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ABSTRACT In recéntyears, with the rapid development of big data and artificial intelligence technology, the research on
data-driven automatic,driving vehicle lane change intention recognition has become a hot topic in the transportation field.
Numerous scholars<havesdevoted themselves to this field and released a large number of innovative and practical research
results. Howevet, this field still presents common technical challenges, such as accurately identifying the lane change process,
handling missing lane change labels, and addressing imbalanced data categories. These issues remain the focal point of
current research. This paper aims to classify and organize current research from different data-driven methods, mainly
including lane change intention recognition methods based on traditional machine learning, deep learning, and ensemble
learning. There are two mainstream approaches in the academic community regarding the identification of lane change
behavior. The first approach mainly focuses on the vehicle not crossing the lane line, which is mainly suitable for early
recognition of the driver's intention to change lanes. The second approach focuses on the actual crossing of lane markings by
vehicles, which is often seen as the identification of the complete lane change process. In academic research on lane change
intention annotation, the selection of fixed time windows and heading angle thresholds plays a crucial role in the accuracy of

annotation. These parameters not only affect the accurate recognition of lane change behavior but also directly relate to the
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stability and reliability of autonomous driving and intelligent transportation system performance. Therefore, researchers have
conducted in-depth discussions on the impact of these two parameters on annotation accuracy. To find the optimal fixed time
window and heading angle threshold, researchers used the grid search optimization algorithm for optimization. This method
performs well in fixed driving scenarios by traversing all possible parameter combinations and selecting the optimal
parameters based on preset evaluation criteria. However, in practical applications, driving scenarios often have diversity and
complexity, and different driving environments, road conditions, and driving styles of drivers may all have an impact on the
recognition of lane change intentions. Therefore, how to achieve adaptive parameter adjustment so that the annotation
algorithm can maintain high annotation accuracy in different driving scenarios remains a challenging problem. To address the
issue of imbalanced data categories in lane changing, researchers adopt two strategies: one is to adjust the data sampling
method and use under-sampling and oversampling techniques to balance the number of samples in each category; The second
is to use classification models with strong adaptability to imbalanced data, such as ensemble leagning algorithms or cost-
sensitive learning, to maintain good classification performance.
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1.1 2T RFIPIHEREIRA

BT AL 2 I B W R 7%, HRF S TR e AR BN s, XRFIER
FHRFAE TREX BB AT B, DUIR T3 R AUR . Horhr, SCFFITEALI (Support vector
machine, SYMY {EA—FhE iRk, (R R s B BRI A, RT3 1) 2 R
241, SVM il jdag o — 8T 1, LA KA AN RIS BIRE A 1 18] B -

Wang 25045525 3 AR RFE, FIFH SVM $2H T 4Fx 2R iE s = ER B A . X IR
I B E FIRARAA RS 20RE N A5 R ol =K. 8 sE R sei A28 2 s s, oot
SRR, ERAL (contempt) 1HZE N, #id RISl Bl s, 20508 91.52%F1 91.35%.
BUIZEFIRR 2 268 T — N SVM I il A B4 18 = BRI 7V o &7V o 88 35 T #e
TEVEAS . HaE BRO AN E AT = AN B BUIIEE R A T B8 0 — AR 3 54 A AT IR AR AR B v
H/E NGSIM - US101 s dE L7 9ui0 30 ur . 2%, HUIZE IR0 352 T 96.49%F1 97.68% (1)
HIE N A . SR, AN B — 2 g S ) SR B A 2 DL A T DA AR B Y B R 1 . Benterki 55023
TEWFFCH R SVM X s A B o s BEET TR, /2R ol . R (R R A HE
£ NGSIM sl AR b, 20 ERRAER R IE R [ 97.10%. Li FRAEHFEHRA T ABC-
SVM ikt v e E ER A RN THE#ERE (Artificial bee colony, ABC) fitfk SVM %, M
IM7E NGSIM US101 H4E4E L5231 96.19% 1R A 2



