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Vehicle lane change intention recognition based on
PSO-GRU model

GUO Rui—jun, FAN Chao-ran, FU Ming—di
(School of Transportation Engineering , Dalian Jiaotong University, Dalian 116028, China)

Abstract: To address the issues of low efficiency and limited solution space caused by manual
hyperparameter tuning when using traditional neural network models for vehicle lane—changing intention
recognition, a lane—changing intention recognition model based on PSO-GRU was proposed. First, a
multi—step trajectory smoothing method was developed considering the characteristics of horizontal and
vertical trajectories in the NGSIM dataset. Next, the trajectory data were mined for parameters and
reconstructed into the dataset to establish a vehicle lane-changing trajectory database. The importance of
features in the database was evaluated using the random forest algorithm. Finally, a combined model for
lane-changing intention recognition based on PSO-GRU was built, with the PSO algorithm used to
optimize the hyperparameters of the GRU network to find the optimal configuration. The results
demonstrate that, compared to traditional deep learning and machine learning algorithms, the proposed

PSO-GRU model exhibits higher recognition accuracy and more stable performance.
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Fig.1 Comparison of lateral data smoothing effects
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Fig.3 Comparison of longitudinal data

smoothing effects
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1.4 BRHYEEWMMITR

R NGSIM £ dls £ iy e iH25 R, e i8 s 1R
AT B BE I 6 s, HAE P 4238 b i AT I 1]
o 3 s, DA A HCHR T ST 3 s D SRR A i 1
BOHE A D A AT Bl LI B AR L O 0 i B A g
BOCHR 4= {5 B o A8 8l Bods 3745 70 28 i, 4n 2R
BIE TD AR /N W Ay i) 22 4 38, AR ac o 15 A 2R 48
D ANAZ W 2 ELAT Bcdles AR o 25 AR 4558 1D 28
R S 18] A 43l L BRig o 3.

H T B R AR N K Al o Bl AT IR A R
X 1w A 4 T BG4S A T80 fi B A 1) A5 4 i
BTy 58 I BEHLITELREAS I , £/ B 3 Fh 4
T ST A2 AT B BT A% 283 4, fe A SL R I 849
0 2 B0 B0 AR A R A A BOHE  $ 8 2 % 2 il
g A

2 BT REHLARARG ik A HE 2 AR
Sl MUEFAE DA

2.1 ETHEANKFKEENRIESEIRS
A A B 4 e QI AR R SRR AL, 5% 2 B



- 2088 - FHRRFFROL F R)

% 56 %

7N, A BEHL AR AR (Random forest, RF) 54k % & A
Iei) $i B R, I 2k Z—-Score b1 HEAL BT LS (10 5k 9 i
T4 il R 5y 28 oy R MERf R N R 3 TR .

1 2 3 8 vl A5 1 LR 4598 O Ak 5 1Y
R M R L MERR R B R 60.53%,
B K B fe = oh 7. 60 %6, B IE A R AR S 0 B0
RE A% Bt o AR (8 PLURG JBE . OO B A i Bl A
T B 2 00 B 0 B T o WY Blcd AL 100 3 1 3
150, A5 AL S5 #0038 v 0 R S A Br 4 T mi e R
R, 7E 120 BRI 3K 21 B i 53 (60. 53%6) , Z J5 B
BT W, MR REAE 120 RRAR 42 47 35 301 R F A .
R, 76 J5 2 5 T RE MCREAE 35 22 B2 PP A B, B A
B IR E O 120, O BE ML AR AR 6 18 3 K] 432
THE B SR A AT, 7 4 0 0 1 TR U R R BN,
SR BE 0% 418 $2 < 15 18] 79 970 5 B 10 TR 38 2 ) B AR,
Xof 2 5 48 3 7 R BT 55 104 T A

