Software Engineering and Applications ¥/ T2 5/, 2025, 14(2), 471-483 Hans X
Published Online April 2025 in Hans. https://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2025.142042

ETHF B REIR RS TR R

K R, &% W
FiEETRCRER SR TSR, L

it

Weks HiA: 202543 H2H; FHHEM: 20254F4H19H; KA HM: 20254F4H29H

R

BEEEBRM R ENE RZERANTE, BHLEHENLEZEFEARNRR, EFERMRSTE
W LR#ETEXREMR. ATEMEENRLEGEFRIE. B/NTIE, ASCRE T —FECE AR EA
ZEEEH “F -0 - 57 WRARFSTIBTR. EZEAT, MEPRERLS. BUETHRRSH
] AP AT ST Jﬁﬁzsb%?ﬂﬁ%ﬁfé N E T Hawkes I BRI 7%, 1R85 S21E KI5 B E#H
ARNBFRBKFATE, EFSERLEITETRANEENE. AXURKLRERAINREE N H 5,
FERRERR R R, BAURSTBHE. XR— M EASSMERIEDS RS, Bk EREA
BRBRPSEARE, HHNRBERE I RBRNAE, R T S EGKEHCIZ M 2 AT RS
WHEIE RS IEBHIE. RS RRY, 2 HH) SRS T7 vk b FoAth SEng A AT o ek e

KR
BHNHE, FEWFE, REEY, DRMRISELE RERNLES

Research on Service Migration Optimization
Strategy Based on Vehicle-Edge-Cloud
Collaboration

Yi Zhang, Ren Han

School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai

Received: Mar. 2", 2025; accepted: Apr. 19'", 2025; published: Apr. 29, 2025

Abstract

With the development of the Internet of Vehicles (IoV) and the improvement of intelligent transpor-
tation system, mobile edge computing (MEC) and edge cache technology are constantly developing,
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which play a huge role in the service migration of the Internet of vehicles. In order to make more
reasonable use of edge cache resources and reduce the delay, this paper proposes a “Vehicle-Edge-
Cloud” collaborative service migration scheme which jointly optimizes the delay and cache strategy.
In this architecture, vehicles, Roadside Units (RSUs) and cloud server in the network can collaborate
on task computation and dynamic service migration. By using a Hawkes process-based approach,
the popularity of different content types is updated based on historical request information, and
appropriate edge compute nodes and cached content are selected. To maximize the long-term ben-
efits of the system, reduce the delay and improve the hit rate, formalize the problem of service mi-
gration. This is a challenging non-convex problem. By modeling the problem as Markov Decision
Process (MDP) and introducing deep reinforcement learning (DRL) to solve the optimal problem, a
service migration algorithm combining Long Short-Term Memory (LSTM) and Proximal Policy Op-
timization (PPO) algorithm is proposed. Simulation results show that the proposed strategy optimi-
zation method has better performance than other strategies.
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Figure 1. System architecture diagram based on Vehicle-Edge-Cloud collaboration
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Figure 2. Service migration decision model based on Markov decision process

2. £F ORATRRETIR M ST R E
HPE 2 i, 3T VU TCA A EE DRL 7 06 22 . ZEAE AN ¢ o, 80 B Aot Do) 28 BR B 4T s 125,

HANABAIRE . B S RIRAZ, KEEr B RGRERL s S, Qo).
s ={8,(2).E(z).1(z).2(7)} (20)

BN REA NI BRE s, 5, Ml TR MR R, BT MR s, SIS
WA Rk o, aQRD)FR.

DOI: 10.12677/5ea.2025.142042 477 Bk TR R


https://doi.org/10.12677/sea.2025.142042

K28, #Hii)

a,={x,(7).¢5,0 | 1)

LR E r, TR RATERE s, FHAT M ITRE & SIME a, IR H92)5 . MDP bl KAk & 4t
MR B, BRI IR m i R iR, Rk, BFRErf g oA, REE—E, &
AR PRl iR R L% C1-C4, RGN HNN(22).

r,=-oT"" (t)+0,K"" (1) (22)

HATRLAH K C1-C4, MEA
=z (23)

Hr, 22— DNBORIEE, FIREG T840
3.2. B/

A T —Fh4E LSTM #1 PPO HITHEIL R SR AF AL . 1207 16 R 2L TR BE A o) B/,
TERD M By ) Sl &5 5 1 SRS AN MBI Actor-Critic 575, HJREE K RIE S Hfb, R M2y
A bR A Toasy? 0 WS H . AR B FE B 2% Vs~ HIREAFIX LS

R XP A4 PPO SHVEAFAE I a1 7 28 S 380 o B Il B, AR SCR 51 N R ZR LI T SR B4k it
(Generalized Advantage Estimation, GAE) /5 i%, HRZEE T UL L. 85| NS EAIELZ K%, GAE
REAE A 22 AT 7 2 18] RS, & RIS F AT 5 755K, AT e SRS Ao B 7 25 R A ik

UEAh, SR LSTM W& 48 443 WX 28 S5 AT 1 O50dE e B IR e — M acts T 49 220 D) 2 7 A P K ]
A ] S (AN A o IR X 48 2R A B8 A7 RAR I IR A K P H R IS B, a2 R aGAEE, M
MHE T BIAE R 2% FOPPAN X 28 (PR RE . BVEREZE WIS 3 B oR.

( N E R ) [T |
VR 1
S I SHENK Y 2% T S N 2
TUBEARIX Normall Normal2

(St) @z, 71y Sr41)

|
l

|
l
prob1l *)?(* prob2
el fEa,
* *

VNI
VoV

min

|

C_loss A_loss

) SARBAN
‘|1 LA e L |—>

Figure 3. Algorithm framework
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Figure 4. Reward for different tradeoff factors
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Figure 5. Vehicle request response rate under different deadlines
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