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Defined Network, SDN) )76 AAL4#H B 4B 1H 5
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ANV B TR ST B BEML A A1, S T JELk i (s
IRER AN PR B A 1
2.1 ESEFER

AR AR B RAT S RS, B
Ry, EXAEFHBAE: o ={da  |uel,
s € SYRRWUAV we G HH IR Ss LIAT, H
1S ={b}UR={0,1,|R|}. AXH%HERN “0”
IRk 25 25 48 AUBS be HVs € S,3al, , = 0, FoR
UAV wfEthf ZE R KA BAT I EAT S, BIA
BEATAE S E# . MR, Mo, =18, £RUAV
ulERAL S HARBIRSUSBS AT, Sbi, Wi
s=0, WAESBEEHBIBS EIAT: &s>0, NIE
F R FIRSU LIAT. £ TFTUAVIHEZR
FRe BALMERE I BB, A SR e 18 &A1) B
tW, UAVALREESZ A s M SHAT 55 o
2.2 BiEER

BT SEPRE S R T fe A 2 oL, W
N LA 4 2 18] () B 32 v AL 42 AL BE (Line of
Sight, LoS)# Fatg U #4155 5okl &
. 79544 (Non Line of Sight, NLoS) %42
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Fup = 1+ aexp (=b(0 — a)) (1)

Hd, oMb AR EBHIELSE . 0=arctan-
(H/ %, — pb||) TR UAVLE R ZE LA AR 55 1 f 40
i, HEBEHMUAVEA S . Fik, UAV
Sz alfEiE R s R (2) A

¢ _ T (EZ,U +¢(1- EZ,U))

(e -l
He, 7o S EEEL m F{EER S, ¢NWNLoS
STHERERA T ARt E, EN ek AT

5 NEFoE BB UAV u, (E5IEHMEER,  TIE
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(2)

ht Pt
R., ., = B} ,log, <1 + uv2uv> 3)
7 7 Uu,'u
H L By, Bor P, 00, SPARONERRIAL A
MUAV w2 [AEEH 9% [EE . S
FUMEFE T2 . AR, AL S5 AL i IERom
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T’i,’v = R,Z v (4)
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FERRHL. BRI, CHZ AR IR R N
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R, = o (1 22e) g
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R, UAVEAT S E1EEIRSURI AL iy 12y
D,

T’l,tb,'r‘ = Rt (7)
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T Z AR R LR RN
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R0 P
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D,
R,
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BEUAV wfER B I CPUTHSEAR £, I
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Th= (1)
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H, k> 0RRREFEREL, EfIAR TUAVIETH
HAEd, HAEESCPUMHEMNRZ [0 4 E R R
2.3.2 UAV HEIFER

TEARSCIER R, HREEIRSUMBSITHH g
TR R S T R ARBELRMUAV. A,
R MRSUBEBSIR [A1 25 U AV 11+ 545 B 1 B &
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S5, MUAVIREICEAE T EAL SR, K
SAIIX LT 55 F F A HL T RS U B BSBEAT AL HE
T BN R, AR L3N Hh R 2548 1
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JggzifseRu{@ (13)
TEUAVHATIESS I, © 75 E B 45 (Hover) UL
WCEHE  PAT A T SR Bl 3T 55 BIRSUAIBS 22,
BRI, B KB AR S AT RS, B
FIUAV AL S ARSI 8]« AR Hb v 5 B 8] B85 ) 4%
R 55 FF e 2R [0l 25 SR 1] o S s /S BT I [
TINN
|R|
Tqi,H = Té,v_‘_ 1- Z az,s Tqi,L—i—az,T(Tii,r + T;‘S,G)
s=0

+ az,o(Tﬁ,o + Tg,G)v reR (14)
BEAERSHRERE 5 B m A sl b2, |

E,y=v,T, (15)
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Hordrpt HUAVAIER B &FFE € fe E W FEE. UL
Ab, FEUAV DATE 3 B i I e P’ AT it A2 9,
SyHFEHERERE R, BRI RATRERE. X—RefEE T 5K
ITIHEE. WATHEE. UAVEE ATAMEAERE
FHIRE2, T RfRIE, HERIR R
o A (16)