WF R R REE (Hidden markov model, HMM) 1EAbFRIZESEEHE 5 I FIOC 8, BEES
AT 7 PN TR SRAF R O 125300, % SRV (A% O JEAEL K WL 7 3140 9 o BRSS9 A
ST, IR A 2 BRI 5 BEsBUIR A 2 18] I BE 2R 54 7% 00 SRR EAT HEWT AN TITI . Berndt Z¢ 125142
7 —FEET HMM ) SR E = BRIV, SCR T BARZE T [0 5 5% M R0 A T B AR R
ik, HEAAEFZRIER] T 74.00%. 2= 5asmS5ERoE— B0 71X — T3k, M IRE 1 U sk
(Bayesian filtering, BF) 5 HMM K47 #i & BRI E R HMM #4798 000, Bl fe i
BF it i A n#id B 45 R . Sid SEESIRI0E, 12 AR FIA R T 93.50%. Liu ZER70) %
FAEL 2 10 m 3 (Nonlinear polynomial regression, NPR) 5 HMM, #EH T —F# AR5 /R
T K (Recurrent hidden semi-markov model, R-HSMM) & %Y F T i &= FR A« LEREAF7E A B 2%
b sEIe el BRI, ZTER B R R 1A 97.85%. IRIEERIE S SR AT (Gaussian
mixed model, GMM) &R & /R 7] RAEA! (Continuous hidden markov model, CHMM), #&H T
— o T R T e PR AR A . B SR SRR IR UE, AR A B E AT IR BIER T 93.60%.
HH 2 WSRO T T 2 4 m R A R /R af KB (Multi-dimension / gauss < hidden markov
model, MGHMM) )i & BRI 7738 A 145G Carmaker ZE503)) 7500 A 4 48 1 AL 25 0
T, JESEELT 88.00%MIRAIHER R . XIERELIFE T HMM 5 SYMYIIERL, 21 7 HMM-
SVM #ER AT B R A . G0 SEESEIG IR, 1245 Y 1) 480 i v A Rk 2N N95.83%

Liu Z5BE R T2 25 DL 2% (Dynamic bayesian network, XDBNY #4717 #is = &5, 16
NIT RS HighDB2 ESZHL T 96.05% KRB HER# . David &IV A 1 —Fhde - N AP p) 25
(Artificial neural network, ANN) FPIRAHLZ BAT NIRRT, 12 8@ IS 5w SCIRENLA ki e
REZEWIR R, IR ANN Bt e R, EUIRAPIE SRS 2 A AT H R BUOR 724
HPIRZS . R0 B ds LA SEIG A R R, MR B ERR R IL 2] T 92.82%.
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Table 1 A summary of traditional maching¢ learning on the lane change intention recognition of autonomous vehicles

Works Algorithm Year  Lane change Datasets Accuracy / %

Wang et al. [2%] SVM 2020 - Real/Simulator ~ 91.52/91.35
Zhu et al. 21 SVM 2017 (b) NGSIM 96.49
Chen et g1."122 SVM 2020 (b) NGSIM 97.68
Benterki ¢t al. 123 SVM 2019 (b) NGSIM 97.10
Li%et al. 24 ABC-SVM 2021 (b) NGSIM 96.20
Berndrésal. %9 HMM 2008 (a) Real 74.00
Li‘t al 20 BF-HMM 2015 - Real 93.50
Liu etal. 27 R-HSMM 2020 (b) Simulator 97.85
Liget al."28] HMM-SVM 2018 (a) Real 95.84
Xu &t al. 2] GMM- 2020 (b) Real 93.60

CHMM

Tian et al. 3% MGHMM 2020 (b) Real 88.00
Liu et al. 311 DCIE 2019 (b) HighD 96.05
David et al. 33 ANN 2021 (a) Simulator 92.82

1.2 EFREZFIMNREEEIRR

PR TAE G INLES 2= 21 J7 4, B TR 5 ) W T AR R SR BT T Fe I H B 5 I RE /7 - Fang
GEBARRE T AT IRE ML ML (Deep neural network, DNN) ¥ s 23 6 4 = BRI T &
EITVEA B bR 25 S L B SR ) SR BAE R IE RN, FRE T A HiE . R R AN
AHRIE =288, £ NGSIM US101 A1 1-80 Hidluf ERSEIGS R BoR, %07 I HIR A HER R Ik 2
T 88.88%.

