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Abstract

In the current complex traffic environment where self-driving vehicles and traditional vehicles
coexist, fast and accurate identification of vehicle lane changing intention can help the self-driving
system make safer and more comfortable operation decisions. Firstly, the vehicle trajectory data
are first filtered and smoothed using the extended Kalman filter method. Secondly, vehicle driving
behavior was classified based on changes in heading angle and labeled with driving intentions.
Thirdly, a vehicle lane change intention recognition model based on CNN-Transformer-GRU-Att
was constructed to fully consider inter-vehicle interactions, efficiently extract time-continuous
features of the lane-changing process, and capture local and long-term dependencies in the se-
quence of vehicle trajectories. Taking as input the information on the traveling data of the target
vehicle and the surrounding vehicles, it was proved that the model proposed in this paper has an
accuracy of 91.38% for the intention of vehicles to change lanes, with an inference time of 10.08 s.
A variety of evaluation indexes are significantly better than those of other models. Fourthly, the
ablation experiments demonstrated that the introduced Transformer module, GRU layer and at-
tention mechanism can help the model to improve the accuracy by 3.19%, 5.07% and 1.08% re-
spectively. Finally, the results of intent recognition under different lengths of the historical vehicle
trajectory sequences inputted into the model demonstrated the model can recognize the intent to
change lanes within 2 seconds before the vehicle changes lanes with an accuracy of more than
89%.
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BT FAT 9% B FH(AR) 5 HMM AHZE & . T HMM 7E A5 R rh il SRR B3 45 B RE /I R, X LedE T
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TR ) 403 2 P, [ A YR A R R0 7 Rl 33k 31 T 90.5% 1 87.4%. XIE 25[22] 5% F IR & B 45 M 2% (DBN) 4
TR EAT R TR 2

I JUAFJ T IR JE 2 2] D7 VE AR S 1) 2 4 e T i PR R I B Y 1k B SR B AR R, AR AT #2318, 1
HRZHW AR A R A B30 2 T A8 B o [RIAY H T K 22 O AL R I R0 #R FH 1) 2 5
B RO RS S, 8 SRR B R A g SR AT B E B R AR A — E I R AN R (R AE Do, HLAERE
I R B T SR Ol S — B R TUAR, FETRET AR . RANEA — 0 A B S H 2 gl 5% (1 AR B
RN GEHRS R, RGBSR EMMUFEL W E RS, HW MBI AR . RIsr T 240

DOI: 10.12677/0rf.2024.141075 808 BE 51


https://doi.org/10.12677/orf.2024.141075

BRI 45

IBEIE I 2 s, AR SR R R 2 B R R HLSREURT ) NGSIM ZEsi i #cds, 2 17 —Fh
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Table 1. NGSIM dataset variable description
7 1. NGSIM HiiEE T EH#iR

FB AR B UL LA
Vehicle_ID ifitm S
Frame_ID 4 T R ARAE B T B i 0.1s
Total_Frame T ZERAE T 5T B B A R i 0.1s
Global_Time TR AR [ ms
Local_X Z S HhCa 5 RGN 2 B A0 1 B S feet
Local_Y Z S Hha 5 RGN % BEER A1 P S feet
Global_X PR Hb R AL B 2R (IR AL AR feet
Global Y FrfEHbER AL R R AL AR feet
v_Length K feet
v_Width EHTE feet
v_Class TEAHBA: 1 APEFEZE: 2-/NRG: 3-ARME
v_Vel KT U i feet-s !
V_Acc TR R feet.s2
Lane_ID i T

