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Abstract  The emergence of computation intensive and delay sensitive vehicle applications poses
a severe challenge to the limited computing capacity of vehicle equipment. Offloading tasks to
traditional cloud platforms have large transmission delays, and the cost of upgrading on-board
computers is huge, so these two methods have some disadvantages in dealing with computation
intensive and delay sensitive tasks. Mobile edge computing is a new computing paradigm, which
focuses on transferring computing resources to the edge of the network, providing high performance,
high reliability and low latency services for mobile devices. Therefore, it will be a more effective
way to process computation intensive and delay sensitive tasks. Meanwhile, vehicles can act as both
service requesters and service providers. In view of the large number of intelligent networked
vehicles in urban areas, making full use of idle vehicle computing resources can provide huge
resources and value. Therefore, combined with the mobile edge computing, a new computing

paradigm is generated in the Internet of Vehicles scenario, called vehicular edge computing
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(VEC). In recent years, the increase of the number of intelligent networked vehicles and the
emergence of emerging vehicle applications have promoted the research on task offloading in
vehicular edge computing. However, there is no detailed summary and analysis of the problems
related to task offloading in VEC at present. This paper summarizes the research progress of task
offloading in the existing vehicular edge computing. Firstly, the VEC system model is summarized,
compared and analyzed, including computing model, task model and communication model.
Specifically, the VEC computing model consists of a three-layer cloud structure of remote cloud
(RC), edge cloud (EC), and vehicular cloud (VC), each of which has its own advantages in
different aspects. The VEC task model is divided into critical applications (CAs), high-priority
applications (HPAs) and low-priority applications (LPAs) according to the degree of application
criticality to vehicles, and the dependencies between tasks are summarized. Several main communication
protocols for task offloading in the Internet of Vehicles are introduced in the VEC communication
model, and the influence of vehicle mobility on communication is analyzed. Secondly, we summarize
three common optimization objectives in the task offloading of VEC from existing studies, namely,
minimizing offloading delay, minimizing energy consumption and application quality of results.
Thirdly, we summarize some models and methods of VEC task offloading, such as semi-Markov
decision process, game theory, reinforcement learning, heuristic algorithm and contract theory.
At the same time, the existing researches are classified according to centralizing and distributing
two different decision-making methods, and the characteristics of these two decision-making
methods are compared. Then, we describe several commonly used experiment tools, including
SUMO, Veins and VeinsLTE, which can make simulation experiments more realistic and credible.
In addition, the current challenges of task offloading in vehicular edge computing are summarized
in section 6, including offload decision algorithm complexity, security and privacy protection and
vehicle mobility. In view of the above problems, we have proposed some possible future research
directions and development prospects. Finally, we summarize the whole paper in section 7.
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THFE (1 I 18] 42 15 = A8 20 o 3 54T 55 i o R0 4%
12 B 2 01 2% 9 I 18] | 7E 20 2 SR AT AT 55 1 I TD R
IG5 5L 0R ] 45 424 (0 i R). Rl R AR 4 &
JEE o 0 U AR AR I Ak B g B S A N E 2 E W
e K BT HA B A 0 R RO R R (ER
HI A M A T3 RE 0 A BR T R 7 AR SR 7 A
SRAT 5 TH 3 HE 5 G 23 B RIS T A0 A 55 o P kg
1 55 1) 282 Jol A A 55 Ak P SEE R Y — AT AT T B A
A ae AR A 2 49 10 FH A P AT 55 40 4 b B A OB R
VEC #I UK E LM ITN A Z —. HEGER B
AR 250 280 SR I AR T 905 TG SR W O DR E L AR I R I T
il T SAT 55 Ak BEHE IR 5 /N Ak - BT 4 T R T A9 A 55
[t 4
3.2 HEMLEETRIEFE

gl & (1 REREE # =R A2 sl Gt b & W %
V& [ AL, RERE AL 45 A B < SR AT REE 11 1% i REFE. I
BEATE 95 A PR AT T AR 1 BE B LA AR b Ak B Ak B
{55 19 S0 AT RE FE » T I 2o 150 2891 FE 1 AE R U 4 5
B TH 5T 55 38 1 W 2% 1% i 3 e 55 2 10t 3 1) A% i e

FE LA B A ok IR 55 2 11 k(] 4 2RO AR Y
1% i REFE . () 4R FE BE I W AN B 45 1 2% Ak FRAT: 55 1Y 3R
FTREFE . 90 AT L 5 A 9% 1 5 U RCLEC Fa
VC 1R FNAE At 52 I8, R AN b 2% 8 e 55 4 1L 2
(0 RE B TH AE. H HT— 28 BF 58 A S A a8 T TH A 1Y)
RERAH LA Tt AL T AE A RE R AR D, B
A LA B FEE B SR E R RS &
R Bl R B 22 R PR A L A T R R
A BE )T FAT 55 22 I AR R BERE A X0 L SR A Y
SRR T E R A PR B AT RE A Ak
FIAR J& A R 23 Gt AT 55 10 3rb 1 — R F S 4R
L IR) R
3.3 MRASRRE

R PR A 7 FSF ) 6T A A 00 €] 45 Ak BLBR v &
T X SRRz Al ] T 4 iR B S A R AU B S
S5 FH v A R B ARG RE R AT R 1 F
BORHA 5 38 A0 TR 4 R B2 R B HOE i ok
SR AR A% AN PRAT TR AT 2 3 AEE A I
FRF [F1) 0 BE 50T A 3X 15 H b A 00 A IR £ Ak BB 7R XS
FRE AR ZE 3R 1 2SR I R AH AF. R I FE 1 2 4 300
A SR AR A R b — E R BRI
D7 T A A5 A A 3 WL 2 ) VB 42 4 55 L e AT
T AT B A58 R AE R — AR R A K
TRAEE R R 98 7. fESCHERL85 )b Li 48 A4 T
— M gl i G it B b B B AR T R 45 R R
(Quality of Results, QoR) , 3 & H 75 W 2 ¥ A i
P4 QoR A LA R 1158 AR & IR shih it By
M SO Fsf 1) R Y57 A R Rk 20, Qo R ) £ 4 s o4 X
2 RTA KB R i DA RS R E I R (1P = g o 7
QoR W] LA SCA TEA A H AR 19 A 43 Lo AR SCRk
[85-86 ], i i BCFA XS QoR 1478 2L, T LAYE — & &
JE BRI 55 48 3R, {H 40 55— BR M B AR QoR., I 3t
AR WA A5 B PRI AN el AL QoR A iz 55 4B
IR 22 18] B 5 R 2 W5 S0 28 R SRR 98 UL 0 TR R s F) —
A [A] L

ARG T = VEC B85 T A 55 H 2 0 11k
HAr. 2 3 TRA 526 7 HA U R ML B AR, d1 3k 3
3 A TR de /A BIE IR 2 VEC AT 55 #1280/ £
LA H AR, BEFE R QoR B — 8 4 WF 5% % 1 7E
. AN R G RO IR 55 B SE AL H AR 32 %
HESEIR | REFE S5Ok A
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X3 EHHECSHEFRSZE

MSESCHk AR itk B A5 FIERBE ARSI EWB i Rt
[31] VC,RC doe /N T 2K 3E R R BB £ T #E EFHEE LSYA B3l EUEIRY
[32]  VC,EC,RC doe /N B 22K A SRR RE £ T #E SR ST B3l LR
[33] vC T /MBS B i 7 1 48 2 3R RN BE 1 T FE (P 1 VCHIE IR 55 HB 43 1 3 R %3l EER
[34] VC,RC oA 75 40 3 55 R RE R A R 1 [R) s KR AT 45 8 3R /b — P 530 EERAAY
[35] EC I /ME AT 55 28R AR MEC ) 4% Ei% eIk b %ol EEERAAY
[36] vC e /NI SR 4 4 R kA — ST 3 lE] EERY

[37-38] vC e /M 2K AE R Eogt iz E- ST B3l SR
[39] \Y® e /N S 3K A SR I R 55 A T S Eogr $iEIE- pLISA %5 SR
[40] vC PRUEAT: 55 4k B A B 3k Eogti ¥k ST %5l FErhyedR
[41] VC,.EC I /MO T 3 IE R Ei% it I E=1 KA %o EERY
[42] EC 2 1 R AL R A 3R (1 W] B B v P A 8 5 AHHEE ST %3l EPY
[43] VC,EC Tl AT 55 JE 38 24 1Y [) ) 2R IR R {4k B FE A HE ST BahmiEn SR
[44] VC,EC e K1k VEC W4 (14 01508 HB 43 11 3K LA %5 A g ok
[45]  VC,EC,RC 8K Acb P A 22 T 2R 45 RE B O AR - pLIA %3 EIR S
[46] vC e /b 1 3R RE R B 43 ) 2% PLIA %5l EREERAAY
[47] VC 128K AE R R R 55 o P E ST B3l LR
[48] vC e /ME RS 2 H 3R HB 43 H 3 ST %3l £ s
[49] Ve e /MbE 2 3E R - K5 5l A PSR
[50] VC,EC e /ME R G 3 AE R Ei% it I E= b %5l Frh ek

[51-52] EC doe KA AR 55 5 436 s i 45 ) B 4 v 2 40 1Y) 2O HB 43 1 3 LA %5 FErhyeR
[53] VC,EC e KA MR 55 P (I R RL 26, IR 32 o A 5 R ik 25 B $iEIE- ST 3 lE| A PSR
[54] EC fic /MBI 38 AE IR 5] B VEC AR 5 %% T 28 3 £l RigAEIE=Y pLIVA %5 SR
[55] EC [&] f AL ZE 3 F MEC IR 45 5 B9 ) A 4 ) 2 G %5 IR
[56] VC,EC e /IMEAT 55 B AR g i I E= ST %3 ELIY