£2 HWABSHIER

Table 2 Input parameter indicators

K3 BMARMRSEERE

Table 3 Random forest classification accuracy

AT 4 B R AR
Local_X ZEH R A B /m
Local Y TR AR /m
v, BB 1)/ (mes )
ijﬁ v, FARYN L/ (mes™ )
a, TR 1) IR BE / (mes™)
a, BTN 1R BE/ (mes™)
angle At fa /()
FY A2 1) 037 ¥ 2% /m
FV B ZE N1 B 22/ (mes ™)
BY J5 T 7 2% /m
BV J& EYNT B 22/ (mes ™)
LFY 2 T LR 1 3 2% /m
JCH LFV ZERT A E 2/ (mes )
4ot LBY Ko e YN 22 /m
LBV ZEJG YN E 22/ (mes™ 1)
RFY AHT RN A E 2% /m
RFV AT AN 2/ (mes )
RBY A5 YN AL 2 /m
RBV AJE A2/ (mes ™)

2.2 ETHNAMREENHIEEEMNTM

U 2R AR AR A AR R AR B IR R AR A (L B
PLIL SIS ARAM G B R 2 W3 e L il il
BTN P T B R R R AT LAl B A AR X
T R B R W, BIVRRAE B F B ol BE AL AR
AR 1 0 o 4 L T ) Bl 2 A A A A
L BEAEAS J3 5 A) TEFE — 5 A AR o
o3 UntE 6 s o

o R fkﬁrﬁﬂcﬁ} R(RIRAES IR %
KAEWR/ Y WEHR/ %

100 53.24 60.10 6.86
110 53.08 60.24 7.16
120 52.93 60.53 7.60
130 52.65 60.22 7.57
140 53.08 60.33 7.25
150 53.02 60.39 7.37

1.30

1.25

1.20

11.15

1.10

1.05

1.00

0.95

0.90

0.0771
0.06 F
E 0.05F
go.oaf
iy
F0.03
0.02F
0.01F
e A4 AR A4444 A A8 A
OIS R¥RY AP
Q‘i@/\ﬂc VIEI VS« TR \%(?/Q <
R4 FHEZ R v
(b)RHEAR T EE M5

E6 ETHNAKEENHFEEEETMRH
Fig. 6 Feature importance assessment based on
random forest algorithm

A1 & 6 7T LA - ORF 5 3% 1Y RRAF 8 220 7
il 5 RAT G AT Bl 09 B ) 2R A 0 1
H1,RFY \Local X LFY Jy i f 2 (9 17 3 4H1E
T3 450 T8 T 5 2 2 TP 4 A R A S BB O
SO B A A AT B S R H R A R R B
4919 /> B3k 4 A AH X A AT 23 AR B 4 G 2
{E 0. 05, X PR 5 #e i 2 P A 2 35 5Tk, B T4 &L
AR, B A% 2 2 DL & o T B A g A 25K 5 O
122 4 S 156 42 90 A9 52 HLRR A X 48 A 55 A 5T



% 8 A I E,E AT PSO-GRU A ¢4 % 45 #3485 B 17 3) - 2089 -
Bko TSR 220 oS, NOKE 4250 H B R AE LA S hy="h,_ (1 —z,)+ 2k, (5)

B B AH DGR AR A v A0 b BRS AR 9 B R B
HEAT R o7 > B 1 73 24T 55 U 5

3 ARXITik
3.1 IEBEHRET

] A B B4 5T (Gated recurrent unit net-
works, GRU) J& LSTM 1) — Fh A48 1A | H: 4% ¥ o fij
B H SRR R R D RN R R ) 4 A A
W B AL, T ] AR S 0 i ok B, T
BT N — B 2 BRI S AT A AE B
FAH A 300 i =X (2) ~=(5) frR

K r, Sl e 200 EE 1A 5 0 R sigmoid TR BRI
B s hy SRy oI 20 B8 A B IR B DT AR s, A 2 B 220 )
B 5 B, oA A 6 R BT 5w, o, 3 AR B
Bz, R B2 B T
3.2 GRU#BEZEIRHKRE