Heh, w2 5UAVEEMCHEFEREL o ZUAV
ufELE % B CAT
2.4 FRBpEE

2 e B R S PE AR SRR M, fEMUAV
AT SRS R, AT RE B R B
iy, APREEEE F e ERI R, R AR FF
TEUAVHIA RGBS OB N . XA AE 76 B @ 5
TESCHULUAVIH G, RN X R,
RER N
StTt 4+

2
vt u,v (l.zlfj, - xf})

< (17)

Horbr, 6L MR ofERTRERIATBEEE . N T IR G
TR ELATE M B AT 4, ARG SCHR[25]
M e, BIAESRIRNE OL T (2407 2240 58 R i 52
SEAAF L), A T AT 2R 1] ) dR /0 B ) i
AT =M E R L AR S, . Kk, 7TEHES
E TR A A R VT )

bty = B4 = So+abat+ ((8)" = (64)*) /28 (18)

Horb, ACRAESE BN E] o pty, 68 A6y, 73 R
A2 . AT B AN Sh B Ao B2 . A5
WA 3 ER 2. So Rom 2kt 22 4= A Fit, £

HIMEAE R I I 0 T, P4 Z IR RE PR 7 — 8 ) 22 42

PR SE28B 00 oL At B TR Bk 53 1K SR IR [A]
W, JE 2 DU ETE FESEAT B EE 555 58 33 4 U
THE 7 N T 51 T 46 1 30 31 2240 58 4 4% 1B I 75 1
FEES,
2.5 UAVEEEERR

FE th 282 AT BT (1] 7 PR il 2 (2. 3 R e U AV (14T 55
HEYERE . E NPT S, EHECORBMNH T
TN AT 55 E14 h, UAVIE s U8
LR BRI R LR R . SR, TESERRI R
T ERAIFESER R, T HSIMNER i
TR RG] F, SebREE R 5] N H AR
AT FE A R R (T K BHREAXUBE ), 1E AR 78 T BE L
HoRpeEWUR AR S AT M. HRPE30HR[10,20,21],
ASCAE BT AN RE EWCER IS AR, S HH RN
—RINESFEMREREE, JHRREREAERENE
BRI 255 ik MR ST B[R 530 Af o AR ef RN FE I B
IR 2IAUAVINRE R . HAkH

Oge’;get

max

Hr, el Ros UAVAER B REVS AR ) i KR H

B, BRUAV off iR R e e, H
AE B TS B AME ST AT IR 21 0. BARR
Y, BRI ER RE R U AT LAERIA

te{1,2,,T} (19)

n Erlllix
E,= =5 (20)

Sorh, B, #R UAVIESE 4 78 HURA T 10 A
. fERHBE, UAV wl) RGRERERBI A AR, A
Mo SLRERE EL . R SREREEL . DL AT RE
Blp. Wi, RGAFNFZERN

[R|
E, = (1 - Z ai,s) Eth,L + EZH + EZ,F (21)
s=0

AN, N THIRUAVEIBE S AT RFZEME, K
JAREFER I 2 LA

T
=Y E{E -} <E, (22
t=1

2.6 @A

ST LRSI, LA B 7ERT B R S A
BENAETL, = 3 Thy. %RREIEL (N
AP, B OE A BB RIS R A, AR SR
STEVERS of = {al, , |ue U,s e SRASIHH IR
SR FL = {f! | ue Uy ITBA R, SRR
Gi I FHINTE . (R BT B A
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2 %

AT %

P1: mlnt —ZE{ be

s.t. Cl: 0<e < et

u — max

02:?§E{Ei—ei}§Eu
C3:Zausgl7ause{0,1}

U IR (23)
(i) e
s=0

C5: 51t)T1i v (IZ - xf})Q < ¢
C6 : [Pl — P || = So + 6, At

+((3)° - (69)°) /260
C7:VYu,vle V,Vu € U,Vs € S,
vt € {1,2,-,T}

XH, ZRCIRRHEHE AR L
B KA LR C2%F B A RE IR W #E L, Eﬁﬁ
UAVAEAT AT 55 1 2 v e 4% 78 T € 1) EFE PR 1]
18175 ARC3H IR MESE— NI R BN &2
HAg 3 — MRS & QARCLAERPUAVIHAT A
HTH RS BV AR R THE SR A R e KT T
AR, DURIEAE S REWS £ UA VA ILAG 34 2k
Hy ZPRCORRIEALF AL AR T, ERWIRL RS
ITWAUVAVHEGEE N ARCRY G & 50
Ze 22 [P FR SS TRN B AN BE /N T4 58 1) 22 42 TR) B
2.7 BT ZHEEIERKALAT 0] AR