4 VEC #H#HEAR

i 2.1 9% RCLEC 1 VC [ X b 43 #r Al Ji
EC H VC AT LA 1 i AR I Dk mi i, 5 B AR
HHEARMEGERRES RS aHHLEL.ECH VC Kt
BT B R ) e R S T U AR I O T
s B — i B IR AT TH AT 55 3% BOR A A
ST 55 A G B0 1) 28 e R RN T SRR IR 40 E O % AR
R AR AL B AR Y [F] i EC F1 VC {7 R
R IR 55 B . AT E S B T VEC 3HEAT 55 )
B R AR 5 07 1k AR 4R IRTE SRR 55 B
A rp e SR A 2P 3 05 AP A O PR A 4
THA R VEC 153 50 8 0k 5 A8 I8 70 e 7 38 19 0F

VEC #H3AT 55 H 80H TR 5 T ik an F

(1) 2 Ty /R n] R ok o i

Lh R A] I g R Gk R R ] T AR R SR L. A
—MEERGET . RGAREZ LY 7E R epoch
RGNS P EACHY iy DSR2 SR T 1R TF
22 1) PSR TR TR SR I B = M) ) B[] A S 2 1Y
M2 B BL 1. 2 B 7R ) R e 5K i B2 (Semi-Markov
Decision Process, SMDP) £~ 5 /R 7] J¢ e 3 F FE 1
PR T XS BEAIL A ] o) AT @ R[] T H R )
RS R 2 T 2K ] IR e SR i A A IR SR

A — o WY AE B I TE], IF HAE B A R AN 2 55 2 bl
BT R e R AT R P o sk A AT LA X D 2
PR ) AT HE AL, SCHR31-33, 88 JHB LA 2 By /R AT
R FE AT K .

(2) 7R

TR I — g N7 IR S5 TG [ RS Y ) 8 LT
R ERD IR EHE PSR 1T 255
FHSOT .V Z2 0 8k e S RN AL VR 4 TE [ A AT LA
45 o3 A PR ) L TR e R — DA R, T
T Y A& Do 2K Z 18] (1) 5w 2 o DT T B 1 %o 46 v
AR BT OR AR B R R G UME S B[R I B A (7]
R T S R R B IR A A
B SGAR GRS AR, SRR R 1
ST TR T R Lo € B ST AT B s TS AR IR 4R 1Y
AT BRARAEFEWAE GIE & T GE DL
— A RO T AR TR R R B R R AT S )
ST IRBAATES B A AT RO DA S anfe] %
FX A AT Ry 7 ZE S B T T s i an S
HR [ 34-36 1 F 2838 g IE % VEC 1155 H1 2k #E 17

(3) 5Lz 2]

5K 2 20 0 I — il T 4 A S SR e ikt
ERLF S H . B FAY Agent 18 i 78 & — 7 i XK
PP PR 1 2 il AR 5 Ok 2 ) S AR AT O T Agent
AN B WA 4 A 02 B 47 0L BT LLE AT E O P A R
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AR 0 % R (Exploration) #1 B A4 %138 # #) F
(Exploitation) 32 3 . i 7216, Agent DL “i 4867
FEAT 2 il S B R AT S HOARAS Y R F AR AT
s HFRRZAE Agent 3815 fie K% 5, — 205 WL 1Y
sRAL 7 2] O R AL AR £ W 1 HL (Multi-Armed
Bandit, MAB) . Q-learning &, U1 SC#k [ 37-40 ] F] FH
MAB [ 3= #5808 48 00 e 5. it A R B iR Ak 2 )
(Deep Reinforcement Learning, DRL) #] [ F fi# ot
GEURAE L n) Y B R A — Sl IR SR LA
XoF 5 1T AT 55 R AT 1) B0k AN BT R 43 IS, A0 S
k[ 41-457].

(D g k3

Jei e ARG R — b A% e T vk B R T A0
i TR 5] REBE P B T S P o M L P ORG
JE B8 50 R P R B v L AR R 28R U 0 A
155 HAE R 5 BE IR Y A R AR 1 Ak B A ik
A S A3 AR 335 T LR HOA S B — A el
Al T . 3k 4 [ 0 22 K0 2 A DRSO e i i kX
VR R TR 1 s SR B R U AR A D X (] R B
TR W IS W i s R @ A 52 e X s e kAT I
AR LU R AF pPERE. 0 I e & A A
S R Ve R R N  E VB =D A a1 = BT N 1B'S
TRLA6 I 7 WORE SRV SR 47 18 A 0 — ki ke
FREPEAC T SCHR (48 185 F i U8 5 125 % H A o6 £K
HEAT T IRALSK A%

(5) 22y p

AP R AT 3 X Z— FE AR
TE S oy B R e AN F S [ N Z M 25547 8 5
BER AR S0 i BUE R — E R RS
Gy JEPE BT BERUR A3 A ORI A
F LA W FIE A 58 4 B2 R R R ] B AL 5
JEAS BRI o T AR R AE 28 T A5 1 L o R C R s A B
SRR Tz . A IS E VEC i B
AT AR AT T — 2 W HE L 1 40 Sk [50-53 ]
GO E R A RA ML I VEC 115 H 20K w6,
WA T — & 1R
4.1 VECEHRAREK

T AT 55 B R b PO R ARl X
S A BT E A BAS Bl Y T  CFR A BT D
RO I X 0 B BT U AT P A B g g
PR 80 JEE 0T DX 388 P ) I 55 9 SR 4 0 1 AT B e SRR
RGTIRA o e A P D SR A A BT R R A
DI B8 I A1 R A S B A T B R A 8 A
UL EAE A5 1F DL RO BT 55 n BR Al A R TE X 215 B

#REL RN B0 T A RE AT 48 v o B SRR B
SEAT 55 1 B AR rp DR SRS SR BT R A R T
F BT A FH P R 4 B9 e KA A B DX IO BT A 4
R T BT, 55 (0 B0 Ak BIAE GRS /) L BT 2 Y R
REfpe /). X R A A rp PR SR A PR BEIX
N — R R IAE TR AR, AR B
BEA 1 D0 - 5 v U B 5RO 40 AT 2 e Ay
(e A0 T 4200 BT 5 iz O 22 1. T
B b PR H b2 LE B DX P A R A R AR PR U
— B8 AR 95 I AN 23 0] B AR T R R R AN
Hexh VEC 5 E B4R b 2P 5 — 28 f5 3 1) F 5
1T 4.

Je R ARBE R H T VEC dhit 54T 55 # 3 4E
Bk 5L 0 N 7E 2 25 SCER 47 1P $2 ) T Folo 4
A& R B T o 2% 7 S Y L R IX AT Ry B IX
SRARAT — A~ [ 5 R XSk ) 07 3T W 42 P 81 4 2
PRI T A G AR A T B O DX R
it B2 ) XISk A AR 4 e e Fe A 2 05 1) L r
LA AL IR A DA BORAT 55 3 R R R 4 Xk
DXk I A AT 1 2 13 AT 55 R 5T 55 1 4K
4 D SR A AT 55 MR 40 980 TR 85 2R 1) 480 2 LAt 19 42
TR AT L SCTRE AT 55 23 a8 R O k£ DR Ak
[7a) 51, [F) B A0 £ - 359 R 55 s ) R R 7 o P ) Bl 55 5
i, HAEWI % A 2 0 NP-hard ) 8, I i I 3% F 26
PRI B8 A CLBO) A1 = #E il 6z 1 3 £8 4 (BPSO)
Sk TR L. LH A VeinsLTE T H 47
D7 E 25 2R LW Folo $2 M6 i T+ 5 AT 55 1 38007 /AR
Y iz 55 HE 35 M5 A 0 S B il oR 2R AT R B, 5 R H
(Naive) 357k Fl B B 1% £% 41 LE . Folo K ¥ ¥ iz 55 4
IWAFIE T 2756 - A I K T i AU AR T 5604,

FESCHRL 48 T+ » Sun 55 OB 4250 73 o JH 7 4240
MEC 4 f1 CH i (R G E P, B 5E CH %4
R HRSE R M R RS S ) . X
W IE A B AT AN T OF SR A R A AE R
U P AR A LA B RS A B AT 55 0 3801 ok &
P CH 245, 3 H MEC 408 HAFEREE S
IR A5 B K is B CH 440, CH %2 i 48 i
LR B A0 e A 55 SR ORIl (5 B ) R 45
FOAb A4, fe Ja P 424 m) MEEC %249 4 3% AT 55 %K
i s MEC 240 0 A7 4L 55 Ji5 i A1 25 21, Sun 25 A2 H
T PR T 0 Rk 9 2 H bR VEC AT 55 I
5GBSR VEC &R S8R 25 . 0 3 45 A 58 5%
4 2 T AR o D10 DR 3R 52 B 45 SR SR B I R TA RE AT K
Y 45 7 AT 55 PRAT I 1 5 LA A5 v 1 T S
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FECHRC49 T H, Sun 48 A48 1 5t 43 FI A VC 1Y)
IR EC Bt RAT 55l g B uh 1 803 VC
CIE 55 1T BB 42406 2E o nT A AL Al 1) 00 % 15 4 7
A2 SCHRLA9 13 o 166 45 2% 1 B U5 00 AN B 1k L A
THEAE ) 0 SR M DL BT BT 55 A AR L 4R
T VC A S Y U [FAT 55 8 BE O 5 R R/
155 AT HE R I 1% 7 S8 E BT 2 NP-hard 38 Ji [7]
ALz S B ] Hyper-Erlang 73 4 o %
TN ERRAE VC Hp 45 B ) I 3% 2 0 s () 25 K
b o 43 J il B[R] R, PROAT B ) A% A R ) A HE BA
] 4 2 At B IR) 5 A B e 258 o o E 1Y
BT (MGA) K e /M 54T 55 75 A5 7] 42 4 o
PHAT AR g 7 Hof i) S 6 445 SR 6 B HAS AT 55
FF MGA 1R B Jr 8 0 B[] 880% H 5% 48 Jy 280 /0
T 12.5%.