GRU #3H 35 B PR g AJ= \GRU JZ
softmax JZ . classification JZ F1 i i} )2 M 1l . Hr A
J2 AR B4 F HLOGHR A Py s AT B 5 1 B
i GRU B 50 % £ 1) B 18] )3 41 R AF 2 47 2
] s softmax J2 X £ 47 HE 28 A 1, B A5 ALAS [)
3 5 K] O A g BE 3R O3 A 5 classification JZ &
HBUARE 28 fe K 46 3 B PR Oy B 2 2R s i i 2
0 A R RO R . AR SIS ) GRU i 72

ri=oc(w,[h_1,2,]) (2)
h,= tanh (w.[r,h, ,2,]) (3)
v=oc(w.h 1, x]) (4) PR 1) 6% 5 4 an 1T 7 R
WAR R
i
W | |EEFWHSEE | . | GRUI GRU2 |,
B | |SmEmi s |
ﬁ?&ﬁ | |
‘ -
ol [0 = | Iy
W ___ WEEEE
§ SEETR E_ i mr—_—
o WD ﬁ- = USSlS
_________ M _____.
el o
i ([0 = A
fa f I

B 7 GRU##BREZERH#E5

Fig.7 GRU lane change intention recognition model

3.3 PSO-GRUEEEIRHIEE

TR 2 ) B R (1) I 4% 285 K4 ) B 2 21 R g Bt
JBC P 28 0 R n A5 S HGE 0L I E B R R E L Y
M G A B . PSO Bk T DL 7E B e 1 R LN
8 2K W) Y e 0 A, L AT LA 33 4 A A pe Ak 53
2, BB B S8 R AR SO ) PSO-
GRU e i 2 B UM GRU #ih 28 1 45 119
SRR PEAE R PSO B35 B A e 9 ) B, A A Y
WL PSO B Tk GRU M2 18 250, L4k
B e A W 45 L B . GRU 4% 0] 47 55 M 42 50 11 1
S B 2 ST IR O A A A B AT R, HLAR
AR R o

(D) FPRERD b A - BB AR RLR 8 R 2B A

TP T AR S IR T AE SR, BE BILA IR AL B R R
GRU £ 8 0 35X 42 9 450 R (B AR D 2%k 1 ) 16 7 JiE
{H, G SCHR (B /0 O H AR R OBOVE Al R 5 19 38
JOLJEE

(2) 3K AR BT « 5 Ao R BOASC i 2 4 3 ol i
LI G PSO 472 55 ) R, 326 15 60 435 3 2 5T
FAE B, R R TR R V=
(Vits Uiy oo vp) AR —H B S EON B L3 R TR
4 JRAL - 14 e D0 B v et SR DA HEEER O H
Rl d5 {0 19 8 B2 5 Bl JE o RS RET 00 L EE X =
(Tt Tizy +oey ) ARER— L 2 000, MR H0 00 0 365 7
FEH B 2 W W oo A Ik B L L B OPL =
(pis s ) H & J & AL & Pou=



+ 2090 - THRAXFFR(OT FR) % 56 %
(P,;upgz, s Pep )T;Ifn\'Um\Pu)\Pgn%%Uj@/l\gﬁg ry PR R

2 DR A B R A A i DG (LA 2 ) e DG 1R
K2 Rk 7 e DA S8 oA H AT SR AL B9 07 &, RI4R 2
B S RS o B L E A R

"Ufj/l = wvi,+ e Pia xia)t 6'27’2(Pu/ — i)
(6)
i =xi.t vy (7)

:T:tl:f:( :2.6(1?2’ ..."N)?d€(19 2’ ...’D);[ﬁ %,I'ﬁﬁ‘
BACIREL ;0 R BHERE 50000, B 2 T T 570

(3)Z Qb £ AR i 2 1k 2 F M K 31 i
FAEAC KB 20 Uk, 45 U 3k 3] 3k AR 0k 45 10,
B A R IR BN R ACL R 5, R M4k 2k 3% 4K

(YIRS 2 0 2 B
HAEME GRU M Rk AL 1Y 2 5l A 801
YRR TRD | A TR0 0 4 DF- ¢ 46 s o

PSO-GRU 4 1 & [ U] 455 20 11 HE 22 T 1] 8
Fi7R o

ity
rmTTTTI TS | A Tee] ¥y psoss
! | ﬁﬁ?m@ | | | [ R | !
|

| - | | |
I | $mﬁ?ﬁﬁﬁ | ! [ WBRRTESE | |
| |
! [ Zwas | I l

| [ I : BEHLYIE (LT AR |
| I ! fff & |
[k Witk | | | I !
| : : WAL AL T BT |
{ B GRUSH R : ! f