Horr Vehicle_ID ZE48 R 5 g5 2 AR I 224040 N A% DX S IR i () FH 2 AT dm R, ERFIA . k2
DU [ 50518 590 G5 1) ZE A S B R R IR — 2240, thpt 2 U 7E AR B A5 AN mT A3 R 50l 5 1 N 4
FRIE— X 73 FRAE . 1] Frame_ID 2R m 1z 5 R SE — I 202,  MIF 4RI [ 7+, [7l— Vehicle_ID
i S A B, B LS 2R T LIRS 7532 S A (— & I 1] Be) N 1T 1Rl — Vehicle_ID (145008 3R HUCRE — 424
(1) — 72 I [ FE AT B 2 7 4105 R . Local X & RAE X S AR 2 240 i 30 HH O PR R 1) (X) A A, DASEE
JON BT, FEXF AT LR A7 3 i) fR R e S 2, B LA P ) 2 A A 28 AR A 9 T TR DR IE T T
Local Y & R4 X 1A bR 28 N A8l 36 rhoC DML () 284K, PATER Oy B fr,  AE 48k 28 47 3k 7 1 b 1)
BENLZ, BPCAZEAHAT YR 7 M9 IE T . (R RE R BE PRy 2 “ 5 R (feet)” 114 22 b 208 HRY A0 A0 o [ s o
AL B A B LA K (M) o

T AR SO 7 AR S  7E 58 BLAT 5@ M 1) s A B T AN e — AR (W T RS @ 5. BT AAR S0k
FH ) FE R HE 7 NGSIM Bl 4+ (1) US-101 AT 1-80 AN 36 [ il A BR R BE, Hgb Myt R IE 1 s .
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Figure 1. The structure of US-101 and 1-80 freeway segments in the NGSIM data set
Bl 1. NGSIM ##E8h US-101 #0 1-80 SR A BRER 454

US-101 ¥ B iP5 Sk WL 78 2 O B BE A B 640 m, HorPf 5 il A RS ZETE . 1-80 BB A% Sk
MU 75 5 1 B B D 400 m, LA /8 2% el 20 B R T8 (B b — S O R R IE) M — SR N RP S T8

[l NGSIM HiEEh & 7EEEA . NG USRI A =R AT A 5 B, R4
TR R 2 2 BoR. ATRAE BVINR R BCE AL BTA R ) (5 B2 97%, i & Al AR SR
W28, Bl L™ A [, ARG R b B BN E R, I EA RS i 2
B O 2 Bk SIS AN [F], MTT S B AR T A A I R rh AN R R R ) 4T BB 15 B R A B3 i 22 Rk
N T RET/MAEHE R E T, B ARSI 7 AR PR SRR R i 2, TRk iR 1 /NR
AT B RS 2

Table 2. The proportion of the number of vehicles of each type

F2 JRBEWMYPESL

AR AY K/ i EL/%
1-EEFE S 96 0.49
2-/NRE 19,075 97.31
3- K% 431 2.20

DOI: 10.12677/0rf.2024.141075 810 BE 51


https://doi.org/10.12677/orf.2024.141075

BRI 45

BEAh, X R IRAF 23] T 2B 5 d R B AR SR AR T AR, IR T7 2 Jm PR A 2 45 SR 4 £k
P B A B T YO RA @ IR R E, JCHRMRIZEhEE 5 2. TR IS s MRS a2 50 2
TEM WA IEAIZ T 1E, TS A AR R A AR, R R L R R R k. B
AT N EIERB . I BB R RS, TR AT N IR B A A — R IE A . T R
UER RO B 5T &, AT RE MR/ 2 R ORT S0 45 SR ST RO, R v 2 AT AR PR TN ) HE B
FIEENE, ST T4 AR AR S I TT VX W 2% (1 SR 90 M b AT 1T AL B, k3% 2 5 ORI AR R
W 2 Bis.

5

! — R — FsHR o
— FAuE — TRNIE — WAt

600
16

14

210

IEE (m/s?)
————
e
B (n/s)
8 MR (m) 5

20 30 40 50 60 70 80 20 30 40 50 60 70 80 1.9 12.2 12.5 12.8 13.1 13.4
Hid] () Hid] () HREAAR (m)

Figure 2. Comparison of the filters moothing effect of the second car

B 2. %82 SERKFFLIESRIILL

3. HEEE ST

7E NGSIM H#E5d US101 A1 1-80 [ Bt i 24 B ¥ ZE 45 # 48 A~ [R] T Lankershim Boulevard iFn
Peachtree Street PIMHTEEEL, = EMIEAT NIARSS, Toik B AT A E M S B AT N2 ) A2 3
M AHE, BURMRFFEEA R ELRATY . T DAA ST R 2 SRR A AT B HE X A %
AT IS, AN ARE . MAARE . RIEREE =28, IR 2R G RS Ak BT B A P
I AR 2

