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Abstract

Vehicle lane change behavior prediction is a core component of intelligent transportation systems and
autonomous driving technologies, playing a crucial role in enhancing road traffic safety. Addressing
the technical challenges of existing methods in spatial-temporal feature modeling separation, insuffi-
cient multi-scale information fusion, and the absence of dynamic weight adjustment, this paper pro-
poses a Multi-Scale Spatial-Temporal Attention Network (MSTAN) for vehicle lane change intention
prediction. The model adopts a divide-and-conquer collaborative design philosophy, constructing
three parallel processing branches: the temporal feature modeling branch captures temporal depend-
encies of vehicle motion states based on bidirectional long short-term memory networks and self-at-
tention mechanisms; the spatial interaction modeling branch utilizes graph convolutional networks
and edge attention mechanisms to model dynamic spatial relationships between vehicles; the multi-
scale feature fusion branch extracts multi-granularity contextual information through parallel multi-
resolution convolutions and attention mechanisms. The model employs an adaptive weight fusion
strategy to achieve optimal integration of features from the three branches. Experimental results
on the NGSIM dataset demonstrate that MSTAN achieves prediction accuracies of 98.3%, 97.6%, and
95.2% for lane change behavior three-class classification tasks on the US-101, 1-80, and Lankershim
road segments, respectively, outperforming all baseline methods. Through branch contribution anal-
ysis and attention mechanism effectiveness evaluation, the independent contributions and synergis-
tic effects of each functional module on model performance are quantitatively validated. Time win-
dow sensitivity analysis and prediction lead time analysis determine the optimal temporal modeling
parameter configuration, demonstrating the model’s stability and robustness across different predic-
tion scenarios.
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B & R fe Sl RGN H ) S BE AR POE R R, 2543 & 4i(Advanced Driver Assistance Systems,
ADAS) TS AT T 18 % 28 8 2 A P SRR F B . TEASIE RO Wb, A A7 A DS
P 3 L. 56 I [ KA B A0 2 B R i v R o, 2016~2018 AR SIIE], K i B S U 33 R
19,158 AFET:, HACEFHHMUEIET AT 51% [1]. HFFERIH, ADAS RS04 15 5 Ae i i B A0l 5
HUR AR A 23.8%, AR T T 18,925 R #[2]. 7E ADAS BB, TR N2 Bl AT A T A5 Ay
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PEo TR, B IR HOVR B 2 X IR B T BN . W AU AT AA R KA 2 N 48 (LS TM) $2 48 st
FPEs[5], I B 28 I 248 (GNIN) S 85 22 585 (1] 2 (A1 A2 FL G AR [6], 3t v 2 JI ML B T+ o0 A 2 [ 7]
Wang S5 [8]42 H (VR & FUE TRINAE 22 7E B 2h 2 S serh L TR 7 MR8 Gao Z8[91F K T & T X Trans-
former AL O TRINASE Y, 7EJR &A@ UG 1 RIFRCR . BBt 78R W], LSTM. CNN A1 Transformer
W 2 £ R R T3 B T TN\ S8 3 R o i I . SR, BT IR A AEAE — U O ) R R A A e
ZSERABL S B ), A O IR AR A I TR R S (R RFAE A B AN EE, AT R S AR A L 2 R
FHIERL G A, AN I ) ROBEAN 2 (A RO 45 EoR AR B e 0 B 6 BIABCE RS, BB TEIEAR 4
AR 5 EE N A R AR 7y SO B s =y R TINRE A R Tt , BUA EEX i i il REEE
T8 Al =T R AR R RE JIAS 2