M U R AU A% O AE TR 2R T 1
KREEBOTAG Rgitaett, i s M R
# (Lyapunov Drift)5 4 G871 T IR, 7E£%
b R G ieE VER A Rt R REP . o, 2R
MV A A i A 28 8 () I Bt A 2R 1 % bR B
M E, EEE T RGUIRA BN A KA1 5
PEREIE DI O0E 5 RGVERE HARAHC I R3St
THHRGURES SEAERIRS 2 MM ZEE . 28
W RE B K KRR VE LD IR AL B AN I B AR TR AT
Al . DRI, AR5 SR F 2R T v R A0 B8 SR i
A RE B AR E TR IR C2, K A8 v 3B ol
(EPERANIRR o) IR E ML R . Bk, NEAUAV
BINAG 2 5 R R S RE B A S {Y,, (6)}_, X LERA
TR R R R A B, RBHHUAVsH A&
R VIgans, FrABAsIBsoE N E, BY, (1) =0,
BE ST M LU KON T S8,  DUAOR RAREE BN
i B R TR

Yot +1)=

max {Y,(t) + E., — ¢!, — E,,0}  (24)

N T BT ERIX LRI IR E T, A SCE L
QIREME R RELL (Z(t)), ZREE AR
5 Z (¢) K2R3, BERS Ik R Gt S A e RS
W [, SIAHEE RSB R EAL (Z (1),
EATE T AE NI B A A R R B AR
RV R YRR E AR I S BE TR B

D=1y v
u=1

AL(Z(1)) = E{L(Z(t + 1)) — L(Z(1)) | Z(t)} -

g T 1 SRS 5 P 0 R M R G55
SEIR, RSO A AN B P A4 R R
EVRIRAG G o LR AR R MRS I
TTERAA (Z(1)) R FH IR FW . LR T %
e 5 RS (B R SR LA ), IR e )
NAE A VIR T 2 S5 PRI TE (T, i R
HETREVR LB H, TEF SR
YR PERIT 56 JEIR 2 L R OB . ELU oK
B, VIR, REHMEI T E %R

PRSI E s IR
U

)+ VY E{T | Z(t)} (26)

u=1

NTHEFA(Z(t)) MBS, BRI EP1E R
SRR B A, A deil i NG A B A 3
Yot +1)% <Y, (t)2 +2Y,(t) (Bl —el, — E,)

+ (B, — ¢, — B,)° (27)

HIR, dx L EI’JU/\B}\@J%‘WFH (EE SN

1 U
§ZYut+1 —fZY

u=1

A(Z(t)) = AL(Z(t)

1 U — N2
giz::l(Et—et—Eu)
—i—ZY L e —E,) (28)

K, uiidt RN S I [E U,
“h53X(26), TUH?U

AL <I+ZY t el — B, | Z(t)]
(29)
Hop, WHIRER T 5FIRETRIIL, "TRRN

w
1 U
5 E |-~ 5]
:1 ,
§Zlilzvmax

u=1

(B)”+ ()] 21 (30)
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R, B (27) FIE A INAE T Fk R
U

1+ > {Vu(OE [EL — ¢!, — B\ | Z(t)]
u=1

+V-E [T | Z(1)]} (31)

X — B RIA R T XAk R G AT 5T
W —AN B EF, WoNE SCHE— SR BAT S5
HIECORIS SR T4 T @ RGP 11
— R4 LM P2, A SCRENS K B
BB ELIF R R A, M T SEEI BE 47 1) 22 G 14 e AN B R
I 2%

P2: min V- T, +Y,(t) E},
ot ff (32)
s.t. C1,03,C4,C5,06,C7

3 ETHi# Actor-CriticKIiTH EHE S HiR

MIEE

WS, W RLR I A P22 — AN R
0. B € P 2 10U (8] (Nondeterministic
Polynomial-hard, NP-hard ) i ft) 76 A 5 200 Ll
(Mixed Integer Programming, MIP) i@, B3k
AR TT R —BOR EAES . STk
FETHDO I 2 e @, 0 G A 75 S TG ) 32 P {5
FHF-FFEEIT T A, AT HE DAR 3 f 0 Bl i dpe A1 1
HEGR T, ST, ARSCHR BT B Actor-Critic
SRS I HRTACA, B AE e X Lo Hk AR I SE LS
ARE MAEL T H .
3.1 MDP#%#®

