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Abstract

For the Internet of vehicles (Io0V) communication system, for the sake of improving the transmis-
sion performance, a multi-relay and multi-antenna cooperative vehicular network (CVN) model
was established, and an outage probability (OP) prediction algorithm based on generalized re-
gression neural network (GRNN) was designed. The communication links follow the cascaded
Nakagmi-m distribution, the relays use hybrid decode-amplify farward (HDAF) protocol, and the
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destination uses equal gain combining. For MIMO system, the antenna selection scheme is pro-
posed and the OP expression is derived. Then the data set to predict the OP is constructed, and
the GRNN model is established. Experimental results show that the channel cascade, HDAF pro-
tocol and equal gain combination can improve the interrupt performance, and GRNN can effec-
tively predict the OP.
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1. 5|18

LB (Internet of Vehicle, loV)#& 5G fiR EE N5tz —, CEBUNE BEATE RS0 H 2 4H i
EHor[1]. BT loV BEEENASBENLER 248, @55 AL T SEM IR ER[2]. N T Z XLk
DRI 287 R B 2 e IR =y PTSE 1, AR FiPE tHAE Tov rhgl A4k, SRSCILPMEFEHI[3]. T B2 (Outage
Probability, OP)#g % 3 Wr Jo 2 55 b6 A& it &, U R BR %5 2500 i ATl OP H4 Be e SR+ R &tk
HE -

FR Ak B4 T RD B e B 45 8 AR T S SR B ZE B (Cooperative Vehicular Network, CVN) & Gifk
Stk RE RPN E B S [4] [5] [6] [7]. SCHA[41WFF T Nakgami-m {5iE F, RAFLH & (Decode Forward,
DF) H4kiER loV 15 R4, FHHEFH OP MMAAERIEN. KERS|E T 5t, RAX Nakagami
RERAGTERY, 455 UK K (Amplify Forward, AF)HMY, WFF T CVN REGHT OP 1Ak, SCHR[6]F HI#%
o135 Mg LE i) 2R 434 B8 £ (Cumulative Distribution Function, CDF), 77 7 N-Nakagami {518 ~ B8 %18
B RGVERE  AEULIERE |, SCHR[717E H 83 K H 1% 3 & H (Selection Combing, SC)J7%, i — 15 %] CVN
{5 R4t I N-Nakagami ] OP F£iA5, 45 RR WIS 8T UL JIBH £ N A6 (5B AL NS I S 5t .
R REAGTE R AR ZERT, BRI A5 B R RE IS, A 245G AF 55 DF IR Bk s, 7EA RIS
ng: LE N F VR A RS UK 4 K (Hybrid Decode-Amplify Forward, HDAF) WY . B4k, DL SCHERAE HR IS0t X6t
5T M Ab R B ik 5 FF (Selection Combing, SC), Nt — PHETHEHERE, A /RSN M AT
(Equal Gain Combining, EGC)¥ AR BH1T1E 5 HIHZ IR

2 4 N\ £ i i (Multiple Input Multiple Output, MIMO)E A B F T rp 4k R 40 b th g 32 i RS0 1)
FERATSEVE[3]. {2 MIMO HoR MG T RS AEF 2 28 FE AN OP A HEF I NAMERE . EExF b T, SR
[8]8F7T T 2-Nakagami FEV&fFiEH MIMO ZBMN RGHIHWriERe, JFHEH T A= TR RE&IR#EE
(Antenna Selection, AS) /7 5. SLHG 25 F 3% B 5 H g N\ 4 H (Simple Input Simple Output, SISO)ZEHL M R4t
L, MIMO WIS ANBER IR m RGP Witk RE . REDRAR A . SRR L T 5 A (SIE T,
DF WMEZEBM RGEHA R 5= NI AS 7% (B2 DL EWHE %A X HDAF VE 75 Kb A7 904, HoRXT
OP AT T