BExt FIRBARPRER, AHFFAR T — T 2 RO 2 i = AL I 4 4 T 77 72:(Multi-Scale
Spatiotemporal Attention Network, MSTAN). % A R E DTk HE: 1) Wit T 20 ST FEEER), @
TR AT AL W 2 A BT P ARAE . ISR 48 @R RIS HORR . 2 RS BRBHIRIE R B
SCAE R, SEDURN SRR BGE G5 2) AR T T BB RN I DA AR R, RERS & N IR
IR A IR 23 () 2GRy 3) $RH T 2 ]EERHIESR B, i A [ B S2 27 (14 45 AP (R B 4 3R S 0 41
AR ERUEE: 4) 5INT BENAER G SRS, RIEA SIS RS RE S S EE N, 32t
SO RTM AR EE R RE J) . SERREE AR, BRI MSTAN JHETEZ AT ERAE FIEE T
EPERESR T
2. BIBEFE T RFLLIE
2.1. HBEHER

AR NGSIM (Next Generation Simulation)Zis 42 2547 SO 30, ZEHE 4 & 4= 4047 9 T 4
S AR AR B2 [10] . NGSIM A 75 =A™ B 56 [H] ik 2 4 It B 3 S R4 U254 - US Highway 101,
Interstate 80 #1 Lankershim Boulevard. %48 % H @k FEMAERERFAR, RAEMIZE N 10 Hz, I [A) 5 2
e W AN SR B ORISR T RN MG, B S RAARAIE . R AR AL
B BRI T BEIEE . ERRE . B, IR, M EGRE. BRI IEEMESH. K1
JRIR T ZA MBI S E B

Table 1. Statistical information of NGSIM dataset
%= 1. NGSIM #IEENGITHES

e BLA TR Taas  PukEs SRS EHGE Rl REEEE CPHPOERE

US-101 1,978 266,376 35,140 17,724 17,416 143,671 135
1-80 675 113,045 5,377 2,717 2,660 81,726 16.7
Lankershim 1,113 30,986 1,611 795 816 8,304 2.8
Bt 4,766 410,407 42,128 21236 20,892 233,701 10.9
2.2. WIETMALTE
2.2.1. BUEfHE

it 2 ORI AE I R R N R . ERA PRI RAE: 1) M VE ] 0.5 m/s~40.0 m/s, HERREH
IR O AR 40 2) N IR HFE—8.0~5.0 m/s?, TF &AMzl stk 3) A BIELMEAGE, AIFRES
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SEREAR > 959 LAY/ SRR B s HERRIE L T30 J7 4538 (1 B2 DA BRI Fr R

2.22. UEERSTLBLE

EFX GPS &N ARLATUE B (I FE g 75, SR A 5 AUE L AR EUINAUS 317 B (EWMA) X ZE 4 B AL A
HEAT P A3, E ORRFEUZE 32 S 04 [ B A 2080 1) v A 7 o 33 AR ekl o s VR 30 7 11 P 3 S 4
BERBUE M SRR TROK . ZFR AR T 2,047 L2, FERT 30.1 5.

2.2.3. EEHIRA SHRE

K FH 22 9 A TR 388 A U S5 R o R . 2 R DL SRR BN SdiE : 238 1D 2R
BRI AT 1.8 my BORRE ) T 0.25 mis. FREERTRIZE 2~8 PG . 51N 15 Mi(1.5 Fb)
WML LA R AGE Fe e P, B R B B R 8 42 5] R iRk o SEAT I B 42,128 /M F4F, 045 21,236 X
Fr B R 20,892 IRATHLIE, Ay AT . FAFE A=K AHITEGRRE 0). REFEIE (PR 1)FIA 4l (25
2). Rl E W% 2,

Table 2. Parameter configuration for lane change event detection

2. MEBEHENSHEE

BEAATR B L]
A L7 B B 1.8m Hoil i R /R R F2 B
B ) T P R 1 0.25 m/s e 3 1) B AR ) S
B /INRREEIN (] 20s A XA SRR
B RpSE I ] 8.0s A R A K K
RRCACISPNN 51 LR U R GOSN