SEEARSCHIRT S, AT B AR [ P 2%
A=A B IR Kk 5 g 72 (Markov Decision Pro-
cess, MDP), LA BT A R0 A0 Ak 90 2% v i)~ 2 Ik
ST ARGyl — RIS R, BN E]
A, RGRYE UECIRAS AT IR, FEAH S
THEAE S5 [ B2 BT Sy Bic . FEMDPRIHEZE T,
RA SHPERZ IR E LT

RES,: LR, RGEIRES, ATk T 4
BOAGH M B RS B . RS FEAAE I R
RS B RN DY, VAT S T RS 1 CP U A 914
CL, EEMERER, , LREMREEISIY, ().
BRI, RETTLUE NS, = {81, S5+, Sy}, Hrp
S’Z = {thu Citu hfm» hZ,OaYu (t)} °

BIfE A SNERERIA, BF T UAVAELH B
THEAL S AT A v RediE . X LEBE = EAFEUAV
XRS5 (R E B FE oE, BA R UAVE SRR
RO BRI, of , = 1N RRESHUAVE
BERS S sitH. BY . ab, = OURFIS
FEAMUAV wit®. fL3RoR UAVAES 7 BCICPU

i, L, BRI SER AT LR R N A, =
{al, '} ={al, JuecUseStU{fi|uecU},

LI Ry A B2 eI U8 RN EE W, JEiG R
1 B RE  — R 5 B, B /MU ZE
SReREA G BREUE . BRI, ASCHR 22 5h R HoE
NERALEbRHEE, IR, = —{V - Tt +Y,(t)- EL}.
3.2 IACAE X

N T g EIRRSE IR R, ASCHI R T PR
M2 (Deep Neural Networks, DNNs), R
7 (Actor) FIPFRZK (Critic), EATRIZE5 75 H
OFwRR. ER2FRANIACAFZEEME . ik,
Actor W Z8 HE4E 4 H IR BDIRES S, ok AR 1 0 285 S s
moo FARKUL, THROGRES AE NN, )55
A FO~ 1L { G s
AT T EIF R AN E AR A e . BEJS
XA E 2 B e . 25, Critic
W 2 471 T 1T Al Actor W28 B A2 B SIE I B & . B
MR 4 AT BRAS S, M &AL 5 31 A R B2 i)
Ry IEAME . X T Actor M Critic ¥ PEA iR W R .

01 Actor: EAMRE RGIRESHE S AAK
AT RV EE R AR R &t fre %M
28 BB T s A AU E B R, RIS A Y
RO RO R & 2 B E R R 40, Ma M
LR RSB ATATIESL R EL . ActorZ8 K T ReLU
VEN B2 S B . ReLU ek 4508 I 187 52 (1) R 4E
Mz = max{v, 0} 2KE AT . 2, N
T O RS S EAEAE (0,1) ITE Bl N, ARSCH
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Abstract:

Objective In response to the rapid growth of mobile users and the limited distribution of ground
infrastructure, this research addresses the challenges faced by vehicular networks. It emphasizes the need for
efficient computation offloading and resource optimization, highlighting the role of Unmanned Aerial Vehicles
(UAVs), RoadSide Units (RSUs), and Base Stations (BSs) in enhancing overall system performance.

Methods This paper presents an innovative research methodology that proposes an energy harvesting-assisted
air-ground cooperative computation offloading architecture. This architecture integrates UAVs, RSUs, and BSs
to effectively manage the dynamic task queues generated by vehicles. By incorporating Energy Harvesting (EH)
technology, UAVs can capture and convert ambient renewable energy, ensuring a continuous power supply and
stable computing capabilities. To address the challenges associated with time-varying channel conditions and
high mobility of nodes, a Mixed Integer Programming (MIP) problem is formulated. An iterative process is
used to adjust offloading decisions and computing resource allocations at low cost, aiming to optimize overall
system performance. The approach is outlined as follows:

Firstly, an innovative framework for energy harvesting-assisted air-ground cooperative computation
offloading is introduced. This framework enables the collaborative management of dynamic task queues
generated by vehicles through the integration of UAVs, RSUs, and BSs. The inclusion of EH technology ensures
that UAVs maintain a continuous power supply and stable computing capabilities, addressing limitations due
to finite energy resources.