2 Ty JR AT e 2o A R A AT LR 4 v PR 5
)33 A5 9 AN A SCBRL31 ) s Zheng 55 NS TR
IR R O BT A 5 IR 43 e T 8. X
BRC3T R B % 9843 RC 1 VC B E . VC 2 ¥ 4
95 010 S R R R AL U Tt O 2R R 2 OB AT
5 1) 2 300 LA AR — 5 A v AR, U R AR R Tt —
RN FIR S — MRS R R A
FES T 1 A AH [5] B8 T A 23 A1 s ELIE 5 40 42 42 11 AR
[F) R/ 8 R UL . G H A o e K AK &R e i K ) Tl
S 10T 2 o 02 P 9 24 1 BB L B JR) A R R AT 55 1 A
SR 1 98 J5 R 22 45 109 WK 25 23 [ L sl A 4 ) L 22
BT A B 3 4 0 Ak 1) A O hy TG BR ) 3o
JRAT R HE L FE . SCHRL3 T I T T (= AR 7 ik
XA B AR AT SR M R 45 R S AT A O ik
(GA) FIE AR K Bk (SA) L8, S2 i 45 SRR W 5
GA J5 A 3 FEEAR M k32T 178 7% 1iL
% s JLAh, B F SMDP 107 2 1 &2 2% BEAR T SA J5
2. Lin % NPHfESCHRE31 /M 356l of VC 97
A RSU T B 548 30 85, 014 22 06 19 % 3 A
T 5 g AN R V0 B 40 A o AN ) B 2 A 2 4 4 A AN
[F) R /0N 19 R 480 W 9. PR Ot 5 SCER 31 D AH L . Sk
(321 S0 PR B 1Y I T K dt A bR 28 008 ] K i
TN . SCHRE32 A 1 1 {8 3% 4R 9 7 3k Xk
H AR HEAT 3R A o 12455 80 7 K 3 300301 [l 412 CRE St R (1]
THFE) Jy TH 2 B R 47

Ak DRL i 0] F F VEC 4 o 53 550 1) 2 o
S e SCEk[42 ], Ning 48 0K DRL Jrik 5
VEC tHZ5 G - WFFE T 245 ) 26 v AT 55 I8 85 R 9% 15 43
TC A8 Ak T 850 7 2% D& R FE FHPIAT A8 38 114 ] B die K

PR 2 b 452 5= F P B9 QoE(Quality of Experience). 3
HHE— BS.K > RSU FI U M8 £, 5%,
IR YR ot VRV DS W o i Nk (N A E 6
RSU 313, SR )5 R0 5 ROT AR 149 36 AR I 4 fi 4
G IR A8 oK ik B BS. 55 =, BS UTT 55
I BE AT PR3 BT L JF R AT 55 o0 Bk % 45 RSUL f )i
JIT A 4 0 LA AT 55 3% B AR 9 RSU. i1 F B
ey 3t [R) RO A1) 52 4 1 o A 2 LR 2o D S T AR T)
WL 23 ) B T — il XU DT S J7 Z€ Al Double DQN
(DDQND J5 ik #E A7 3K fiff - 52 Bk B 1 HA S50k AR
M. 7 SCHk[43 )W, Ning %8 A FE B M Pl T
— AR5 48 i B Cloudlet,RSU Hil VC ({553
FNFS 3l A4 J8 . 42 5 T LUK 31 24T 55 1% B BT I /Y
RSU.RSU A¥ i A AE 55 b A% 3] RC (5 . i 2
B 31X BB AT 55 43 B 25 Cloudlet 55 B T A9 2= %5 F 17 4b
HLAEE M T A TE W 2 RE R 2 R AR R S
ThAE S /N 8 50 210 R, 58 0 Ol R 0« U
HE [o] A1 B X — R 4R T — R IR T
Edmonds-Karp A9 RSU i & 25 5 %5 . 1M %55 358
GYRESE T —NFEF DRL LAY, BT b g FH 42 52
PrREnIE p) BB 25 R R, 5 I S VE A TP 2 g
A LA A2 60 %0, BFgE R I T —Fh VEC M 45 1k
AL AL . VC 1 EC i VEC ¥ 45—
G, & UEs(User Equipments) $24E 44 2% IR 45, 7
S ¢ WZ)L,UE ¢ A f— D iHRAE 55 . B ) VEC &
HRE R EHERIATL 5 F Bt A
H VC FEC /YR80 38 3 SR A 20 B R A 1 A6 Ak
[0, VEC 45 B K 153 24l W F i 35 ok 5 7 5%
ARG A5 R B 40 T SR M. 25 I B 52 3 ) B L
PEFIE A5 25 A B AN 2 M I Hro B2 L A [ 80
Tk AT RAT R A I T E T Q-learning M
DRL J5 ¥ - 4031 55 #0480 F0 9% 95 20 IC 10 SR s e )i
W BUE S AT T %05 R AE VEC 48 b i A 20k
VEC 3A Ko s VEC it 55t
PR AT LATG A5 A 3 52 AR T AE 55 B b MEC Iz 45 02 1
iEE R LR, A MEC IR 45 75 2245 2% 5 W] i
A A B H O WA 55 B KAk BRI 2 A G A5 1
A A R BT R R A B, O T R X —
Pl — LB 5% TAE R 3229 38 3 & WU 7 % DU
T 2 R 55 2 14t T 2 A 1 A s SR A AR SCHER
[50 147, Zhou &5 A i 32 2D I 48 B 1) 5 12 A e
THA VFEC i 8 5 I AAT 55 4 B 0] L rp B 2
RICFR Ul AL ) S 0 5 2 55 0 R DA SR AR AR AR
A 55 4 B AL 2 A 109 Bk L ) T B O 4 9 B R 72
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o3 R B0 R UEs $& £t 55 & i ik 55 o i 7655 —
B B $ Hh T — A R T 2 24 B AL T ok e AR IR
e BAPE T T R R R
)P SC 2. B0 T B i TRRAR A L 4R T — R
e F 5 M B F8 € UL B 8 3% (Pricing-Based Stable
Matching Algorithm) 5 fif P 55 73 e 7] L 32 55 %
W AT BN A Bk R R B T A
BT 0 i 4 3] 6 AR DR . BUE 25 SR R W) 2 R
AT DL 2 0 RS TR RE L IR A AR R S AR
TESCHRES1 T, Zhang 55 AR 32 20 BB 19 J5 5 8
VEC iz 55 I 55 B¢ 11 f5c DIt Ay 590 280 5K s o 53 2k 17 7y 1)
W g Joe KA A 48 3 W RO S T2 g
VEC It 55 #7155 I8 10 # I 32 , Zhang 48 AT 55
PSR AN AN G5 45 & B O R it b 2
TR VEC IR 55 #2845 A5 5 95 45 e 5%
B SRR 0T EMOR A T VEC 12 R
WA R8T = TS B IR A R 3. S i kil
G5 MW 55 75 8 G af (4 1) 80, Wu %6 78 SCHk[53 ] 42
P AN i A5 A U R A9 30 R 1T IRAT: 55 I BRHE 2 L A
FHH 29 PRIE VA 45 5 42 W thAT BRI H AR 55 IR
55 S 4L 7R 30 A I 4 3 2 IR 55 i ST O BT 55 240
AT 55 B ok 22 e 55 4 446 i o S A e 1 3
B AT 55 0 480 4 BT O 457 B R AL R T R S M 4 B0
3015 FLAE AR W% 7 S8 AN DURE 6 39 12 155 5 22 40 ) 4%
%t » 110 HL B8 fie KAV IR 55 2 418 i 1) 4
4.2 VECHHARE

A rh 2t HE A TR 3R T SR Y A T RS Ok SR
AR ITHRFEN 2GS, UH ST E %%
5 2% b N BLSE R I HL R T A A0 B AL 1 A
BlAPE  JC R 3E A5 5 08 TS RUR 4 R 8 E 1 DA
FAT: 55 ) Bt AL 2138 % 1 580 080 28 %) B vp X Sy 2
P Tk SAE PR g - R EAE R
AT VPR PSR L, 20 A S S R W A AT
b XoF 30 268 PR SRR IR 43 TE T R AR S AN B R
U5 A AAR R 52 % 2 A0 3R TRk e T 0 A1
KA A FERR kR R RHE LN X R %,
BB S A Bl 1 5 I 55 d o R e A TR
SRS 2R GEAE = ROANEG A8 1918 e AR /N1 R R 2 4
AT 55 1 48 53 A A 3R — 28 d5 0 1 F 90 34 e F
A B

TR0 I — B Atk 23 A 22 O 1R) A Y R
B FlngEmFsE ™ v, Klaimi % A2 H T —Ff VFC
AR TSR (6 T 0 24 0 2 1Y 42 A 9 DR RE A% Ry T
U5 B2 = 19 4% 2l 7 R 7 341 g o o R 55 TRI A |y 1

VEC %54 R, 24 VFC e/ B I I, — 2 5 ] 7%
JFAT: 55 20 S 1] B o $RAT. SCHRE34 1K 3 T P
FEA BT 55 o e (HP) AR (L) e P8, i 2k
AT 55 # e SEAE A 1 I IR P4 5 80 3] 38 2R 44 i B
TR I3 A . N5 0 FA B R % 303 2% IR ) 2 2
W TAE— D I KB R n WIE 45 X 28 4200
I H Y B ) 1 L B A A AR S — I
PR IR S5 5. BRI VEC 2 40 B M IA A 20 A 1
5T 232 00 il DA A8 B0 A AR 25 ] 5 9% (Potential
Game) R HEBL W E B IR . Bis 20kt
FVRE U5 A (4 [R) iff 2E 3R B /M. 7B BB T 4841
#1455 (Nash equilibrium) , JF 82 H 7 —Fh sl 5 R IH 4
L ) O 8 AR TR AT SRR SIC B0 45 RAIE B TR O
AR IR BT ET 5 Y 0T R TR DR 5 4 0 A (KRR
KRBT UG T 8 i TR RE.