NN TG 15 i BRI
EWMA 2% KBS B T

224 BHFHETIEME

PRI S P Bh A . 25 1A R 1R SCiE X 2 B IE IR R o B P B AR 3547 B AL b (Local _X,
Local_Y). JFE(v_Vel). HNid s (v_Acc) K& ZE eI R 51, FFEd s E G s 10 s)itE 2
RIEGOTREE. T2 WE). A58 BRI B EWETE. JFE. A0 AR E. A
XA BE(TTC) SR BAS S, RIS SR R s ML, bR SCE SCRFIE L2 208 bR iR
(Lane_ID). 43845 fh 47~ A8 i 2 B S A BIR A5 2 o T RRME R RobustScaler AxifEfk DA 58 & o
T AN R (AR AT 1) B 44 g 450 4 (15 ANFERIRAEZE 5] x 30 M K.

2.25. RFEOMESHEAERK

KN E LEA RN ZRREA: e 1 3 F2(30 N ), TIE 1 5 (50 M ), 18k
K 0.2 72 N £ AN O AR A N T, IO T AR S B AR A . AR
R, M\ 2,047 TR BENLIE R 200 W, FERRAE S AR AN 20 NFEAS . @I AR IEAEFERR DR UIZRER . IR
e MR LB —30 . Al 3,984 NHBEAS, FERT 3.6 B2 . HEARD MG WA 3, =il
AT R S AR QAL P 1
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Table 3. Final sample distribution statistics
3. RAHERSTHGIT
B [EZNISE FrtiE ST VRIS L] W AE 4 I A
US-101 3,258 703 1,910 645 450 30
1-80 622 94 442 86 450 30
Lankershim 104 71 15 18 450 30
Bt 3,984 868 2,367 749 450 30
N o B
|
I
BT % P B HOEHAT I BR ERAG A RE I B
Figure 1. Examples of three types of lane change behavior trajectories
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Figure 2. Overall architecture of MSTAN network
[ 2. MSTAN 4% 2R 224 [
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% RIEZIN ZEE S 28K M o6 o R et A8, s B aE 47 9 00 i) 2 i 9 = N AN TE
TALSS: I PP AL, 23 A58 ELARAE AN 22 KU R SO I 118tk B IR47 70 SO0, 20 i B 5t
I 1) 245 P2 A B AR AR 2 1 248 P 1R 58 T DR AR e DA e 2R P 1) LR SO BEAT IR A, et
G S S AL SEBL I R AL, PR B LS 2. BURANRRAERERE A X e R®TP, Jheh B 9flbicR
N TR KR, D OARHEAERE . W2 1T AL B AR nT R (D)

Y= ffusion (fseq (X)’ fspa (X )’ fmum (X)) (1)
T oy s Tn s T TFREARHESEHUT S, g, TR FIENAERB AR Y e R¥ONRAM=
G T4 H o
3.2. RIFFHEZES X

FPAVRFAESR I ) SCHE T S B 1 K i 2 — VR RODHEZRM S, B AR AR 2 s s RS 1L I A 4 52
E MRS R AR AR I 1273 SCR IS 22 R 2% 5 B LR PR IR 5 28, ST
H ¥4 R BT SOAR SRR FRAR TR . S0 ARSI B Se 20 1 W 2 5T IR 2 AR et AT 4 PG PO AR AL 53
W3(2):

Xqq = Linear (X ) e R¥™® )

Soh DY S AR R EAERE . SO 2 2R LSTM IS HEAT R FI4IS, 432 LSTM 8T [ AUS Rk
REHETRFNRE) K@) R0):

R =LSTM(x.A) o
R =LSTM(x,h) o
LA ©)
NFHIR RS BB IS B i, R 52 AN A sz et B A e, Wak(6) 2(7):
PE pes 1) = 5in ( pos/10000°/ %= ) o
PE s 21,4 = €05 POS/100007/ ot ) o

Horb pos AALE RG], | NMERERT], doge SYBRIYERE . DI B 2065 )5 AR IR 2 2k B i e P
BEATAEE,  ILE(8):

Attention(Q,K,V) = softmax[QKT ]V 8)