H TR % % 2] (Deep Learning, DL)K 3 % ) (158 7] © & i Ihizg FTE ToV #5c . DL el M 2 1 5
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P, FKF

GEEE PR HURFAE, AN TEAT TN 4328 o SCHR[ 101 FH <2 b A B 350 AT L f e e, 32 7 — MR A
I X BT 428 X 2% (Generalized Regression Neural Network, GRNN)T %y H 28 4% 55 B A 7 i) N\ L8 e 44
15, IEKBZTTES AR R 4 M 45 (Back Propagation Neural Network, BPNN)F142 ] 3 bF % % 4% (Radial
Basis Function Network, RBF)#& M43 4T 1 L, 30UE T Z T 1ERIA R . SCHR[1 17T T B NS5t
N, IR DL AR, SEELERGRE S ) OP P RE TN .

HF LA EBFF 4T, A SCX N-Nakagami-m F% (518 T 192 4% MIMO PIME 22186 W@ 45 BEAT 0T 7L,
FEH T T GRNN R W R Fomi 8 . HR 4k HDAF $ME, #llimiz H EGC #7556, T
P2 EME LB RS, Bt AS 7%, FEHER PRk . TR PERE B AR AR, AT OP
IEAR AR, TS GRNN F5EAL . SEEG 25 R IR, (518 K TE e AR 15 18 () BE AL , HDAF $30F EGC
FiRAS BRI T Wi PERE: RGH WM LM B EIE A &5 HFH GR #HA MRS OP
IR SR
2. RGHRE

WE 1R, BE-DNZHEZRE CVNBE RS, B8 —DNREEMS, n NMHREMR,,
ke{l, 2, n} B—MEWHFEH D, SBLE (KL, le{l,-,N}: DREjMRL, je{l,- N }: Pk

YRR AR KL . T 0 A TR ARA, % S-D IS 25IE 1k, S-R A1 R-D HOBEBEAIN
WA G, R G, F

Figure 1. Multi-antenna and multi-relay cooperative vehicle networking system
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N 2R EL,  a, %7~ Nakagami-m F{SIE MR, HAE 2% BE 2R 45 (Probability Density Function, PDF)A4:

2m" L m 2]
r exp| ——r 1
Q"T(m) p( Q M

fuolr)=

DOI: 10.12677/hjwc.2023.131001 3 ToLimAE


https://doi.org/10.12677/hjwc.2023.131001

’ E’l& q_’:‘

2
{2 >1 RN V% Z 3 - N-Nakagami

£ -2)] 2

4,(7)

ATr(m)

Hrr, T(a)=[Te e, Q= [[af [#RFEIIE, m=

FVRIGTE N EUERELL ¥ 19 PDF [12]4:

£, (r)= )

i my ey

N
o, 4 (y)=GY |:%Hm } , G |:x |g;;jj_';;;] N Meijer’s-G B, #i4l Meijer’s-G Hi# KL,

MRQBATER M EH, 7532y 1 CDF FiL:

3. RGttRE 1R

RGLAIEREIL I A B, RSN S 235l D 5 R KA RMES, D 5 R UG
B VAR

F (7,)237—(7) 3)

I

E*%UFGE{%ﬁ%

i=1

2

=K1h

Yt 7 4)

sdj;
2 —_—
o | 7 6))

Hrpy = PINy NRGCFEMEWRLE, P ARG EINF, K NRBEDE R, N, R mil B RTh %,
RHE Q)M 3) TG EEREH IR EL 7, B PDF Al CDF 735009

Vme = KGW h

S )= = ©)

B
F, (7)=5"" @)

[FEE ] 15 y,, () PDF F1 CDF A:

A
£ ()=t P) ®)

ygl"(mi)

B
£, (r)=el?) )

gr(m,.)