TESCHRE35 1P, Zhang 25 A\ 1 76 22 18 it i %
SR TE B o AR R T SR R AR IR g5 PR e T
— B0 R B Gt S A HE S G A — S4B
A Oy TR 45 4% (BCS) K ik 4 VEC A 45 2% 1152
BRI L . BCS B AL B0 . 2 VEC ik 55 45 B I8
AT PLAT 2R L BCS BT IR 5. AW B bR
JETE TG AT 55 B A 2 BB TR T RN Ak B 2] RE IR
FEIE W SR . VEC IR 55 28 19 H A5 2 1 1) 42
9 L0 B R 5K e S S 22 A9 L XS I Zhang 88 N
P& T —Fh LT Stackelberg 125 (1) 42 4 11 55 1 24
R TR AT LR E AR S IR AR
AT — & VEC 55 & 1E 2 HE 2 H br .
25 MR 55 Z (8 AT AR G AR 00 0 # i 2 1A LURA o8
5 AR BT EMAS. KL FEE S B kS8
[ FETE S5 . A1 . 24 VEC IR %5 2% [ 5 % U5 K E W
SRR SR L Al U BCS WK ¥ IR, i T
AP AERE S A 85 VEC Ik 5 & 1 iL
fii » N BCS 3K /Y 95 I Hicie b 2 45 & VEC Il 55 4%
TEH ST P RS, [T VEC IS #3153
B A B 2 T R 9 D 2K e 5% 4 I AT RE 23 AR
s 4. Rt A ] Stackelberg 855 75 vk @ 3 2 9 H
RARGHA, IR, VEC RG2S %, £
JEIB R . SCHERL35 IR BT T 1% i 98 A ¥ 15, 006
— P RO o A U TR L A AT 55 I AE 2 R
IR ER T o foff R 55 45 A48 1 ) WA 4 e R Ak o DT 36 381 B
R B E . L EE S KRV 2 RRKRES
T VAR R 55 B AL R B RH.

1E27% K36 11 Huang 58 A#& Y 1 — 5
YHZEWiih 21155 (Parked Vehicle Edge Computing,



974 it "

Hl

o
-

i 2021 4F

PVEC 933 30, A IR E 1 PV 35805 05
5 VEC 55 4 P[5l 30 A7 7 384T 55 % SCRAr 4 1
—FPAIT I R G B AR E SR E WL FLH VEC Ik
%t R 55 S BERT A PV, JF B3t 1 — A4 L A
i SR N 17 45 1) 28 LRI PR UE Y 22 A
B A, 35K 250 1 S0 B AT 55 1 oK Gl i RSU & 3% 2|
VEC Il %5 i » VEC fIik 55 #% ¥ 41 55 1) 70 b 24> 7L
55 G e FE— 28 PV JATAE 55 T4 55 PhAT 58 U th
VEC H4E IR [0l 3] 38 5K 4240, SOk b A - Stackel-
berg 15 75 ¥k o 1 57 I SR ik 9% IR 9 B2 O Ak 1] L H
i o5 PR AL E R TR T PV 3B Bl R i
BLIHRM T MR AR OR R PVs Z ] AR &
BL Y Stackelberg B 73 M1 J7 v » B A5 a2 (537 5K 4 4
) b AR fie /N e Xk S B BCHE 4R i R AR
W], PVEC 75 £ /& W 45 25 5 A AR T 580 30 480 55 1
AT 1 B A B I PERE.

BRI 2R I8 40 . MAB W T VEC 1H58
B EJSR. B0, Sun 8 ANTESCERL37 I 2 H 1—
T A4 30 Gt 08 R GE b T2 2T WY 3 AT 55 V3
Tk % SCE i AT 55 H B AR TaVs
(Task Vehicles) , ¥ g % # By P/ AT AT 55 19 %= 3 A5
SeVs(Service Vehicles). i T 4 4T 55 H 28 30 b5 2
B A E B P28 3 FD A A L TC 2 T RS AN
THE TAF 58 A AR PR 3 2 R 3R AR A e 485 sl 10
Il TaV AR HEEMEAS SeV 72 4E 38 1 68 Jr i 4 3
3 d . P Sun 558 A 32 B 7 — Bl 120N 22 ) /9 5
B0 TaV RERSTE B4R AT 55 I 27 > SE IR TERE . R T
MAB HEZR B i 1 — Fh BE T 27 2] g 3 0 AT 55 ) 2
B ¥ (Adaptive Learning-Based Task Offloading,
ALTO) . ffi TaVs Y3 85 4 28 3R f /M. ALTO
S LA X7 X T AE, f TaV BB % % 2 41 4B
SeVs (14 4 R VEBE o 17 A5 B 78 490 22 8] 22 4 5 1B AR
B PR AR SR RS F B ALTO BikRH
THET FEEH (Upper Confidence Bound, UCB)
S TR AT A 3 P < AR A
U G 3 S AT 55 1 R /N SeVs 11 HY 3 B (7] 4 %%
RRIE. S8 70 MTE L8 % 5T (MATLAB) Fl 8
SN EEGE (Veins) 17 45 R B W] L 5 R A 5
KR IEPERE , S 1A T B R e Bk
FTLE S 21 28 AR T 30 2%

TERFFES o AR SCHR37-38 ] TAE M L7 . Sun
S5 N SCH R B2 2l 25 00 2 5 ) 2% v, ) SE 3R 1 BE A
JIR 55 T SEPE A A RE . PR T R R T
M4 G 2 #2581 AL (Combinatorial Multi-Armed

Bandit, CMAB) B 1T 45 & #] & & (Learning-Based
Task Replication Algorithm, LTRA), Uk £ /)M b 3
KPR AE IR . SCHRL39 1R FIAT: 55 52 i 9 0 =X B ] —
AT E B £ A4 SeVs, LLARTIE R 55 1) 7] 5
M. T CMAB g, i T LTRA K fff g TaVs
AHEB SeV's 115 & (19 ] 1. 38 15 X B 52 0k i 8 B 5
AT E L IR LTRA 5 3CHR[ 38 50 1 #0551 k17
T BRI A R SeVs L LL 0. 65 2
B R AT 55 52 3R AN 80 Vo = B 1 98 %0, 3l 1 AT:
55 ST T LA I 2 AR AT A 00 1 - X D 2 A SR 4 v IR
% ARV,

HoAt 7 2 B T VEC 204 20k 5L 49 10 Wang
S5 NAESCHR L33 I rb ) R T PN 2 52 2 S 02 A AR A
Ie] 7 P B 2k LA TG JF Al 2 05 B T ) 4 AL 4
H T —#p 2k SMDs (Smart Mobile Devices) Ik 55 1Y
AT SMDP () cloudlet B 5 M. 2% 5K W 25 18 F 4%
G5 Z 18] G I 32 6 G 2 o DA S S B 2 4 I 4% vh o 2k
FOE Y B 3 P A e O T SMID R S E A
HuFAT B B BB A S M LAY cloudlet, P15
I e/ INREAE AN AE IR . A 22 4 1) e 1k iy bR 25 5 % 1]
b B R 24 O B R A ) R, A A E ARAE
Pk i SMDP 5 B, 5256 45 R 3R B, 48 Y ik T
SMDP 4 #p /5 5 W 7 LA AR SMD B A< (e T8 79 #E
AN A 3R ) I3 i 1 280%. Qi 58 AAESCRRL41 ]H R
AT DLR X VEC BT 55 #1217 3R, SR % I8
fdi FHZ R 2R B 30 G VT35 0 8 RE R A g R 3t
SR BT IR R B R SR R E S A AN B Z A H AR R
O 2y BRI EE )8, O € TR R AU Qi
S OB 22 A ARIEAT: 55 1Y 50 280 o 3R 7 O A 0T R R )
R I R BE AL 27 T LAARAS S (G Al e A i AE
DR SRR L Gt BT f AT WO 5 A0 2 AT 55 AT
I AT RR S AR LR 27 2] L DT ] DL B BR 45 28 Ak ]
PL2F 2 A7 0 DL FR SRS . (7 L4 R AR WY Bk T IR s Ak
2 2 (1 SED 2 P SR AT A0 B P 3 AN R AR A T T
VBRI AE SCHRL 46 1 . Feng 58 A42 M T —
Tt T ZE @5 St R B 3 W58 % (Autonomous
Vehicular Edge Computing, AVE) {E22, 318 1 i%
HE B2 50T 22 408 0 RS 1 53 4T: 55 1 AT B 3R AT I Ak
L R AT H A M BA B A B L W D 4 R e T 9
JEEAGE AL B i) A5 B g A L A B R R 2 R AT
AT 55 1 2 B0 B Wbl 18 H: Al 42 90 A0 1R 20 SR . 44
Z A L] 4 beacon 1Y 75 AR A B A2 5 8 .t 2E
AR B O T Bk Y P A A8 A Y L T
SRR ) A5 PRDIR A ok B 3 ke s AT 55 480 480 R 9% 5 4 T
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fsems. SCRC46 14 48 7 AVE HEZRAT 55 HI k10 TAE
TR PR T A R TARZAT K e A 0L H AR
SEN IR AT &5 A B AR L B L UE B O NP-hard [7]
I G UNSEE Y R O I T 7 L A (B2
Veins % 5256 JF 17 05 B, 45 5 3% B, 76 B0 1 I Tl
v N B P R 7 S b % 07 BB AL T B
fib I 5.

