W52k W7 moR E T Ok R Rk Vol. 52 No.7
2020471 JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY Jul. 2020

T RIS S R LA s R e A R

BATE, A, TRAE

(LRI BB 3 7 3 BT S 3 (LR RS ) L BP R 2500615 2. IR R 24 HLBK TR~ , 5 I 250061 )

W OB BRAKNHNERBEASEREMERLANXERA MREAREAELRA. AT, AL LN EIHA TR
BLEERERMEL A FAERNBBARNAE DR A, EENM T EWE M AN P HEE, RAERNH
BEHEAHTT R THAUG LML ERNEREANNER, HA AN ETENER TREARELRGEETH, R
HAETHERSHRE ETRERMNBAEURETHEENNREZAN T BRBAKT &, F R K RN
HEEWAT. RE AN AHSEEAEIB T HEAEN S S &M A, R BT ET I B0 E % (BOA) By X Frm &
HLOSVM) sk AL & Ja , BT4R B By 45 AL NGSIM #0345 & EFFAT I, 2 bk B %k W . 2 5L 89 BOA Gaussian—SVM ## A B 77 4%
B AT A, MR AT AR BEH R TR E| 92.97% , B T LA T E FAMEA. B A Aisim F & 347
THAEELE, s Rt —FIEHA T BOA Gaussian—-SVM R KRR A5 R MEA T —F N AE B RAHHE
BARGFRF.

KW AR, H R R I m EAL(SYM) 5 JUrHHT 46 L 5 3% (BOA) s SR AER B

hESES . U491.2 SCERPRERAD: A XEHES: 0367-6234(2020)07-0111-11

Vehicle lane-changing decision model based on decision
mechanism and support vector machine

GU Xinping'*, HAN Yunpeng'?, YU Junfu'?

(1.Key Laboratory of High Efficiency and Clean Mechanical Manufacture ( Shandong University) , Ministry of Education,
Jinan 250061, China; 2. School of Mechanical Engineering, Shandong University, Jinan 250061, China)

Abstract; This paper first analyzes the influencing factors of free lane change of autonomous driving vehicle, and
uses the traditional mathematical model to establish a vehicle lane change rule model based on the benefits, safety
and necessity of lane change. Second, in view of the different factors considered in lane changing decision-making
under different driving conditions, this paper proposes to extract decision variables from three aspects: physics—
based features, interaction-aware features and road-structure-based features, and designs a feature extraction
algorithm to make the factors considered in lane changing model decision-making more comprehensive. Then, for
the multi-parameter and non-linearity problems existing in the decision-making process of autonomous lane change,
a support vector machine (SVM) decision-making model based on Bayesian optimization algorithm ( BOA) is
proposed. Finally, the proposed model is verified on the NGSIM data set. The comparison test shows that the
established BOA Gaussian-SVM model has a high comprehensive prediction performance, and the recognition rate
of channel change behavior can reach 92.97% , which is better than other models and much higher than rule-based
model. At the same time, simulation experiments are carried out on Airsim platform, and the results prove the
effectiveness of BOA Gaussian-SVM decision model.

Keywords : autonomous vehicle; free lane change decision; lane-changing decision mechanism; support vector

machine (SVM) ; Bayesian optimization algorithm ( BOA) ; feature extraction
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Fig.l Schematic diagram of lane changing environment

FE 1 AT MR 2 SV 3 P32 51 TF TP
PV (52N (H X SE A anfa s F 32 42 5 )
BB P A8, 7 BRI, Gipps $iE B
UNh AUk SER S IS | et O S A I G2 Y
JE BT 1 4 Ak DA S A0 T8 Ry b BE S R
EN R LN STELLE i S oy S E ST AT 28
DR BT
1.2.1 #riEss

JETBE G Y R 2 B JHAR R IR AT BEOR 1Y)
23] 20T B B A, R ok A T Bk 3 E T LA
RS A T A R . R U, R 25 T DR
A

Vpenetit: =S (Vigea = Vpy s Vrp = Upy ) - (1)

Hort v, FRARTEIZ AU T A S8 5 = i A A7
QR R A5 38 S IR 2 ) AT DL R X B R ok 3R
7N B LA B AR T AR

Gbenf-ﬁ( = G'I'P - GP\/ ’ ( 2)
PRl , ffilE W g A R T LA ST A
fheneﬁt :f< Ul)enefit ’ Gbeneﬁ! ) . ( 3 )

1.2.2 #4eHE
Gt IR P THGE SRR O T S R
HHE G4 TF ZaREE. AR, SV F1 TF Z 8] 4y E]