31 FWERERES X

SRR B AT DURAE AR RO e 7 9 A [F S0 . i, el DIARFE S ek 8] FRUBE A0 22 4% 1
ﬁﬁﬁﬁ%% o, PR BV 23 07 02 B T R IS TA) ROBZ AN B B 7 1] ARTE L A% 7748 DY A
KRR %o Ty TR B0 037 A A R BN 2 T A2 B B3 58 RS T3 B 75 T AR AR TE I I %) To 3R
REFIH R S FERN 2], BUERS RIE 02 R SN . fe)E, BRRAE T, SERARTEAT N,

DOI: 10.12677/0rf.2024.141075 811 BE 51


https://doi.org/10.12677/orf.2024.141075

BRI 45

DR AT A B 1) 25 ik 57 o BEAE 2R W DA SR ik 25 ik 3 ik 7= 2R 1, BT DASZ 38 2 LS ) Ty Je VA5 1 1
Eo B, KZHWEFALH Ty A0 Ty A VEAG TRV FE AN () AR . SCERDA R, A 55 5l 8 PR X
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AR SRAT S A IR

AR e H B AR 0 G R AR B 2 458 Wi 5 A i AR R T 8 P ZE AT B P 1) A 4
B /NT R BE . BARSRBGRIANTS 8 562 T8 I 580 L, B IR — /N4 ) 2290
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FLIED AR, AR5 AT RSV I TRl v 32 e DCR A s RO ) A S U, im0 A R 2 U T R A (1)
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W TR AAT B B A & B — R ZE AR S, B DURUE 24 58 — I B R B 2 = AR i B i ]
IS BUBERAS K Tt 1) 1 BAE IS, T 55— AN SR B 20 R T, U 20 2250 BT b sz PR Dy 6 T A 1
TXFE AT DL RO AE XS T 338 D AU W e A vl S e o [RVBEL,  DAHSti v st s ) 2l T ] 8 T 5 EDCRAE: R
Fila S HUE, 25— U IBE L = AN SRAE s AR A 0 2 B H AN K Tt a) A A, 28—
KA RIS ZIRIA Ty BEIS 2 R I A RL E ARG & 15 . 25 [ 2514 SCR 3 S md MG 28 mi it e £
BB UM Oy = 0.02rad o A< SO 226 B2 AT AT S HIRE D9 2040 FA A 1) 7 2665 8L/ T 1) 7 A £R ¢ 10
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3.2. HAFIIREE
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AT BB B A T B B A AR AR AT BB PP A SR B — s N TR BE AOREAR P 81, ARSI BCR A
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SRR S BT 51 R BEHLEER 10 2%, BIIESRER T 47,880 S 7 41 ASCHHEIR 3:1 BOELE 2>
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Figure 3. Indication of vehicle lane change intention
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4, EEEHRHRE
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N T AR U N B B PP ARFAE A SCE R4 R 45 (CNIN) BT 7 1435 5 H e 31 A 2R Al ) — 4
&R ConviD Mz, HABRIHH N LASEHU IR R R DN S AL AL BE,  REAS A 2 E SR U
WHBRFE. A3 CNN #73 AO 4 A Bt i b SCTUAREE 58 Jm i A Bdie 7 41, i id 2 s3T5 -

y =@, xx +h, )

R AT DA IR A I A AN SRR SN x TGN B B by 15 3 HRAE 1 By,
4.2. Transformer &8

T HE TR INLEI ) g 2% - AR 28 2244 1K) Transformer BEALFEALBE KT 51 . JHAT L, i 2R
fE R RE AN RIS, 13X REFIITERER B T80 B ER PR 2 SLER P & BAT 83 MR I
K HITCR Z IR BE 1, RN IE T] LLAA Z00R Ak LSTM A1 RNIN A77E B B2 T <RI B 1 X 25 G s
R Rs B LLTe 0 % 18 B AR 440 5 F Bl A R sE BAR R, IR RENS STE BRI (8] A5 4 4RAR R 045 2.
AR IR ER SR . S TR K 2 AT 2 32 2 B 53 25 RS ST TE R IA SRR DL
JA B AT SRS SR 2 R R, X BB FEGRR B AN DOHE LU A, Teik gt L RoRERI R &, T H.
BAERT 2B . FTELOY T 7870 AN (P 5 it , ASSCife A AT Transformer 4572 ) 25 i /2 K ik —
DA I ASTE L B BB . IZJR SR 4 PR
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Figure 4. Schematic diagram of coding layer of Transformer model
[& 4. Transformer # A 4RI B LEMIRE
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Transformer 58 r iy 22> B 3380 M0 A1) 22 Sk R DML HL S 35 (R S HOCK PP 91 e 3 22 8] SO R
PERIRE /) B EORIE. BER A REEE AXE)HHE IS,