Ja

R Q KV 7l ntif) . EAFE, d EASKIOERL . SRR 2 2T 1 4 JR i R LR AR 7 A1
BN ERE R, WA(9). K(10):

a, = softmax (MLP(h,)) 9)
S L (10)

Hrp MLP AZ R A& ML, h, NFHI0 SR &S .
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33. BEXZERIESY

25 A RSy SO T B R I 2 B A, W3R st SO BN A G5, HR A T A,
W) (28 B RVE N . %5 3181 BB AR AR 2 2T BN ROR, #i@uzummﬁlm%m}%%mﬂ
H, SN B A 1) A8 BRI RCER A X T AN HAR R4, 2k T AT I R i 2 3 8 A0 E B G = (V,E) »
Hov AT RS, ERBES. WAFHEEREERRIZIPRESE S, TR ST 24800 (1) 7 8] 25 25 A1
ﬁzﬁﬁi}}%fr%i, L (12):

d;
W, = exp(—gj 11)

Horbrdy NEMT A j Z AW LEGIER, o NS RIZEEERNERIES ML, )2
(75 = Ros T A~ K (12):

jeN(i) /0

]

e { 3 mehgn} @

Horf N() FoR T 8T ADESES, d AT AR, WO RS ZRHRESRE, o ABOE RS SINER
JIBUH I 50 22 4 ) 52 LG AR A, IR N (13) 7(14):

e, = LeakyRe LU(aT [Wh |[th]) (13)
B exp(eij)
“e > exp(e,) 9
keN(i)
H o NEEIIE R E, || FR M ETHEERIE . R BRSO B R e e g e 4L 1n) &, W
A (15):
hpa = MLP@mean(H )imax(H); X ah D (15)

Hrb H O R, o N R B EERCE,  hy, A SO A S
34. ZREFEMESX

% RUSRFE AR 73 SOR AT 22 00 HRAR A HEARA S AN [F) R S2 BT 1) 25 R 5 AR BRI 22 R P A I 22
fibo Z A ERMEGR BB EEREL MEBUARA, SCHLA R Ea0T 2 425 1R S04
JIRFAESR . R Z A IATIN— 4G5, AR A RN B R, WK(16):

f, =ConviD (X, kernel _size =k, padding = k/2) (16)

Hr k NARBERIZ AN, B SCHRIUA [F] R ARSI -
KRR BRI 2 2 AN AT 030, HA(LT7):

f siation = DllatedConle(X ,dilation = d) 17
Hepd AAFEPZRZ, T RBSZE . i | T RERLE Sl 2 REE B S, Wa(18):
F, = Conv(F_, )+ Upsample( .+1) (18)

Horp R FRORE 1 ERHEIE . S5 A IEIE A A U iR s a(19) K (20). 3((21):
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M, =& (MLP(GAP(F))+MLP(GMP(F))) (19)
M, :o(Conv([mean(F);max(F)})) (20)
Ny = GAP(M, O M, OF) (21)

Hrb o FRBICERRIE, GAP N, M ONIEEERT), MO EER LS.
35 BiENMNERMSSRERL

(5 AR B A R T T TR LRI R B, BE2E S S SR R AR 2 s . 2o
S S 25 11 30 R DU 799 3 AR D RE A RN 20 T B, OISR AN . S T = AN S M
HEFR Py, Mo+ HHELT LR A1%(22)

g = O-(MLP([hseq ;hspa ;hmulti :I))I (22)
Horbi e {seq,spa,multi} , o 4y sigmoid WoFE K H . RlE 5 RIRFIER R W(23):
hfused = gseq 'hseq + gspa 'hspa + Qi hmulti (23)
2 R AU R 2 = AR, Wa(24):
P = softmax (MLP (hy,, )) (24)