B IR Xof T2 8 R OAC , 4 A g R 2 4. A,
HEIB AT R/ N A T . DAL, AT DA ST G
AR
—®, Gy < Gy
Tt SV 4G Do) s Gor = Conne )
X Gy RS SV A TF Z 8] 1) e/ N2 A2 B, 5
TR Gy, > 05 Avyy FoRHUE 45 SV 5 HAR %
EJGA TF B2, Avy = vgy = vy
1.2.3 b2
RS R Sur il RISy eyt = TN &
Sl B AT e Tk E AR E R RS A 4 R BT
il {2 SV Il PV 2 [a] By BB AT REAR 24K, 4R
FEK RN BT ATI R B 18 7] BB 2> T80 1 202 B 42 47
B | i AR T B T A BB, X SV 2k
PV i, ER KR AE ACC (Adaptive Cruise Control)
BT ERBE PV, I FL TR0 R 5 P 2 3 3 R 4= Sk if
#0.( Time Headway, THW ) #fi5€. Rt , 20 ZE A5 7 1]
LLEEST
fnmssny =f( Gpy = Vsy * Loy ) - (5)
T, by FRASRIN .
1.3 ETHNEHREZER
SN AN - R BN (RSB 34
IR =AY e R R R LR
safety (G = Gy,
necessity e( Gpy — Vsy * boyy )
(6)
Ht a b c.d. e EREL
FET R A SRR a] DL A F
it fowy > 0and fi 6 = Wfiey > 0
Saecision = YES
else
Siccision = 1O
end
Ho w JEAE T, £ e AR, SR
7, A AR R R e — > 2 SR AR )R
TRAERE ST — A BB R, A b 4285 1Y
B R R R SRR LN R Sy
Fceision =S (Vicome » Grp
sy * by ) - (7)
K ALK Gaussian—SVM A RIR f# g 4
PR TR 2 S O AR e 1 (] R, A AR 2 o
TINAEE 72 Bk 5% 472 sk AR R e SR e, A B R Y
A M5 3E R, A SCHE Y Oy s R S A 2
F7R.

= Gpy,y Gy Vsy =V, Gpy —



- 114 - mok E L

NANPNEE - 5552 %

2 ANRUMTENTEE

Fig.2 Schematic diagram of the proposed method
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Fig.3 Study area of NGSIM dataset
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4 ETYEHTENXEBRESHMER 0 BD
Fig4 Description of key threshold parameters of the physical-
based features: @y, and BD
BD HARASIEAR I8 & 2 4 AH AR 4 18 2 i BE 5
d B, BEbE B o EE dyy, ]
0, ifd,, < dy;

BD =11, if dyy, < dyys (9)

2, otherwise.
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Fig.5 The attention area is divided into five sections by the

distance thresholds
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#] LLE 1 RLE AIRAS. LLE A1 RLE f9ARZ 0T L
AT P S B0 S A 1) A TE YU R fRT BT
AR ST A 45 1 R SR R D A NGSIM % 4
HIEY US=101 Be Al 1-80 Bt it 47 19 Ak B 7 126
JE PRI o A 4E 540 J5 42 TE AR REAS RN 845 4%
T RRRREAR , 33 1385 SoREAR K. N REAS B
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Algorithm 1: Extraction algorithm for road-
[ structure
features: LLE and RLE
Require: P, (the center point of the SV), L
(the set of lane lines)
Ensure : states of LLE and RLE
. for all lin Ls do
P, <« Find Nearest Point([, Py, )

— —
(B,,B,) < Generate Vector(P,,P)

1

2

3

— —>

4.4 (B,,B,) < (..., ..., 0) then
5: Nig < Nygs

6: else

T2 Nyig <= Nyiga

8. end if

9. end for

10: Ny, >2: LLE=172 LLE=0
11;Nyy; > 2:RLE =17 RLE=0

3 W ENMRA T

FI 3072 B A i ook st 2 BAT AR VE R 7
B, SVM 1Y H A0 2 1o B R4S — A B 1, 3%
AT AT L5 5 b 43 A ) ) S 46

D ={(x ), (%,5) 5, (,,0,) )

x; = [”mcome yGrp = Gy Gy 05y = gy, Gy — (11)

Vsy * bw ]

y, ={-1, + 1}.