Attention(Q,K,V ) = softmax(?/:T JV 3

Hrr, Q (Queries [a]5). K (Keys [1] ). V (Values [ &) @@ i RHAE ) & B bt 2R R M2 B TS, di
i K YR . 2 SkiE e oL b e 2 i 2 7 a8l A () (B) LTS,

MultiHead (Q, K,V ) = Concat(head,,---, head, )W ° 4)

head, = Attention(QWkQ, KW/, vw,’ ) (5)

FH S R T LR, AT 0 AT IOV RO A R, R
IR SR e M2 [T T 2 50, JUt Concat WABFEHHE, head WA k WRIERIHUBISL, We .
WL WY S KA head o ISR

4.3, HEIEIFRTT

WA H A H T EETIEAZ 25 RNN KR HE T2 M 48 LSTM SR SEIUG 494 18 & B A
TEFIFIGI, X AR B AR LE AL SRR (] 7 51 B0 I VE R R AT, R AR TH 6 ZE AR B I AT AR — Lk,
Pl 32 BT W 3 & RN B FEVE R BIORR BERRAE . ISR LR BE TR 70 75 R R 4 2 W) 28 HLAE H
520 o B DAASSCAS ] T LSTM 0k oA ——17 142§ 24 5.t (Gated Recurrent Unit), AMY[EFERT DL 2]
K-S &, T H BT Efifh 7 LSTM JEARZ AR NS, ST 188 7RIS ST, A
PR TIINRS 2 FIRTEE oD TGS EOME R TINGRCR, 7 LA RO 38 424047 B 002 7 51 5E . GRU
PIEALE /U0 ] 5 B,

0 ¢

>

GRU

©

Figure 5. Schematic diagram of Gated Recurrent Unit (GRU) structure
5. [H=1EIF 8 7T (GRU)LEH

GRU

©

B xRoRIEREEOR, o v E B ITAEET 1 1428701 Sigmoid B0H B3 - tanh YL 12T THIEE T I B0
BRAL | AT 2B AR, O RTINS ZI B AR st AE, W W W OB RBOERE, hyy 2
BT — 9 R EGBUZ St . AT LA B GRU A A B A ——HE I o M [ Tu, BTHRE THZ
AET I ZNHE BACSAN B ACREE S, 5 R AT I Z20A0 2 f I 2 RS S SR R . R
T3 R 2 30(6)~(9) V5 2 AT KR sUZ A% e hy:
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U =o (W, -[h1]) (6)
r=c(W, [h1]) (7
h =tanh(W -[r, xh_,1,]) (8)
h=(1-2z)xh, +2zxh )
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Figure 6. Structure of vehicle lane changing intention recognition model based on CNN-Transformer-GRU-ALtt
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Figure 7. Schematic diagram of target vehicle and surrounding vehicle scene
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o R AR 1 B

K22 (Precision): 45 3 25 35 B R0 TR A BRORE AR B o7 U0 45 SR O Zomh 2 B s IR RE A B i 1Y)
b, Bk E A (12).
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a2 (Recall): 5 3 b 25 i i R 51 IR PO REASBOR: |5 S B 12 b 25 0ih 7 PR RE A B R I B ), LA
T LA (13).
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R= T EN 13)
F1-73%0(F1-score): FEAEHAR 5 A BIZMPHAFIME, BAATELAK(14).
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F= P+R (4
HERf 2 (Accuracy): 48 =525 B 2 P 9 VR 591 IE A AR R RE A B |5 BREARBCE I ), AR5 A X
(15).
TP+TN (15)