Hrh P e R*ER=AN KB TRIMMEZ
4. SEW SR o
4.1. SLENRE

SCIGTERCE NVIDIA RTX 4090 GPU. 64GB WA7I TAERS 4T . KA PyTorch HE42 L3 MSTAN
P4, MSTAN FEAR R 25 B0 B 02 40 T F7 A TiAd #2459 20 1 0 3,984 INERREAR, 7k E =
AN B US-101 BB 3,258 MEEA. 1-80 B EL 622 MFEA. Lankershim BB 104 MEEAR . BNMEEEL
(R 42 R 8:2 I LU BE LRI 23 A I ZREEANIINASE , BRI TN [l $2 AT &N 3 s,

Table 4. MSTAN network hyperparameter configuration
Fz 4. MSTAN W& BSHECE

g SRR HUH
TNYEE 450

ANZE B B 30

R TR 15

BIiLSTM Bt i 128

LSTM JZ%¢ 3

FA Wb ) 8
Dropout % 0.2

GCN P2 64

o GCN ¥ 3
BRI P L 4 256

AT R 8
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HBRIZ KN [1,3,5,7]
et [1.2,4,8]
PRI i HH IR TE 4 64
i e T 256
MLP B8z [512, 256, 128]
Rl R Dropout % 0.3
P B ReLU

4.2. TEfviERR

T AT VEAG PR ) MSTAN B (M B, AR SCH S AL 24 (Weighted-Average) ] Precision.
Recall 5 F1-Score, LAk #4285 AHETxT 45 R FEmT . & 380 M E Al 48 r e X=X (25). X (26). =X

(27):
Precision; = Ll (25)
TP + FP
Recall, = TR (26)
TP +FN,

F1 =2 Prec.is_ioni - Recall, .
Precision, + Recall,
HP TP R RN EME, FPRRMIENE, FN, R R P14 (False Negatives) . 7EILIEAT -, SR NAL

FEIH T O S R TR AR AT R A, ML (28):

C
WeightedMetric = %Z n, - Metric, (28)
i=1
H N RoREFEAY, CRRIGIEL n AT REIFEALL Metric,) FonXT R Precision. Recall
o FLAH. SRR A (29):
C
2. TR

Accuracy = HN (29)

FLHR TN, R R EIME.
4.3. MfEEFE

NBHIEATHE H MSTAN BRI R, A SCIREL T 2 P /e 5453 00 5 %90 25 T 00 At i FH ) e 2
PRLHEAT X s, BARGEEAL S P v TR A A ARk S R A K as B T, RE
DNARSCHR H 1) MSTAN A5 RS $2 (A A THT 1T 8 498 10 14 BT L«

LSTM [11]: B TOEHE I 4% (B 7 B v, T4 0k 5 1 8080 v i AR G &R

BILSTM [12]: #£ LSTM JEfili b [F] i) =5 T m) 5 5 [\ B A5 S, DL SREHIE Rk B

CNN-LSTM [13]: Z5&BRMEm%EA LSTM 1RARR, FIF CNN FeHUS I 2SR 0E,
LSTM Ffi R ) 44

Transformer [14]: B TVER NI RFHIEBNESE, RE8 IFAT BB IR BB R .
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Social-LSTM [15]: 7E LSTM it B 5| NAEAZ A AL, SR A% H An 2250 5 40 F5 4240 1) 28 B R
Ho

BIER SIME(GAT) [16]: 2T K2 W4 (138 BT v, G0 I VR JIHLH Bh A4S T 5241 FE 2250 AL
#,
4.4. LWHERE S B 7 AR LS008

% 5 /R T MSTAN 52 AFL 75 E = /MRS B ERex tb. MSTAN 7ERTA P fibs L35k
P, 7 Lankershim #%ECHERGZR A 95.2%, 7 US-101 A1 1-80 #% B 7> ik 1] 98.3% K1 97.6%. 1 A 1%
ARSI, ZEAE 2 I A ROBERFE: SR SRR I 0.5~1.0 B A 1) LRI [ g B2 AR Ak, T
THRIE B ZE AR I N 2~3 FD [ S T o A% 5077700 GAT SR FH [ e B g5440, ¥ A )B4l 33 79 o st
A, MSTAN @I 1x 1. 3x3. 5x5, 7x7 HATERIZL 0 HIFE IR A0 . ks, SR
KHAE B, 7E 1-80 Hdf4E F3iil 1.6% R BRI, NEFIZ(L x 1, 3 x )i IR I SRR B L% ) S5 g Fp
174, KBBUZLG x5, 7 x 7)IRBIFERTEGHE . 12D 5 H AR 4218 S8 i A iE fE 45 .

