes the task calculation first, and then the UAV Fly to the next task-intensive area
for task offloading calculations. The UAV affects the data transmission rate by changing its position
with the UE, so it will constantly change its position between time frames to get closer to the UE [22].
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6. Conclusions

This chapter studies the task offloading problem in single UAV-assisted mobile edge computing.
Each UE has a computing task, and the UAV is responsible for providing computing services for the
UE. The research goal of this chapter is to minimize the total energy consumption of UE by optimizing
the unloading ratio of UE tasks and the flight trajectory of UAVs. Through problem modelling, a
nonlinear programming problem is obtained, the IOECA algorithm is designed based on the DDPG
algorithm, and the optimal solution can be obtained by convergence through multiple iterations. At the
same time, a normalization algorithm is proposed in the iterative process to speed up the algorithm’s
convergence. Finally, the proposed IOECA algorithm is compared with other algorithms, and the
simulation proves that the proposed algorithm has better performance.
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