Secondly, to address system complexities—such as time-varying channel conditions, high node mobility, and
dynamic task arrivals—an MIP problem is formulated. The objective is to optimize system performance by
determining effective joint offloading decisions and resource allocation strategies, minimizing global service
delays while meeting various dynamic and long-term energy constraints.

Thirdly, an Improved Actor-Critic Algorithm (IACA), based on reinforcement learning principles, is
introduced to solve the formulated MIP problem. This algorithm utilizes Lyapunov optimization to decompose
the problem into frame-level deterministic optimizations, thereby enhancing its manageability. Additionally, a
genetic algorithm is employed to compute target Q-values, which guides the reinforcement learning process and
enhances both solution efficiency and global optimality. The TACA algorithm is implemented to iteratively
refine offloading decisions and resource allocations, striving for optimized system performance.

Through the integration of these research methodologies, this paper makes significant contributions to the

field of air-ground cooperative computation offloading by providing a novel framework and algorithm designed
to address the challenges posed by limited energy resources, fluctuating channel conditions, and high node
mobility.
Results and Discussions The effectiveness and efficiency of the proposed framework and algorithm are
evaluated through extensive simulations. The results illustrate the capability of the proposed approach to
achieve dynamic and efficient offloading and resource optimization within vehicular networks. The performance
of the TACA algorithm is illustrated, emphasizing its efficient convergence. Over the course of 4 000 training
episodes, the agent continuously interacted with the environment, refining its decision-making strategy and
updating network parameters. As shown, the loss function values for both the Actor and Critic networks
progressively decreased, indicating improvements in their ability to model the real-world environment.
Meanwhile, a rising trend in reward values is observed as training episodes increase, ultimately stabilizing,
which signifies that the agent has discovered a more effective decision-making strategy.

The average system delay and energy consumption relative to time slots are presented. As the number of
slots increases, the average delay decreases for all algorithms except for RA, which remains the highest due to
random offloading. RLA2C demonstrates superior performance over RLASD due to its advantage function.
TACA, trained repeatedly in dynamic environments, achieves an average service delay that closely approximates
CPLEX’s optimal performance. Additionally, it significantly reduces average energy consumption by minimizing
Lyapunov drift and penalties, outperforming both RA and RLASD.

The impact of task input data size on system performance is examined. As the data size increases from
750 kbit to 1 000 kbit, both average delay and energy consumption rise. The TACA algorithm, with its effective
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interaction with the environment and enhanced genetic algorithm, consistently produces near-optimal solutions,
demonstrating strong performance in both energy efficiency and delay management. In contrast, the
performance gap between RLASD and RLA2C widens compared to CPLEX due to unstable training
environments for larger tasks. RA leads to significant fluctuations in average delay and energy consumption.
The effect of the Lyapunov parameter V on average delay and energy consumption at 7=200 is illustrated.
With V, performance can be finely tuned; as V increases, average delay decreases while energy consumption
rises, eventually stabilizing. The IACA algorithm, with its enhanced Q-values, effectively optimizes both delay
and energy. Furthermore, the impact of UAV energy thresholds and counts on average system delay is
demonstrated. IACA avoids local optima and adapts effectively to thresholds, outperforming RLA2C, RLASD,
and RA. An increase in the number of UAVs initially reduces delay; however, an excess can lead to increased
delay due to limited computing power.
Conclusions The proposed EH-assisted collaborative air-ground computing offloading framework and TACA
algorithm significantly improve the performance of vehicular networks by optimizing offloading decisions and
resource allocations. Simulation results validate the effectiveness of the proposed methodology in reducing
average delay, enhancing energy efficiency, and increasing system throughput. Future research could focus on
integrating more advanced energy harvesting technologies and further refining the proposed algorithm to better
address the complexities associated with large-scale vehicular networks. (While specific figures or tables are not
referenced in this summary due to format constraints, the simulations conducted within the paper provide
comprehensive quantitative results to support the findings discussed.)
Key words: Air-ground integrated vehicle networking; Energy Harvesting (EH); Computational offloading;

Reinforcement learning; Genetic algorithms
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