Table 5. Overall performance comparison of different methods on three datasets

5. PRIFEEZNHIEE LA REXTEE

Lankershim US-101 1-80
WaRrS

Acc (%) F1(%) AUC Acc(%) F1(%) AUC Acc (%) F1(%) AUC
LSTM [1] 90.5 83.0 0.886 92.9 89.3 0.915 90.3 76.2 0.884
BiLSTM [2] 90.5 83.0 0.886 94.2 91.3 0.930 91.9 81.3 0.903
CNN-LSTM [14] 95.2 90.5 0.943 95.7 93.8 0.948 93.5 85.8 0.923
Transformer [15] 95.2 905  0.943 96.0 94.2 0.952 94.4 88.2 0.932
Social-LSTM [16] 95.2 90.5 0.943 96.8 95.4 0.961 95.2 89.9 0.942
GAT [9] 95.2 90.5  0.943 97.4 96.3 0.969 96.0 92.0 0.952
MSTAN 95.2 90.5 0.943 98.3 97.7 0.980 97.6 95.5 0.971

% 6 M1 T MSTAN FER A E BN AT MR B TERERIL, VPSR A Rl OB AT R
REJJo BT =AM BOMHR AR 1 43 FOPERE /0 AT i, MSTAN TEAN A% BRI AN RIAT 2 3 R R 47
FIRBIBETT. BT i B R AR o A0 AR AFAE 22 7, BERAEANR] B B B RIS A AN, (HEA
TRfr 7R R T RE -

Table 6. Detailed performance of MSTAN by category on test sets of each road segment
Fz 6. MSTAN 7E & BRE I 8& _ERY 4 2R TF 4R 1% 8

B 2 FEASL F 1% (%) T B (%) F1 73 %(%)
T iE 141 96.6 100.0 98.3

Us-101 TRFEEE 382 98.5 100.0 99.2
il 129 100.0 915 95.5
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T ¥riE 19 95.0 100.0 97.4

1-80 TRFFIE 88 97.8 100.0 98.9
VL SE 17 100.0 82.4 90.3

Fr e iE 14 100.0 100.0 100.0

Lankershim TREFETE 3 75.0 100.0 85.7
FitiE 4 100.0 75.0 85.7

45. jHRASCIE

451 SHXTEE S

NERIE MSTAN 273 SCZER & B, AR AT T RGHASLLS, @B BB BRANE 73 3L H &5
BT DTRRE o SRIRBETT T LRI E . SeRE AL A SO R R (RSB — AN 40 30)« Lo SCORBR AR Y (1
AN £ 7ERER, BFHSEEEABEIEE D TTIRECR, BRRJE US-101 A1 1-80 MERES
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Table 7. Branch ablation experiment results
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Table 8. Attention mechanism ablation experiment
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R E US-101 Acc (%) 1-80 Acc (%) Lankershim Acc (%)
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Table 9. Performance comparison under different observation window lengths
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ML 1 (s) Us-101 1-80 Lankershim

Acc (%) F1 (%) Acc (%) F1 (%) Acc (%) F1 (%)
1.0 92.3 88.2 91.9 81.3 90.5 83.0
2.0 96.2 94.5 95.2 89.9 95.2 90.5
3.0 98.3 97.7 97.6 95.5 95.2 90.5
4.0 98.2 97.4 96.8 93.5 95.2 90.5
5.0 97.9 97.0 96.0 92.0 95.2 90.5
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Figure 3. Effect of observation window length on performance
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Table 10. Performance under different prediction lead times
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Figure 4. Effect of prediction lead time on accuracy
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