B SE WA REAS ()} i = 1,2,00,m,
xeR", y, e {1, + 1}, Hrfx ZRAEGA LD,
5 1 REAS Y 22 4R AIE (1) B (Rl PR SR AL Y R AR
ZH0) , m NFEARANEL, R Ny n e SEs 0]y, AR
0 (A S B AR RS AR ) . AT R i a2
PETT RN XA - 18

w'x +b=0. (12)
;H\:EF‘ w = (w1 ;wz;---;wd) %ﬁiﬁﬁﬁ*lﬁmﬁ,zy%
FE VB TT W 5 b2, R e T AR AR
B 2 o) F B 200 o A A A DS R AR 2R
PR, L T 43 SR ) AL E S REA RO, Al
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& =0,i=1,2,--,m.
Hofr o> 0 B AN C B, OB 2
I (E 58 i B R I, 5 5 LR AUA. ¢
R AR I 5 4 B B X 5l 1 4005 R R
W s KA WG, & Tl AR st g7, X
(13) B FRIR
mjlxi a, - ;i i a0y y K (x,%;)

st.eza,=0,1=1,2,---,m,

i ay; = 0.
i=1

LAY BRI & () BLIEAZ REL, i T 0
PRECRAT SRR IR I S RE 7, RIS S T g 20 A% v
B, Wk

(14)

i
T). (15)
o BRI, o BUINR T AT AR R 23 2R
B, B S iU s B8 o R, 29 2
HOHL, S BULE, ok Bl X 3 TR

e M 22 3 (16) s B B 5 R 20K 8

AL

K(x;,%;) = exp( =

f(x) =sen( Y aya) +0). (16)

4 AR KGR AT

4.1 N EZ

M ESCRT LR ok, SV R e B2 A T
SR C M o WS, PRI, A5 203X 2 DS EA T
fk. DU 35 4 4k 5 35 ( Bayesian  optimization
algorithm , BOA ) il Kl i /IMEA FHIkH « i945 & B br
PR f(x) FTLAFE B4R B iRy € Fl o 5 HALS AL
AL T AR LG, BOA AT L ARAS BTN i Fl s 2 2
BARALSE R, ¥ 28 URAE iR 225 f(C,o) fEHHE
FreR 8, BBE f(C o) IR E e

S(x) :GP(E(x), K(x,x7)), x=[C, o].(17)

I RS pRBOR TR e R T et o, DLod it
VU307 )5 AR AR B R — IR BRI « = [ CLo].

E1(x,0) = Byl max(0.yuy(x,) —f(x))]. (18)

ot oy A TR AN, BISE B IE AR R R A AR Y
F g () 2 24 BT R A AR RY 32 SCI IR B DR R
El(x,Q) 2R, IS et 38k mis 17 40
BRUNGTHE 2 PR,

Algorithm?2 ;. Bayesian Optimization

1: forn=1, 2, -+, do

2. select new x,,, by optimizing acquisition function

a:
X, = arg max a(x;,)

3. query objective function to obtain y,,,

4. augment the data D,,, ={D,,(%,,,,¥,.1)}

5. update statistical model

6: end for
4.2 EESEML

B H 4R b AN TR 1) 248 B2 A AR A A [R] Y 1 49
T B IHBRAS [A] A 52 e R A Se 4R B S R
AB R, 255 5 R ER 8 o 3, HE 3
MRS ) T S8R e b, Bl AR AR Y R R 2
RIS B I SR [R] A e RE i, DRI A T4
Pa A — AL B X R AR AR i AT 0 — A Ak 35 L fE
R # ) TS A2 15 NP 22, A 5y gt ik
B SE e A 3X BR ) min—max J7 20 B8
HEAT IH — Ak Ak B, 4 5 AE AR 1) (R AR % fo 3]
[0,1], Bl A—ery A=A

60 = (2 = 2, )/ (R = i) (19)
A x R EIREAE ' A BB A,
I3 B A — A RZ AR RS 5 R R/ I MEL

B — 105 BB R SVM BRI REAS
39 FH 57 307 428 1) 2 PR %X ( Radial Basis Function, RBF)
VRN RO T SYM AL, SC T ARSI 7280 ¢ Fi
B RS o BYEFE SR DL IS AL S E AT G
b, T e H e = S C T o RN RS
B #d Z ks, 53] Gaussian-SVM 1 C Fll o
() B (L, AR AN 6 (a) FR. A 6(b) FTAI,
/NN IERZE S ¢ Mo HRAER BT
iK% 27.45%.

[F] s 7E python FALE T A HI D13 A0 Ak T-H A
Bayesian-Optimization X} RF,GBDT , KNN & 5l i} 17
ZHAE B % A RS EC otk R an sl 7 fi
AR O IRIRKEL, AUC 32 E R e i 2
( Receiver operating characteristic curve, ROC ) fJ £k
R
4.3 AREEBEREXTEE

N AT PR T R, FRATR T 4 il
PEREFE B K5 B (Precision, PRE) 74 9138 ( Recall ) |
F1 Score FIMER 2 ( Accuracy , ACC).
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Fig.6 Bayesian optimization process
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Fig.7 Parameter optimization process of decision model
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