“TP+FP+TN + FN
R TP SRR AL I 45 S S SO IERRE AR, PP FR AU S 45 TR TE(E b B R
AAE, TN FEB R 45 R 5 S0 hr 2 B N A REA SR, PN FREIALR 45 - Dy 7 H Sefr 2 B N IE Y
PEAHR
HEFLFEI (Time to Iterative Calculations, TIC): 4B ALYI ZRikACHERE 1157 100 PRI #E 2 S0 []
5.2. CNN-Transformer-GRU-Att B E R EH AL R
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Figure 8. Confusion matrix heat map of model recognition results
[ 8. RENRRILE TR BEMEHRNE
BT FIRIR RPN TR AR, AR H )45 s R A Y 1 BE PPl 45 R 3 .

Table 3. Performance results of CNN-Transformer-GRU-Att Model
%% 3. CNN-Transformer-GRU-Att #RBU M BELE R

A AR KT 1% BB #/% F1 73 %% HERI 1% HEEEFERS /s
Ie) 7 41 95.44 94.24 94.84
s IF) A5 45 1 92.17 92.22 92.19 91.38 10.08
TR EAT 86.63 87.66 87.14

M 4 WA, AT AT CNN-Transformer-GRU-ALtt 1) 45 # i 2 R BB L2 A HER RN
91.38%, HEFEFEMS g 10.08 so F oS T P Fh e i 2 B A RURIFERE 0 2 L B B3 FL 23 300 i35 T 94%.
920, R BHIZAYI A AR Ry 80 b v A S R T R 0 25 B I, HAE R U0 2R e T i I
PSRN T [r) /e e TE X — 25 B R R RO OR B, SIS . A R EFRAT FL 2 B = AN PN PR AR L T HoAh
B EIRTRBCR, R TR R ELAT UM BCR A 8022, FEI0AE . A EIZA FL 28 =P FR bR
A o [RIIY B 7 AT RN, A2 AR A e A A i o PR A B R 6 R, RICHe ) 7 () B T 1) S B i
PR A (o) el o IR SBL5A R TR BRI AR I 4290 . 7 20 dAZ IFHE R A AT BB 47 8 1)
FRgBUREAE,  ELAS R 0E = E R E 2 R B A BON B 2 et TR FF AT A 2 T2 3 R
TEREARAT NG AT R AN . S AN B E s, I SE AR A8 Akt g A 2 R R B B 24 4
e BRI TE S B SRR, BT DAY 20— Se R R KR ELAT (10 9 B i PR i 40 R 9 T

5.3. HIRB M REXSELSLIE
N T B DI SR T L AR AT AT SEdE, A SCEFE CNNL LSTM. GRU. CNN-GRU
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LR AR LT R — 3R 8 F S5 A TR ) CNN-Transformer-GRU-Att #2 f EL 92 sy, i 2% &8 14 ik
ek Wansk 4 s

Table 4. Performance comparison results of various models
4. SEBIMRERTLLEER

BRAEELD
LAY e SN
WL BEZM% FLaEu% dEERe RS
¥ e 468 88.11 83.98 86.00
CNN ) A5 518 82.84 84.36 83.59 82.04 9.16
TREFEAT 75.62 77.77 76.68
VSRS 89.19 85.08 87.09
LSTM [EREEI/SC 85.11 86.07 85.59 83.38 14.74
TREFEAT 76.32 78.98 77.63
¥ e 4658 89.23 85.98 87.58
GRU [EREEI/SC 86.90 86.76 86.83 84.46 12.02
TREFEAT 77.67 80.63 79.12
[e] 7 41 91.19 89.45 90.31
CNN-GRU [EREEI/SC 87.68 89.75 88.70 87.11 10.86
TREFEAT 82.50 82.14 82.32
Ie) 7 41 95.44 94.24 94.84
CNN-Transformer-GRU-ALtt IF) £ 45 92.17 92.22 92.19 91.38 10.08
TREFEAT 86.63 87.66 87.14

