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SRV TN E BTN, i RSU 2 12k H
P, Tl 2 S AR WS
1.1 E5ER

P F R GE LA B R B AT R I [R] ) 43S
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(4)

— 366 —

K. ROV EIRYEEILH, X AR AR,
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s g
wu
K. B,y MESHA S, Py NENEFIIR, o
IFEN R, o, WY d W2 R E
o N EEFRRFER T,
1.2.2 V2Iifs

WM AT R, 550 o 4T85, 1, WERR
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1.3.1 RSU 572 1] By HI%

A HI L HARE RSU 938 BN, SR I — Bl {5
TR M EI AR T RSU B35 L, gk 75 22 4
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0
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minZT
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st Clix,, € (0,1}, m = |12V, V+R|
€2: Y "w, reR={V+1,V+R]|
3. T #0
C4: Ts < ]r,m
CS: T < Tmax

(16)
X C1 FTRAT S BARES 0 Fm & HI 3
B 1 FOREIEENZ N C2 ROREAER,
HRAAFTERIE; €3 FonfEhumial T, A0 0, BIANEE
AT 55 EIER LS A O C4 Fon A& RIS BE 8 14T
SRR AR 1, 5 €5 TR T4 HIZR T AR fig
TR R ERRIE T,
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2.1 A" BEFEHE%

WAREE H bR 6. 3 RSU 38 BBl 40 A9 25895 , 1 it
RSU RNREEH i AT38 15, 7 B 4R kA7 5% &, X ot
B R AEURIE LT — 240 K BN SR 4T
e e VB SR I FEM B B G AN 2 A — 1, L
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flx) = g(x) +h(x) (17)
b g(x) Fl s3I Y J 9 S0 SEBRAT, h(x)
YT A B R Z BT AT Sk
MR AN EE 1 R

BiE1: ATHOK
start ;
A7 open list, HoA LA RIIRT 1
B % close list, ¥R RS
BCEIA KR (n) = g(n) +h(n);
WEVR R g(n) =0

repeat;

if open list N7 ;

return False;
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else;
B open list H1 f(n) /DA & 0,
P n IMA close list;
If 55 n 205,
return True;
38T S n ANTE close list HAAHER Y £
If 5 S A open list s
THRREETT KU1 g (n) BOME, KA I2CTY I BRAS R A5 SE AR
AR ST by 38 AT L, o) 3005 L, A5 3 S
i TEs

end;

A™ FPR F R & R 5 T A Y
A, open Tist J2& 21519 A5 A AR AR 5 52, i 2o 4% 2 AH
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JEHAIN m BARER Y A5, X F 2 4 7F open list H YA
BT IR IE LAY, ATE open list AYAHAR Y
K NA open list HFEAT HUAL; X FEMU DL 02, 24
55 2 RHEATIR IS W R e L1 R b1 A
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2 I IREE A SOR F R AR v 2 i Oy = d
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PPO FLAEMIHE T, REAE Sl AR PR v 2 2] Y AR Y
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E (0] = [f(x)p(x)de

= X X p(x) X
= [r0a(0) U5
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J(0) = min(
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l-¢e,1 +¢
L. 05 0 4 FoR IHAEHE S50 5 Aa,,s,) £
AN PREL, SRR Y ARSI E— PR R AL
A >0 B FRIIRES- S EE I 2 | BERE R4S
KRG ;2 A <0 I ZRES-DMEERLZ T, R
REAS RT3, PPO B8y a5 5 s B ol 7 —
SE FF TP (5 SR 198 BE AN 3 AR R i A 25 >4
HIARIG B AR mE 5 1H AR mE 1) 2 B 2SR K, PPO SR
FHIEAROCA I TR, BRI R | DA 35 36 R/ ML TR
b BT A SR SR N (B R 45

PPO B PATIEFE VT S5 IR, B 5k, X 4%
MSEGTRIIR A, Z R IE N A, A RE
LG TAIBL, A IB, RSU AF 0 8 RE AR i 5 1
B E RS B IR s FIS TR 7,5 WEE Y
FPRA N 8L, Y EPIRE s, il r, | 3IE o, BT
—RE s, PSR S8 h T2 s
A7~ o DA 6 v BBCEE — /N AL I3 o A B R
1% (actor) A E ( critic ) IS H | critic W 25 AR 415 24
BUAARAS s, ATHIANE vV, RIS T —IRE s, A
WV, , WWEARHREL A actor W& 455 Hik1T
RMEEHT . actor PIZE A 59 3 1 J7 UALAL W, I
FARBCE LIRS . B actor PIZEAT critic PIZSAR HE
BB FE T B S LR AT S 808 . PPO FE AR
WNRE 2 Fs