MEL E A 45 0] R0 G AR SR W 52 3 A VEC
AR IEFN A AR SRR A T RN Ty, wIAs 1
—EM . 35 4 451 VEC 8 2 e 56 fLor A 2 ok
FOT A EARXS L L T A 2 PR Dy &
AN R AEAE 50T AR A TR Bt 3 05 =0, A
B AN FRAT B i A

R4 VECERKXMAHXRKAXBALL
e s AL
IR ER- AT EESRERREBI
M X 4 Ry SE A A B T AR T B FAE R s 0 A
RS GE RO TTE PORA T Bk
AERK W EIT RBERNREL. 2R A
BRSO E R~k A SR
HIEIET) BRI T A3

e LN

oA k5

5 VEC XLIIRE

MATLAB J&— & J) B 5 K1 L& i+ 5 8,
WFFE A E 8 MATLAB X B F 5% (1 o) 258 3F 17 g
B e 5 i MATLAB 32409 T HAR, o] LA
R fiff e 52 25 1 T AL, T 5 K1 TE1 T By R X 25 {1 45
AT B 8. MATLAB [RI A H T 486 W F 1154
55 VA B L S 9 40 SR (37-39 14 H 2 th T
JEA ) A R 52 B 22 Fh R R R A0 A Y
Bt Y T30 MATLAB ji@ & H 68 2% X 28
BRI HTH S AR B0 R A5 (AR . Sy 1 i 42156 Y
Y5 WA 8l K HAT: 55 H 800 B0 5k 5
bR, W5 N B AT 1 a0 R LA S8 TR SUMO,
Veins, Veins L TE , A 5544 4 32 JUAS 1T H 47 50 K Al
FAAE ) B A 4
5.1 SUMO

SUMOM?**" (Simulation of Urban MObility) &
EROCIR SN SUNOINE A PN IS 111 Bu = 4N D N [T
B A3 A BF- 6 TR R B B 45 TR i
EH AR, SUMO B &K R — 12U RER) 28
I A T B T BB 8 1 BUAS [ A% =X 1 2 I ) 2%
o A [ £ o AR A A 0 % e v P b A A P
DA R e A 35 T A8 58 0 o, JF 3R AL T TraCT 45 12

(Traffic Control Interface), #& & )5 7] 1E 7E 18 47 1Y
SUMO, fE £ #:AF A1 4K Bt SUMO Hr (172, 4 4N %
B AR 4 B A ] SUMO
FLOF- 6 % 2838 i i AT 05 B IR - (1) AR AR
#2514 38 B ) £ SUMO 42 41E 7 87 F Open Street
Map 3 A I8 % P 25 19 D RE {8 ] 5 52 1 151 28 s
i i TE I P 285 DR UE AT LI LS L A 0 EL A R T R
BEAR F75 (2) %F 4250 0 %l AT AR B0L. AN R A
O e i TA) A7 Bk TRE AT B PR AR AR AR AR L X gk
AT DAAR AR 2 B A A2 38 B A B, AN AE SCHRL96 ]
o R LSS AR B A T A AR T 24 h G K
HAR B s (3) 47 B, K i 25 08 2% 009 28 F 242 95 % oh 45
G TR B M 4 sty FEis Tl B B AT
FH TraCT 422 1148 BUf5 372k 72 0 B 8ol 1605 2R
SUMO Az B 4 35 AR CHE 1 0 T ) 3 3% 19 24, G vp i
T YRy B L 4R 2% Ry i %

5 SUMO i i ™ %

5.2 Veins

SUMO 2 52 46 5 B 42 At T 5 52 /9 38 2% 1 2%
FIZE 5 B AL, Veins®™ ) (Vehicles in Network
Simulation) 7& M 45 A& 1L 2% OMNe T+ A1 SUMO
e b JF R T — 2 A T 5 I 2 R R AT
REFLSE A AT T ORIUE T 0 FL Y8 3. Veins (1938 3¢
A EJEH SUMO #4782 B o OMNeT 4+
My & T B MiXiM L[5/ 58 i, & — B
U5 25 ) 2% 475 BLHE 42, 37 3% TEEE 802. 11p 1 IEEE
1609. 4 DSRC/WAVE. Veins X} 44 # {5 1 T4
T3 LA K i 1k RN RS Bl I A5 9 A S B A ST R A A A
Y TG b AL S 3 R AR A 0 0 L [R) A
Veins $&fft 1 TraCl 42 1, J7 (E 058 A 0L 490 5 4 €
18 IO T o AR B0 19X 4% 5 4l 6 7 2k T 5 B 4 R BT
il 22 A0 B Eh s DAUE T 2 0 AT 55 ) 480R0 B IR )
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5.3 VeinsLTE

VeinsLTE" & Veins 9 %E . & — A IFH B
S 2 A T 2% 3 A AR LA . T Veins B RS S HF
SEHIRIZ R B LTE, B % T 5 4 2290 9 45 7
(3815 Veins A & LU LR A% 1 32 Ff. VeinsLTE
B Veins INET F1 SimulL TE # %, H & Veins 4k 42
FEAE DSRC %45 9 4% {5 A A, 7fif INET fE 42 42 1t
T TP 3% 4 2 £ A1 IEEE 802. 11 Wi-Fi fi¥ 4%
FEAAY, Simu L TE W 42 4t 7 fif F LTE 45 $61 8% 55 %)
(7. L VeinsLTE 7 5 5 44 25 56 X 4% 1) {5
L0 . IEEE 802. 11p DSRC . Wi-Fi fi1 LTE.

5 X =R T H A B AT TR
F Veins 5 VeinsLTE #} 3£ F SUMO, 52 % i} 0] L)
Se i H SUMO Az p 52 56 i 17 14 38 2% D) 45 52 38 i
ARG PR RE Veins 3 VeinsLTE #17 M 45 3 5
VeinsLTE [t Veins 32 F 8 £ 038 17 Ui, 7T DA
Je% B FE VeinsLTE {2 VEC 15 5 £ i) F %
FH T H AR Bk T H B AR R 56 @ fE .
UL B AN REFE T 5G W 4% 14T 72 4 ) 4% )5 L. fili
R TR A ZE A AT 45 AR A Oy B L
Mk J1, L H 2 Veins il VeinsLTE, 1% SUMO
5 OMNeT ++ 58 3 % %, 7T DL K52 A 4 22 40
55 S48 L S WF 5T A B At T S A S 6 T L ) N S
BRC37.46 19 4 R Veins T H XS5 3647 1 45
FLLOSCHRLA7 IR VeinsLTE 75 5 A4 42 4 9 45 3
B R AT TS5,

XS5 VECERLBEITELE
Pt A5
SUMO 1T Db 47 38 38 AR, 2= A3 113 38 5 09 245 L A5 401
IR AS W . (R SUMO %A M 45 T/,
i SUMO A 424 V2V il V2l f5.

Veins 7£ SUMO el 3807 42495 99 4% 4/ FUAE 22
FEES T LSRG 5T AR T B Veins {USCH
IEEE 802. 11p #1 IEEE 1609. 4 DSRC/WAVE, R
SRR LTE S84 8 544 19 4.

VeinsLTE $£F Veins # /il 74 Wi-Fi il LTE [
% 1 S AR 2 R0 AU A I 4

SH TR

SUMO

Veins

VeinsLTE

6 HEERE

VEC H38AT 55 #1378 43 A i 4% 5 45 IR AE 3R
FRRE B R T B U 32 BRI 2 A AR A5 B 4 1 IR 55 o
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A IR 4 IR S5 TR AR a0t
Yy 22 A HLH AT BE X VEC A& 1. 72 VEC
8 Xt AT LA 43S Bk 2 Yoy 0 B B0 v o oA
SR VEC RGEM DI RE L (H 23 Yo R GemY IR 2% 1
ey Wr A N B AL 4 3 e AL BT i itk . 230
Bk e O R VEC RS 17, #l in B ek it &
VR P AR B o3 A 2 4 IR 55 ol 5 L T T
B R B8 23 5 ) A ) 1) R G R B R AT A
Bl ST R W T AN A8 S S AR X A I #)
F o T 32 Bl il X R G R R R L AR 25 ) A i B T
B Bk sl e AT AR N 2 4 R R AR B [ B A 4



54 PR BE . LWL AR T AR 55 BTG A 977

P SR TR 22 50 A L BB A A5t 151 BT 9 5l i
WA T I — R W2 A i R J7 SOk Wy F sh Beidi , —
HIEA NG m 8 B Bt 78 VEC 2 H RGN K
AR IR AT g gl B A 2 1 22 A AL ke B Ik
W Yd. HErS A& 42% T VEC i 8 # 2k b &
AR A 0] B W 5. ) i, Mitibaa 4§ A 7E SCHR
(103133t T HoneyBots Sfe A& Il Al R 25 $h A7 3153
7 1) D2D(Device- To-Device) W % /1 ) 3% =38 (5
3. (H SRR UL VEC T 58 81 28 19 22 4 AF 5% A X
B E A B A R g DL R IE VEC R 48

LA IR T — BT I — KA
(3) FEH I #% sk

TR R R s & VEC 8T 5 i — K
MERSL. B R R RS B S S £ 1Y RS B
PR 0 28 A2 Al PR L 3 5 B B 4 ] A
i BRI 00 5 b 4 R O L R 5 B V2T A V2V
AR AT AT 55 1% i A . LK 2R 40 7% o)) 5 30 [
S T B8 B DR AR A 0 A5 A B 2 52 B AS () R R Y
I - T OB 1 SRR AL i SRR B AL AL T 1
AT R T S AR K B A i RE R B A L 2
TEAE ST R AT: 55 B D 7 27 15 ) A5 2R i g T 3 5
W 2 FEOTEAL 5 E 8RN B 40 2 s ik
e )38 £ T A () A I IG 9 o2 4 A L {H ] AR
/D DRI R A TR, {51 s R A A AT B A X T
I8 R 5 i TRt 3 2 22 BE AR X 1) A Bk ) 4 4 2 ]
P8 T 22 U SR T ) 1] A7 0 1Y G 0 3 R 2 )
PO/ IR I ] BB T8 15 B Bt 23 A0 X RS E - 7 3C
MRLAG T rb o 15 20 TR 1 A7 B 9 42 40 1 O 4T 55 11 200
% T 5 & X 17 47 T 1% 2 90y T 2 O Rk 7 T
5 90 B A AL £ S0 AT 55 T K 4 4 g O A
il i B A9 T SR 55 R W, BT I 50 b B T — S
Py Z e SCik[31-32 v, £ 35 ZE 4 4k B 5 o
X 2R AT 55 T A 30 00 o RSB gl B A 55 [H) 4 9
O T 2 W (LA 9% AN RE 56 il S A 55 149 2 L. 7 3C
BRL39 14 Sun 85 A5 3 AE: 55 52 ) 180 28 14 J7 =X o [+
— LS5 [ i 40 280 3 25 A A L R 3 AT 55 2
SR I T RO 4 38 5 T B L ORI B T K
2% BEUR. AESCHRLAT Trp o ol — A I8 1 S 0 R 5 — P
RS FHLHLE A Y TR P9 A2 0 5 A A A I AT 5
P14 240 5 O M DX BT R AT AT 55 R L (L E T A
JE 2o i AN I TR JF B 6 T BIRBESE . it T 4
75 T 308 1% Y L T 2 G 1 460 8 2K AT A% VEC 3+ 3
YA A 118 — A o iR B S 1) AL