FEEE IR e, ARIEIZWAEWREL y, EFERAC PR R, » R, AR FRNAE 1 LU AN B {5 1k 2 15 ] DF/AF

DOI: 10.12677/hjwc.2023.131001 4 Joekidfs


https://doi.org/10.12677/hjwc.2023.131001

P, FKF

PRI . Bt A T
Vo =max (7, ) 10)

HI ARG RO T MR 7, < T HIBEFA:

Pily, <T]=Pr[max(r,, ) <7 |=TTPilr, <1]=[F, (7] - 75@11l- (1n)
- l:llr(mi)

3.1. DF WUt BE 4R

By, >T W, R AEH DF P BURRSENCEI KI5 5 R % D 3. /£ D ¥, KM EGC £HAR, XkA
ELEBER A PME R (5 5 AT B IF, 152050 A5 e L R 5

7’5? =}/sd1/- +7rdj (12)
2
Sty 7 = (1=K )y [ 7 -
HAORML, WGy, HI CDF A:
1
F,(7)=+ B, (7) (13)
[1T(m;)

H1(12) 7] %1 DF BME F{E ML CDF Rk
4, (9B, (r=x)

FVBF (7/) = J‘onyd (X)F’d (7—x)dx = .l‘oy Nyq Nyg (14)
xl:llr(mi)l:llr(mi)
3.2. AF (1 REST 4T
Ay, <T W, R AL AF BB KR EINE S . 2R 1
po— KUEKIGOT gy, b g s,
1+(1-K)G,, |h,[ 7 +KG,, |n,[ 7
aF YonYra, .
Ya, =Vsay ¥ 7 7; o Vay + mm(mk 3V ra, ) (15)
W AF $p3CT D S5 L) CDF Jy:
FyﬁF (y):-[(jfs‘i (X)I:F%r (y_x)—'_Fm (7_x)_Fyxr (7_x)Fm (y—x)}dx
_ J.y 4, (x) y B]C (r—x) . B, (r-x) B, (y—x) y B, (r-x) i (16)

Oxﬁr(mi) [irem) ﬁr(m,.) f;[r(m,.) ﬁr(mi)

3.3. AS FR TR 46E
AT AR E B Eb K, R MIMO RZIEFFIAR[S], AS FRIIERSMEEL A :
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Py = Pr[ max (7, )< m} =TI P <7 = (e[ <7 ) (18)
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Pr(y,>T) Pr(y, <T) (19)
=Pr(yp" <7,)Pr(r, >T)+Pr(rs" <7, )Pr(r, <7T)

=F, (;/th){l—[Fm (T)]"}+FHA)F (ra)[ 5, (T)]

;E\EP’ }7&'0{ :K77’ 7_sr KGsry ’ yrd (1 K)Grd7°
F(11) K(13). KA6)MANRNAX(18), BIF[7F3] AS J7E K] OP Kk

po _J‘ Am(x)Bm(7_x) dex|1- Bn,-(y)

out Ny,

AT @)Iire) || Tirem)

i=1

=Pr(y, >T)x +Pr(y, <T)x

() (B =) B, (x) B (o) B () g, B ()

AI1r(m) Hirm) f"irw» [rn) Tire) || |Tire)

i=1 i=1 i=1 i=1

_ Yo N
m; X Gll,vz\’/lu o H
_ Vo my ey Y my ey 0 dex|1- 1 ><GN,l [}/xr ﬁm
0 N 1N+ [ 177

xﬁf(mi)ﬁr(mi) [ir(m)

yo
G(;\,[I’\? %Hmz
v

i=1

- N
N1 | Vg =X
GI,N+1 — H m,
—— Y
0 Nya Ny Nya

x[ [T (m,) ’I_,(mi) [1r(m)

i-1 i=1 i=1

DOI: 10.12677/hjwc.2023.131001 6 ToLimAE


https://doi.org/10.12677/hjwc.2023.131001

W, KF

4. RGP T4 REE BTN
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Figure 2. Generalized regression neural networkstructure
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Figure 3. Outage performance of the AS scheme
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Figure 4. Outage probability under different fading coef-
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