HH% 4 W51, AR B 9 CNN-Transformer-GRU-Att BB ZEAS B RS . I, F1 4%, HERRR S
PUASPPAN i b b A T B S o T AR RS, 0T = 2 e PR A R R 2 B B A T AR Y .
CNN. LSTM. GRU =M —fEG B RIAHLL, A SO AU HERf % b il i 7 9.34%. 8%. 6.92%,
KT =P i = B R 45 SRR B P4 i T 9.22%.7.87%-.6.81%, 76 171 R L3442 T 9.33%-
7.99%. 6.91%, £ F1 /3% P37 9.3%. 7.95%. 6.88%. ] DL 1A S Al H AR AL 6ot 42 0 e i 7 P 1)
AR ST o T — G, SAPM IR R . 5 CNN-GRU A &AM L, AT RTE
FERAPE . A3 FL 03 HERR 12y IR T 4.29%. 4.26%. 4.28%- 4.27%, HIEFIAERS 4555 1 7.18%,
R T ASCATRAE L@ 44 CNN 2. Transformer #5t. GRU JZFIVE R ML BE 6L G SOG4 917 3
R Y A1) R A RO OC 2R, ANZEARAT B BN A5 BRI TE B M S A5 B P 7R A PR A e R T
RZ A GAFAE, R PR E— D3R T 7 R0RE B FE R RT3 T A A A A B s AT AR .

5.4. jHRASCIE

Ak, X Transformer #bk. GRU JZ RV AHLHIHEAT WAL SLIG, siGst Bk 5 Fiw,
Transformer 18t .GRU JZ F1VE = S AL 43 791 35 BAR U 7E 2840 = B O TR 0 AR vE A R L3R & T 3.19%,
5.07%7F1 1.08%, KA SCEPEA A 1IIX =55 #ae — A2 A 08 = ZE i = R A A v e o
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Table 5. Results of ablation experiment
5. JHRALIOZER

T Tranformer ik GRUJZ  HEE ML HEH 1% HEFRFERT /s
CNN X X X 82.04 9.16
CNN-GRU X N 87.11 10.86
CNN-GRU-ALt x v J 88.19 10.84
CNN-Transformer-GRU-ALtt V \/ 91.38 10.08

5.5. MAFIIFREIREHCE N THEE 4 REE R

T IE & R N =B B, HE e T B B B AR R B R {3 I S I B i) 3 4 ARAT e
PR BT, B RN R i NI 8] PP A R BRAE ok, R i A B 2 sy, U
PEAPTCER R B0 B, RS REEMFEIUE ZHFAE, AERS SEMNAER A EiE S K, HRX B
SPEAE TS RRA RASHOEAC, FRAC T RER TSR . BT TN L T A RIS TG B2 N 2250 g 247 3k
B BN RO R R B RE RSN, AR SRR RE I VRN PP O PR b, 45 RN 6 B
7No

Table 6. Comparison of model performance results under different time lengths N of input sequences
7= 6. MAFFIRERTEHCE N TR EELE Rt

N7 FU A N HERA1% HEREFEMS /s
0.5 84.97 6.96
0.8 86.12 8.12
1.0 91.38 10.08
1.2 90.21 12.04
15 89.84 14.30
18 89.76 1752
2.0 89.04 21.12

B 6 AP, Bl A N R 7 e AT B0 A R FE R OK AR PSR A 2 A T ek R T B A
B 0%, SIS He 18 2 R RS URH IR 22, T 4R i 1 PR P R RS PRy, AR AR AT B R 2
FRAS R =7 o AHE M1 T A0 S I — e AR, TR E R A E - BN S S s
FRMEBAR G S, B0 5 5 JE 2R AT N E T 51 R R EREENLIZ 5, H HARR [ i A
(12 S1CAZ 3 — 8 A 4t S B R RFAE, DT 52 M0 5 2R 5o 2 5 48 i T DRl R e 5 P R e 2 fs Y
AN ZE A 7 SEAT BRI Py 1s B, R (R B R R MR R e v, IR B X R i P
FF T 5 725 B 573 M7 A 48 T R TR B R AR IA e X — T AR TS RE SR [RIFE 2.5 s A, T AR SC TR AR A
TEZEMITERT 2 s PEARUUNHER AT 89% LA b, FREAASC TR 1 AY B 75 Z2 i HK A e T8 v 252 1T fl
TREAAA PR B SRR TN

6. &t

N T ORUE 408 R PR B 1 A SCE e R YT R K 2 8B U5 120) R A 320 A i AT~
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