7T B &

RN G AR N Bl Gt A K R 5
g — A EEN AR )25, VEC RE
A F D G R BT IR 5 BT 2 BR 4 A
P SR AR AE OB i 5E L T AR TR IR OF . A
SO VEC T W4T 55 B0 480H 50 A0 = AT 1 R4l
AN T A B SE, X VEC 1 & e 281 43 )
TSRS AT 55 468 70 0038 {5 A6 B R AT T PR AR B9 Y
4. R Ja X VEC A W LAk H A5 dn fiz /) 1k )
BUEIR /MG BE R T AR NI A5 R i AT T A
2. Bt IS 23 590 AT 55 150 280 19 4R v 2R S0 2 A1 5k
SR B BUA BRI T T TR B e I AT
RBTIR UL HAR CEVECE Y AT 55 MO AR B
gl A0 ke 5 7 2SR I3 T e A SRS EAT T 26
SRR A3 T JLA A0 i G S AR 1 B TR
TR R S B S IR BT AT B SE. T
TR R T [T 55 ) B8 AL TR 25 B B, 3 R
RIEW AR BE AL 55 09 & A R AL R 47 A M
TR RS Bl 1l ok A S BOHE R I AT 1 R R AT O

Wi 5G A5/ A& A K. 5G 3y 9 14 iy i
HROCEAER L SR E L AP GHE IR LG i R
SRR S A A A R R ) 3 AT 5
PRI B v ke | BT SR A A S HE B VEC 3R T T
F5 E B A AT

2 % x #

[1] Qiu H, Ahmad F, Govindan R, et al. Augmented vehicular
reality ; Enabling extended vision for future vehicles//Proceedings
of the International Workshop on Mobile Computing Systems
and Applications. New York, USA, 2017 67-72

[2] Zhang Ke, Mao Yu-Ming, Leng Su-Peng. et al. Mobile-
edge computing for vehicular networks: A promising network
paradigm with predictive off-loading. TEEE Vehicular Technology
Magazine, 2017, 12(2): 36-44

[3] Armbrust M, Fox A, Griffith R, et al. A view of cloud
computing. Communications of the ACM, 2010, 53(4) . 50-58

[4] Shi Wei-Song. Cao Jie, Zhang Quan, et al. Edge computing:
Vision and challenges. TEEE Internet of Things Journal,
2016, 3(5): 637-646

[5] Khan W, Ahmed E, Hakak S, et al. Edge computing: A
survey. Future Generation Computer Systems, 2019, 97.
219-235

[6] Abbas N, Zhang Yan, Taherkordi A, Skeie T. Mobile edge
computing: A survey. IEEE Internet of Things Journal, 2018,
5(1): 450-465



978 02 N S VI R - ¢ 2021 4F
[7] Mao Yu-Yi, You Chang-Sheng, Zhang Jun, et al. A survey [21] Lin Fu-Hong, Zhou Yu-Tong , Pau G, Collotta M. Optimization-

[8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

on mobile edge computing: The communication perspective.
IEEE Communications Surveys Tutorials, 2017, 19(4).
2322-2358

Mach P, Becvar Z. Mobile edge computing: A survey on
architecture and computation offloading. TEEE Communications
Surveys & Tutorials, 2017, 19(3); 1628-1656

Greenberg A, Hamilton J, Maltz D A, Patel P. The cost of
a cloud: Research problems in data center networks., ACM
SIGCOMM Computer Communication Review, 2009, 39(1)
68-73

Satyanarayanan M, Bahl P, Caceres P, Davies N. The case
for VM-based Cloudlets in mobile computing. IEEE Pervasive
Computing. 2009, 8(4): 14-23

Bonomi F, Milito R, Zhu J, Addepalli S. Fog computing and
its role in the Internet of Things//Proceedings of the 1st
Edition of the MCC Workshop on Mobile Cloud Computing.
New York, USA, 2012: 13-16

Al-Doghman F, Chaczko Z, Ajayan A R, Klempous R. A
review on fog computing technology//Proceedings of the
2016 IEEE International Conference on Systems, Man, and
Cybernetics. Budapest, Hungary, 2016: 1524-1530

Hou Xue-Shi, Li Yong, Chen Min, et al. Vehicular fog
computing: A viewpoint of vehicles as the infrastructures.
IEEE Transactions on Vehicular Technology, 2016, 65(6) .
3860-3873

Abdelhamid S, Hassanein H, Takahara G.
resource (VaaR). IEEE Network, 2015, 29(1). 12-17

Jang I, Choo S, Kim M, et al. The software-defined vehicular
IEEE Vehicular

Vehicle as a

cloud: A new level of sharing the road.
Technology Magazine, 2017, 12(2). 78-88
Xie Ren-Chao, Lian Xiao-Fei, Jia Qing-Min, et al. Survey
on computation offloading in mobile edge computing. Journal
on Communications, 2018, 39(11): 142-159(in Chinese)
G, FEbE €, SIS, Bl ot 5 M R R &0k,
A2, 2018, 39(11): 142-159)

Li Qiu-Ping, Zhao Jun-Hui, Gong Yi. Computation offloading
and resource management scheme in mobile edge computing.
Telecommunications Science, 2019, 35(3): 36-46(in Chinese)
(BRERSE, WA . sU3k. # 3l Gt 5 op i T 030 10 480 W
BT, AR, 2019, 35(3): 36-46)

Li Zuo-Zhao, Liu Jin-Xu. Application of mobile edge computing
in Internet of Vehicles. Modern Science &. Technology of
Telecommunications, 2017, 47(3): 37-41(in Chinese)
LM, X040, B3 Gt S AE M A g i . BLAR
ERHE, 2017, 47(3): 37-41)

Gu Xiao-Hui, Zhang Guo-An. Survey of mobile edge computing
applications in vehicular networks. Application Research of
Computers, 2019, 37(6): 1-9(in Chinese)

(B WEex, TEZ. B3 Gt i/ 42 80 g B 255k
FEHLRL ST, 2019, 37(6): 1-9)

Raza S, Wang Shang-Guang, Ahmed M, Anwar M R. A survey

it

on vehicular edge computing: Architecture, applications, technical
issues, and future directions. Wireless Communications and

Mobile Computing, 2019, 2019; 1-19

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

oriented resource allocation management for vehicular fog
computing. IEEE Access, 2018, 6: 69294-69303
Shi Wei-Song, Zhang Xing-Zhou, Wang Yi-Fan, Zhang
Qing-Yang. Edge computing: State-of-the-art and future
directions. Journal of Computer Research and Development,
2019, 56(1): 69-89(in Chinese)

CiE#ERs . SREM . E—W. KK, h5iT5E . RS RE.
HRPBTE S KR, 2019, 56(1) . 69-89)

Zhou Yue-Zhi, Zhang Di. Near-end cloud computing:
Opportunities and challenges in the post-cloud computing era.
Chinese Journal of Computers, 2019, 42(4): 677-700 (in
Chinese)

CABZ ., kb, T =38 J iR R A HLIE 5 Bk iR
P, 2019, 42(4): 677-700)

Gu Lin, Zeng De-Ze, Guo Song. Vehicular cloud computing:
A survey//Proceedings of the 2013 IEEE Globecom Workshops.
Atlanta, USA, 2013: 403-407

Gerla M. Vehicular cloud computing//Proceedings of the
2012 the 11th Annual Mediterranean Ad Hoc Networking
Workshop. Ayia Napa, Cyprus, 2012;: 152-155
Whaiduzzaman M, Sookhak M, Gani A, Buyya R. A survey
on vehicular cloud computing. Journal of Network and
Computer Applications, 2014, 40 325-344

Boukerche A, Grande R. Vehicular cloud computing:
Architectures, applications, and mobility. Computer Networks,
2018, 135: 171-189

Xiao Yu, Zhu Chao. Vehicular fog computing: Vision and
challenges//Proceedings of the 2017 IEEE International
Conference on Pervasive Computing and Communications
Workshops (PerCom Workshops). Kona, USA, 2017 6-9
Huang Chen, Lu Rong-Xing, Choo K. Vehicular fog computing:
Architecture, use case, and security and forensic challenges.
IEEE Communications Magazine, 2017, 55(11). 105-111
Menon V. Moving from vehicular cloud computing to vehicular
fog computing: Issues and challenges. International Journal
on Computer Science and Engineering, 2017, 9(2). 14-18
Zheng Kan, Meng Han-Lin, Chatzimisios P, et al. An
SMDP-based resource allocation in vehicular cloud computing
systems. IEEE Transactions on Industrial Electronics, 2015,
62(12): 7920-7928

Lin Chun-Cheng, Deng Der-Jiunn, Yao Chia-Chi. Resource
allocation in vehicular cloud computing systems with hetero-
geneous vehicles and roadside units. IEEE Internet of Things
Journal, 2018, 5(5): 3692-3700

Wang Zhe, Zhong Zhang-Dui, Ni Min-Ming. A semi-Markov
decision process-based computation offloading strategy in
vehicular networks//Proceedings of the 2017 IEEE 28th
Annual International Symposium on Personal, Indoor, and
Mobile Radio Communications (PIMRC). Montreal, Canada.,
2017 1-6

Klaimi J, Sidi-Mohammed S, Mohamed-Ayoub M. Theoretical
game approach for mobile users resource management in a

vehicular fog computing environment//Proceedings of the

2018 14th International Wireless Communications & Mobile



54

FR A RN ST RS T AL 55 H BT LRk 979

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Computing Conference (IWCMC). Limassol, Cyprus, 2018;
452-457