! BRI ! ! S
| | | | [wscrumm, s i
{ HisEPSO-GRUBGE R | _ ! i ﬁ*ﬂéfﬁﬁﬁt i
| BRI | | '
| I ¥ I | ﬁmigﬁ?ﬁ= | TR RO R | 7 | |

YIZEPSO-GRUKERY | = 7o I WAL R BAL

| T Y |
| * | E S : |
| [ B EHER ] ! L | !
| : ! |
| | | |
| : ! |
| | : |

PN FR AR
Acc. Pre. Rec. F)

£

E8 PSO-GRU #i& & B 12 7 % BY 42 22

Fig. 8 PSO-GRU lane change intention recognition model framework

4 S g R

A FE AR
) 224038 ORAF ELAT 1) A 8 X N Y 4 R
20y B A 1.2, 3, B M 48 AR A 45 UE A R
(Acc) HG#fi % (Pre) 4 M Z& (Rec) F {H(F,) , H
A A5 5T R .

TP+ TN
TP + FP + TN + FN
TP
TP + FN

4.1

Acc= (8)

(9)

Pre =

Rec = L (10)
“T TP FP
1:213re><Rec (11)
Pre + Rec
AP TP EIEF] ; TN A B 76 s FP R IE 6

FN Ay i 67451
4.2 FBFEBRERIE

h B UE AR SC 22 20 B3 KR V- 1 7 1k 1A AL
PE 3T GRU B AL IR 17 X b S 56, 58 FH A (] 1 1)
2% 25 K R 2 B AT U AR 3k AR e 5



-

% 8 M IR E,F AT PSO-GRU B A #9 % 4% 3% 18 & 8 47 A - 2091 -

B 45 Rl W 9 Mk 4 s

XFTUNZRAR , i 1819 mT LA Y, F- 3 J5 A B0dE
PUNBCR B4 o SR8 508 TP Rn IR
U BN T PR A TR ) N R B v A R A 9000,

TP I B A0 DI 2 4 3R E 1 5 2 T 2= 9106
e RTTBCR R 20, RS B fE & £
UL - BE S AR I R 4R SR B 4
PERE

0 50 100 150 20

0 250
R B IR

300 350 400 450 500

0 30 100 150 200

250 300 350 400 450 500
EARKBUIR
()R8 JE B

0 50 100 150 200

250 300 350 400 450 500
EARK B IR

0 30 100 150 200

250 300 350 400 450 500

BRRHV R
(b) P18 )5 i

9 RFBBESFHEBFEIISFEKE L

Fig. 9 Comparison of training iteration charts for unsmooth and smooth data
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Fig. 10 GRU lane change intention recognition model

confusion matrix
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Table 6 GRU lane change intention recognition

model evaluation metrics

PEERE BWR/% JARR/Y% F/% e/ %
[ i 438 93.88 100.00 96.84

TS EAT 95.75 80.36 87.38 92.35
If] A 4 3 89.19 97.06 92.96

4.4 PSO-GRU W& &R
PSO-GRU # A1 3% A% 20 W 5 26 1k 55035 I
Hh e U0 2 80, BB S JORORE Tk AR R H IR 7
A 11w .
N TH 209 12 ) A2 B A7 A B R BR 1, A
%7 PSO-GRU FiF#iE EE R AR B S H
Table 7 PSO-GRU vehicle lane change intention
recognition model parameters
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Fig. 11 Iteration chart of particle loss values for
PSO-GRU model
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Table 8 PSO-GRU optimal network architecture

A2 InputSize 19
GRU 2 ¥ GruLayer 2
It At 28 70 B8 i NumHiddenUnits 76
Ei(RV NN batch size 64
)R learning rate 0.01
R R EACIREL MaxEpochs 100
i 2 OutputSize 3
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Fig. 12 PSO-GRUGRU lane—change intention

recognition model confusion matrix
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Table 9 GRU lane—-change intention recognition model

performance evaluation metrics

Wl EE KRR/ HRIR/ Y% F\/% HiEw %/ %
i A 48 1 97.83 97.83 97.83

PRFEEAT 94.74 96.43 95.58 97.06
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Fig. 13 Model accuracy boxplot
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Table 10 Comparison of performance indicators

for various models

Bk ) TR/ %
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