#ik2 PPOAY
A BB RSU kit 5t
WAL actor 4% 0 Fl critic 2% 67,

for FRRIEA .
BAT YRR o, , W (s, ,a,,r, 5, | ;
TR R EL
Ay(s,va,) = r(sa,) +yV(s,) = V(s,)s
A (23) ALSENS L, (6) ;

AR MES R L, () = 5 3 (r(s,,
ay) +’yV(S,+1) - V(Sr))z;

FHRMESEL 0 —0 + aV ,L,(0);

M ERBSE O — 0 - aV ,L,(0);

end for;
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3 fFEEE

AR THAE Pytorch 4T, HREESEINE 1
FER, BEEAE 1200 m K 50 m SERiE K . BRd
A 10 B IR EEAE 30 ~40 m - s AR
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s~ Z IR, BER R RE AR A
R RAT 5500 3, 2240 I 38 (5 TS L 200 m, 5
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24 18

KR e 10

RSU % & 3
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R SGREHE 4, 200 m

RSU f KABIEIEES 4, 400 m
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KX TN 3
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&2 PPO MEHXSH

28 18

YLk m541 500
EIZIS 100
actor 2 R 4%x10°°
critic 22 >J % 4%x10°°
Yo+ 0.99

T PRAL tanh
IR B 128
R e 0.2
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K] 3 JAE critic 23 RARAEH ST, A ac-
tor 22 M RAEUE ML . Actor 2 2 R 32 35 L JH 4%
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BRI SR IR, 27 2] 5 4 x 10 7', ac-
tor X124 (14 SR ST IR N B REAR B SRR AL A
i R P2 TR AT S 7 200 8226 A TF
GRS, R SRS I AL AS 78 70 T BUR A ISR
B2 2B 2D N 4 x 10 B, B BE A 14 R TR
R ATE, HEET 4 x 1077, e SIGHE B W 4R T
1E 100 FeZe A T B E o SR, W Bk BEATS SR A7 1
—E R BR Y, e R A AN AT i 2 2] AR A B 5 2 )
Y 4 x 10 I actor ¥4 FR) SR W SEHT SN R K, Tl
{3 B A W PR 19 B A b, WAL SR
BRI Hae M SGICR 5 T Hopth o ) %
AR SERRE 27 ) R E N 4 x 1077,

=20 000+

0 100 200 300 400 500
EARIREL

B3 Actor R[EEF SR EIER

Bl 4 (a) AR Ak 2 S FR 7RI A 5 T il
Yr 4 R TR (greedy algorithm , GA) 75 & 1K 1%
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FIRTE DL, SR H) 2.0 T 7E 4G e vh T g 3 th B
A TP BT A ) SR 45 s 11 B S Bl T s, 2 265
Sy RS R SRR T, PPO TE 100 562647 8k
EFISC T, IR Q W 4% 5H 1k (deep Q-network ,
DOQN) 7£ 200 & 72245 A FF IR WS, 32 PR hy 056 I 2
— A EE A IR PPO T LA B AT SR AL AL
1 DQN J&:{ELAk 11 7 12, %ot B0 58 78 1k 1) 36 7 1 4
25, RIS PE RS S E REAS il PPO, BT 4(b) TR
JEANR B0 58 R HL RS, PPO SR DON kA
—E MR EE ST, 7T L2 [R] ) 5ok 24 ) 301
A | T DR AR B e R S i 0 SR A SR W
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AR EL
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AR EL

(b) RIS 52 %
B4 FRBLESIEENIGER
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Multi-hop task offloading decision in edge

computing for Internet of Vehicles

Li Ya, Zhang Yuan, Wang Weigang, Guo Yifeng
(School of Physics and Electronic Information, Henan Polytechnic University, Jiaozuo 454000 )
Abstract

In Internet of Vehicle (IoV) edge computing offloading system, multi-hop offloading enables tasks to be off-
loaded to vehicles outside the coverage area of road-side unit (RSU), effectively utilizing the computational re-
sources of idle vehicles. However, the high-speed mobility of vehicles poses challenges to maintaining stability be-
tween nodes. This paper proposes a centralized dynamic multi-hop offloading strategy based on the A* algorithm.
The strategy aims to minimize task delay by modeling the problem as a Markov decision process (MDP). The A*
algorithm is employed to determine the optimal task offloading queue for vehicles, and the proximal policy optimiza-
tion (PPO) algorithm is utilized for problem-solving. Simulation results show that, compared with deep Q-learning
and greedy strategies, the proposed method significantly improves task completion rates and reduces average delay
by approximately 30% .

Key wrods: Internet of Vehicle, mobile edge computing, centralized dynamic multi-hop offloading, proximal

policy optimization algorithm

— 373 —