Zhang Ke, Mao Yu-Ming, Leng Su-Peng, et al. Optimal
delay constrained offloading for vehicular edge computing
networks//Proceedings of the 2017 IEEE International
Conference on Communications (ICC). Paris, France, 2017
1-6

Huang Xu-Min, Yu Rong, Liu Jian-Qi, Shu Lei. Parked
vehicle edge computing: Exploiting opportunistic resources
for distributed mobile applications. IEEE Access, 2018, 6.
66649-66663

Sun Yu-Xuan, Guo Xue-Ying, Song Jin-Hui, et al. Adaptive
learning-based task offloading for vehicular edge computing
systems. IEEE Transactions on Vehicular Technology, 2019,
68(4): 3061-3074

Sun Yu-Xuan, Guo Xue-Ying. Zhou Sheng, et al. Learning-
based task offloading for vehicular cloud computing systems//
Proceedings of the 2018 IEEE International Conference on
Communications. Kansas City, USA, 2018 1-7

Sun Yu-Xuan, Song Jin-Hui, Zhou Sheng, et al. Task
replication for vehicular edge computing: A combinatorial
multi-armed bandit based approach//Proceedings of the 2018
IEEE Global Communications Conference. Abu Dhabi, United
Arab Emirates, 2018. 1-7

Chen Li-Xing, Xu Jie. Task replication for vehicular cloud:
Contextual combinatorial bandit with delayed feedback//
Proceedings of the IEEE INFOCOM 2019-IEEE Conference
on Computer Communications. Paris, France, 2019, 748-
756

Qi Qi, Wang Jing-Yu, Ma Zhan-Yu, et al. Knowledge-driven
service offloading decision for vehicular edge computing: A
deep reinforcement learning approach. IEEE Transactions on
Vehicular Technology, 2019, 68(5): 4192-4203

Ning Zhao-Long, Dong Pei-Ran, Wang Xiao-Jie, et al. Deep
reinforcement learning for vehicular edge computing: An
intelligent offloading system. ACM Transactions on Intelligent
Systems and Technology, 2019, 10(6); 1-24

Ning Zhao-Long, Dong Pei-Ran, Wang Xiao-Jie, et al. Deep
reinforcement learning for intelligent Internet of Vehicles:
An energy-efficient computational offloading scheme. IEEE
Transactions on Cognitive Communications and Networking.
2019, 5(4): 1060-1072
Liu Yi, Yu Hui-Min, Xie Sheng-Li, Zhang Yan. Deep
reinforcement learning for offloading and resource allocation
in vehicle edge computing and networks. IEEE Transactions
on Vehicular Technology, 2019, 68(11): 11157-11168
Qiao Guan-Hua, Leng Su-Peng, Liu Hao, et al. Task
collaborative offloading scheme in vehicle multi-access edge
computing network. Chinese Journal on Internet of Things,
2019, 3(1): 51-59(in Chinese)

R, VRS , XTS5, 1017 42 505 2 bk He A G0 Gt B 2%

AR 55 B [l ST RS M. R 22402, 2019, 3(1): 51-59)

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[56]

[57]

Feng Jing-Yun, Liu Zhi, Wu C, Ji Yu-Sheng. AVE.:
Autonomous vehicular edge computing framework with

ACO-based scheduling. IEEE Transactions on Vehicular
Technology, 2017, 66(12): 10660-10675
Chao Zhu, Jin Tao, Paster G, et al. Folo: Latency and
quality optimized task allocation in vehicular fog computing.
IEEE Internet of Things Journal, 2019, 6(3): 4150-4161
Sun Jia-Nan, Gu Qing, Zheng Tao, et al. Joint communication
and computing resource allocation in vehicular edge computing.
International Journal of Distributed Sensor Networks, 2019,
15(3): 1550147719837859. 1-13

Sun Fei, Hou Fen., Cheng Nan, et al. Cooperative task
scheduling for computation offloading in vehicular cloud.
IEEE Transactions on Vehicular Technology, 2018, 67(11):
11049-11061

Zhou Zhen-Yu, Liu Peng-Ju, Feng Jun-Hao, et al. Compu-
tation resource allocation and task assignment optimization in
vehicular fog computing: A contract-matching approach.
IEEE Transactions on Vehicular Technology, 2019, 68(4):
3113-3125

Zhang Ke, Mao Yu-Ming, Leng Su-Peng, et al. Contract-
theoretic approach for delay constrained offloading in vehicular
edge computing networks. ACM/Springer Mobile Networks
and Applications, 2019, 24(3): 1003-1014

Zhang Ke, Mao Yu-Ming, Leng Su-Leng, et al. Delay
constrained offloading for mobile edge computing in cloud-
enabled vehicular networks//Proceedings of the 2016 8th
International Workshop on Resilient Networks Design and
Modeling (RNDM). Halmstad, Sweden, 2016 288-294
Wu Zhen-Quan, Ye Dong-Dong, Yu Rong, et al. Edge
computing offloading with parked vehicular collaboration in
Internet of Vehicles. Journal of Beijing University of Posts
and Telecommunications, 2019, 42(2): 108-113(in Chinese)
CRIREE WFARAR, ARG, BRI h 5L 5 6 0 [ B9 30
T . AERTIEH RS SE R, 2019, 42(2): 108-113)
Dai Yue-Yue, Xu Du, Maharjan S, Zhang Yan. Joint load
balancing and offloading in vehicular edge computing and
networks. IEEE Internet of Things Journal, 2019, 6(3).
4377-4387

Du Jian-Bo, Yu F, Chu Xiao-Li, et al. Computation offloading
and resource allocation in vehicular networks based on
dual-side cost minimization. IEEE Transactions on Vehicular
Technology, 2019, 68(2): 1079-1092

Jiang Zhi-Jiang, Zhou Sheng, Guo Xue-Ying, Niu Zhi-Sheng.
Task replication for deadline-constrained vehicular cloud
computing: Optimal policy, performance analysis, and
implications on road traffic. IEEE Internet of Things Journal,
2018, 5(1): 93-107

Feng Xue, Richardson B, Amman S, Glass J. On using
heterogeneous data for vehicle-based speech recognition;: A
DNN-based approach//Proceedings of the 2015 IEEE

International Conference on Acoustics, Speech and Signal

Processing (ICASSP). Brisbane, Australia, 2015; 4385-4389



980

it ®

i 2021 4F

[58]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

Park H, Park M, Won K, et al. In-vehicle AR-HUD system
to provide driving-safety information. ETRI Journal, 2013,
35(6): 1038-1047

Lin C, Lin Yu-Chen, Chen Long-Tai, Wang Yuan-Fang.
Enhancing vehicular safety in adverse weather using computer
vision analysis//Proceedings of the 2014 IEEE 80th Vehicular
Technology Conference. Vancouver, Canada, 2014 1-7
Hull B, Bychkovsky V, Zhang Yang, et al. CarTel: A
distributed mobile sensor computing system//Proceedings of
the 4th International Conference on Embedded Networked
Sensor Systems. Boulder, USA, 2006; 125-138

Russo G, Baccaglini E, Boulard L. et al. Video processing
for V2V communications: A case study with traffic lights and
plate recognition//Proceedings of the 2015 IEEE 1st Interna-
tional Forum on Research and Technologies for Society and
Industry Leveraging a Better Tomorrow (RTSD. Turin, Italy,
2015 144-148

Chen Xu, Jiao Lei, Li Wen-Zhong, Fu Xiao-Ming. Efficient
multi-user computation offloading for mobile-edge cloud
computing. IEEE/ACM Transactions on Networking, 2016,
24(5): 2795-2808

Chen Wei-Wei, Wang Dong, Li Ke-Qin. Multi-user multi-
task computation offloading in green mobile edge cloud
computing. IEEE Transactions
2019, 12(5): 726-738

Liu Chu-Bo, Li Ken-Li, Liang Jie, Li Ke-Qin.

on Services Computing,
COOPER-
SCHED: A cooperative scheduling framework for mobile
edge computing with expected deadline guarantee. IEEE
Transactions on Parallel and Distributed Systems, 2019(Ear-
ly Access)
Tran T X, Pompili D. Joint task offloading and resource
allocation for multi-server mobile-edge computing networks.
IEEE Transactions on Vehicular Technology, 2019, 68(1):
856-868
Sundar S, Liang Ben. Offloading dependent tasks with
communication delay and deadline constraint//Proceedings of
the IEEE INFOCOM 2018-IEEE Conference on Computer
Communications. Honolulu, USA, 2018, 37-45
Mahmoodi S E, Uma R N, Subbalakshmi K P. Optimal joint
scheduling and cloud offloading for mobile applications. IEEE
Transactions on Cloud Computing, 2019, 7(2): 301-313
Guo Song-Tao, Xiao Bin, Yang Yuan-Yuan, Yang Yang.
Energy-efficient dynamic offloading and resource scheduling
in mobile cloud computing//Proceedings of the IEEE INFOCOM
2016-The 35th Annual IEEE International Conference on
Computer Communications. San Francisco, USA, 2016: 1-9
Zhang Wei-Wen, Wen Yong-Gang, Wu D O. Collaborative
task execution in mobile cloud computing under a stochastic
wireless channel. IEEE Transactions on Wireless Communi-
cations, 2015, 14(1): 81-93
Redmon J, Farhadi A. YOLO9000: Better, faster, stronger//
Proceedings of the 2017 IEEE Conference on Computer

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

Vision and Pattern Recognition. Honolulu, USA, 2017.
6517-6525

Al-Shuwaili A, Simeone O. Energy-efficient resource allocation
for mobile edge computing-based augmented reality applications.
IEEE Wireless Communications Letters, 2016, 6: 398-401
Ren Yi, Liu Fu-Qiang., Liu Zhi, et al. Power control in D2D-
based vehicular communication networks. IEEE Transactions
on Vehicular Technology, 2015, 64(12); 5547-5562

Araniti G, Campolo C, Condoluci M, et al. LTE for vehicular
networking: A survey. IEEE Communications Magazine,
2013, 51(5): 148-157

Cox C. An Introduction to LTE: LTE, LTE-Advanced,
SAE and 4G Mobile Communications. London, UK: John
Wiley and Sons, 2012

Bey T, Tewolde G. Evaluation of DSRC and LTE for V2X//
Proceedings of the 2019 IEEE 9th Annual Computing and
Communication Workshop and Conference ( CCWC).
Vegas, USA, 2019: 1032-1035

Shafi M, Molisch A F, Smith P J, et al.

Las

5G: A tutorial
overview of standards, trials, challenges, deployment, and
practice. IEEE Journal on Selected Areas in Communica-
tions, 2017, 35(6): 1201-1221

Tao Ming, Li Jia-Xing, Zhang Jie, et al. Vehicular data
cloud platform with 5G support: Architecture, services, and
challenges//Proceedings of the 2017 IEEE International

Conference on Computational Science and Engineering (CSE)

and TEEE International Conference on Embedded and
Ubiquitous Computing (EUC). Guangzhou, China, 2017.
32-37

Masini B, Bazzi A, Natalizio E. Radio access for future 5G
vehicular networks//Proceedings of the 2017 IEEE 86th
Vehicular Technology Conference ( VTC-Fall).
Canada, 2017. 1-7

Xiang Wei, Zheng Kan, Shen Xue-Min. 5G Mobile Commu-

Toronto,

nications. Switzerland: Springer, Cham, 2017
Molina-Masegosa R, Gozalvez J. LTE-V for sidelink 5G
V2X vehicular communications: A new 5G technology for
short-range vehicle-to-everything communications. IEEE
Vehicular Technology Magazine, 2017, 12(4) . 30-39

Hu Yu-Chao, Patel M, Sabella D, et al. Mobile edge computing ;
A key technology towards 5G. ETSI White Paper, 2015,
11(11) . 1-16

Olariu S, Eltoweissy M, Younis M. Towards autonomous
vehicular clouds. ICST Transactions on Mobile Communications
and Applications, 2011, 11(7-9). 1-11

Olariu S, Khalil I, Abuelela M. Taking VANET to the
clouds. International Journal of Pervasive Computing and
Communications, 2011, 7(1). 7-21

Zhang Qing-Yang, Wang Yi-Fan, Zhang Xing-Zhou, et al.
OpenVAS: An open vehicular data analytics platform for
CAVs//Proceedings of the 2018 IEEE 38th International
Conference on Distributed Computing Systems ( ICDCS).

Vienna, Austria, 2018; 1310-1320



54 FR A RN ST RS T AL 55 H BT LRk 981

[85] Li Yong-Bo, Chen Yu-Rong., Lan Tian, Venkataramani G.
MobiQoR: Pushing the envelope of mobile edge computing
via quality-of-result optimization//Proceedings of the 2017
IEEE 37th International Conference on Distributed Computing
Systems (ICDCS). Atlanta, USA, 2017 1261-1270

[86] Zhu Chao, Pastor G, Xiao Yu, et al. Fog following me:
Latency and quality balanced task allocation in vehicular fog
computing//Proceedings of the 2018 15th Annual IEEE
International Conference on Sensing, Communication, and
Networking (SECON). Hong Kong, China, 2018: 1-9

[87] Tijms H C. A First Course in Stochastic Models. New York,
USA: John Wiley and Sons, 2003

[88] Liu Yan-Chen, Lee M, Zheng Yan-Yan. Adaptive multi-
resource allocation for cloudlet-based mobile cloud computing
system. IEEE Transactions on Mobile Computing, 2016,
15(10): 2398-2410

[89] Ranadheera S, Maghsudi S, Hossain E. Mobile edge compu-
tation offloading using game theory and reinforcement
learning. arXiv preprint/1711. 09012, 2017

[90] Moura J, David H. Game theory for multi-access edge
computing: Survey, use cases, and future trends. IEEE
Communications Surveys & Tutorials, 2019, 21(1): 260-288

[91] Mao Hong-Zi, Alizadeh M, Menache I, Kandula S. Resource
management with deep reinforcement learning//Proceedings
of the 15th ACM Workshop on Hot Topics in Networks.
New York, USA, 2016 50-56

[92] Behrisch M, Bieker-Walz L, Erdmann J, Krajzewicz D.
SUMO — Simulation of Urban MObility; An overview//
Proceedings of the SIMUL 2011, the Third International
Conference on Advances in System Simulation. Barcelona,
Spain., 2011. 63-68

[93] Krajzewicz D, Erdmann J, Behrisch M, Bieker-Walz L.
Recent development and applications of SUMO-Simulation of
Urban Mobility. International Journal on Advances in Systems
and Measurements, 2012, 5(3&.4); 128-138

[94] Krajzewicz D, Hertkorn G, Rssel C, Wagner P. SUMO: An
open-source traffic simulation//Proceedings of the 4th Middle

East Symposium on Simulation and Modelling. Sharjah, United

LI Zhi-Yong, Ph. D., professor,
Ph. D. supervisor. His research interests
include intelligent optimization algorithms,
intelligent perception and learning, and

CPS model in embedded systems.

WANG Qi, M.S. candidate. His research interests
include mobile edge computing and deep reinforcement

learning.

Arab Emirates, 2002 183-187

[95] Wegener A, Piorkowski M, Raya M, et al. TraCl: An
interface for coupling road traffic and network simulators//
Proceedings of the 11th Communications and Networking
Simulation Symposium. New York, USA, 2008. 155-163

[96] Codeca L, Frank R, Engel T. Luxembourg SUMO traffic
(LuST) scenario: 24 hours of mobility for vehicular networking
research//Proceedings of the 2015 IEEE Vehicular Networking
Conference (VNC). Kyoto, Japan, 2015;: 1-8

[97] Sommer C, German R, Dressler F. Bidirectionally coupled
network and road traffic simulation for improved IVC
analysis. IEEE Transactions on Mobile Computing, 2011,
10(1) . 3-15

[98] Sommer C, Yao Zheng, German R, Dressler F. Simulating
the influence of IVC on road traffic using bidirectionally
coupled simulators//Proceedings of the TEEE INFOCOM
Workshops. Phoenix, USA, 2008. 1-6

[99] Varga A, Visual M, Omnet R, Method S. The OMNeT -+
discrete event simulation system//Proceedings of the European
Simulation Multiconference (ESM’2001).
Republic, 2001 319-324

Prague, Czech
[100] Hagenauer F, Dressler F, Sommer C. Poster: A simulator
for heterogeneous vehicular networks//Proceedings of the 2014
IEEE Vehicular Networking Conference (VNC). Paderborn,
Germany, 2014 185-186

[101] Wang Jin, Hu Jia, Min Ge- Yong, et al. Computation offloading
in multi-access edge computing using a deep sequential model
based on reinforcement learning. IEEE Communications
Magazine, 2019, 57(5) . 64-69

[102] Huang Liang, Bi Su-Zhi, Zhang Ying-Jun. Deep reinforcement
learning for online computation offloading in wireless powered
mobile-edge computing networks, IEEE Transactions on
Mobile Computing, 2019(Early Access)

[103] Mitibaa A, Harras K, Alnuweiri H. Friend or foe? Detecting
and isolating malicious nodes in mobile edge computing
platforms//Proceedings of the 2015 TEEE 7th International

Conference on Cloud Computing Technology and Science

(CloudCom). Vancouver, Canada, 2015; 42-49

CEHN Yi-Fan, Ph. D. candidate. Her research interests
include mobile edge computing and game theory.

XIE Guo-Qi, Ph. D. , associate professor. His research
interests include embedded and cyber-physical systems,
parallel and distributed systems, and safety-critical systems.

LI Ren-Fa, Ph. D., professor, Ph. D. supervisor. His
research interests include computer architectures, embedded
computing systems, cyber-physical systems, and Internet of

Things.



982 it "

Hl

5

i 2021 4F

Background

This work is supported by the National Key Research and
Development Program of China (No. 2018 YFB1308604) , the
National Natural Science Foundation of China (Nos. 61976086,
61672215, 61702172).,
Science Foundation Youth Science Foundation (No. 2018]J3076).

and the Hunan Provincial Natural
Currently, the emergence of computation-intensive and delay-
sensitive on-board applications makes it quite a challenge for
vehicles to be able to provide high level of computation capacity
and performance. Resource-constrained vehicles can limit these
applications and make it difficult to guarantee the quality of
service required. Traditional cloud computing is an option,
but remote cloud has a large transmission delay. While mobile
edge computing focuses on transferring computing resources
to the edge of the network, providing high-performance,
low-latency services for mobile devices, it can be possible to
deal with computation-intensive and delay-sensitive tasks.
Vehicular edge computing (VEC) is a new paradigm that has
received much attention recently, as it can extend the compu-
tation capability to vehicular network edge. With the advent
of VEC, edge devices such as RSU, MEC server and vehicles

can provide high quality service for vehicle applications. At

present, some researches have summarized task offloading of
mobile edge computing, but have not studied the detailed
analysis of task offloading in vehicular edge computing.

This paper summarizes the previous related studies on
vehicular edge computing task offloading. Specifically. from
the existing research, the system model of VEC is introduced
in detail from three aspects: computing model, task model
and communication model. Then some optimization objectives
in VEC, such as minimizing offload delay, minimizing energy
consumption and application quality of results, are summarized.
Subsequently, the existing researches are discussed in detail
from the perspectives of centralized decision-making and
distributed decision-making of computing task unloading, and
have been classified from the aspects of computing resources,
optimization objectives, offloading types, task dependencies,
vehicle mobility and decision-making methods. In addition,
several simulation tools for computing offloading in VEC are
introduced, which is convenient for researchers to use a more
realistic simulation environment for research. Finally, some
problems faced by VEC computing offloading are proposed,

and possible developing trends are discussed.