PEIRFh 2% (Recurrent neural network, RNN) [ 42 ¢ 51| B s AL FR RS 77, TE¥E =



BRI AR T 2 R . HARFKE R 812 %% (Long short-term memory, LSTM) Fl[ 147§
¥ (Gated recurrent unit, GRU) WEIZAA T H . Li SE5R A AT RNN #iE = BRI
Tk, R A ZES A BN E R R R eI, XTE T LSTM M GRU WP /. 78
NGSIM  1-80 i 4E b, BM I R BIHERH 27051 96.00%1 95.60%. Ding ZES2ANHRH T —Fh
BT B ZEFAT RGNS, K GRU X H AR50 L H R B 2 T gt i Ad 8 5
i S K. £ NGSIM US 101 1 1-80 #4l 4 b, &7 kMR AEZRIE R T 94.40%.

Zet UAE PO T T LSTM i = BRI 78, S56 T H ARG58RI JE 7S 28 10 g st 3
IEERAE RRFAE . %77 RF LSTM X i) 7 3m 3479w hS, R Softmax bR %% H #iE % . 7E
NGSIM  US101 F11-80 F#fE 4 LT 75258, INAIHERIZE N 87.43%. Wang Z5BTHHEEF LSTM
TG, A B AR ZERANE S E, 7E NGSIM BE 8 F ST T 92.59% 1R BIvEff 2 . X fess
DT R F AR LB S R 1) 7325, S56 SR AT R R Bl 22 43 B3 vl A7 Ve fr ALl
KIEIE1Z %% (Bi-directional long short-term memory, Bi-LSTM), SEIL 1, 950660 1R AR o
RIPEHR SR Y T b & 46 4-BEFLY (Conditional random field, CFR) A LSTM it & BRI 5
7%, fENGSIM 1-80 4R L kiE ) %A 2] T 91.64%. KIGREVE—DHA T Bi-LSTM i
A, fENGSIM  1-80 F#4E FHUS T 99.31%MIHEM% . g SEaGETNCSTM A4 2 1) 4 1 = 181K
BB, AT EHERZER R B 8 WZE I DT SRR AE, A IR A e L A s i 2 2 b
1500, 7F HighD $d55 LA F] T 98.34% MR AR . Dang S 244 i 2 IR A1 1] f Ao 5 T
LSTM WZ& [ [R1 VT [ i, FE7EXUZE T8 25 B4 L Db AT 75286, MdBAR AR RIE R 7 92.50%.
EOLZEBIZE S Z T = ). BRRMAE ML (Convolutionmeural network, CNN) 1 LSTM B %, %
T R A B R R B U, 7E NGSIM US101 i1 1-80 A4 5 _E R S HER R IE R T 95.50%.
BRE R AEBFE T SLSTMAT (Social-LSTM-Attention® 535, SIN T HFRZEMHE S HE, it
BRI WM B PEAUF 45 AR R IHLH], 7F HighD BiEed SEBl 7R FE A 94.01% 1155 . Zhao ZF145)
$2H 7 DCLSTM (Direction convolution LSTIMY it & KR J57%, 75 NGSIM US 101 F1 1-80 ¥
£ ERRAIRIEE] T 94.10%. Su ZEHOHRH T BNEME AN LSTM 532, FIFH 2250 D7 s2 Huds F B L 7S
R Y AIRES T o = R, 7E NGSIM US101 F1 1-80 44 L (1R mI %Ik F]
87.40%. Scheel ZE47. 48 SSIfE LSTM FHefithh Rl 1y & AL 34T e = R0, 78 NGSIM
HighD ¥R 4 F AR B 2519 9610%F9199.20% . Armin Z5M40FEF LSTM &7 7 Heiif & KR Hil e
B, ST A FRRHES 805 F B R A E R B B 50, 7E HighD 48 F i ) 208 5 7
92.43%. Liao SF105E T LSTM 15 1 #eild & RS, i\ 7 28 08 Rk IF A ZE 4022 BRI R . Yan
LGSR H T 5T GRU MG ER AR, fBA mARE A, 7RS4 Sei iR 2R IA ] T
94.76%. A RZECLRH TIET CNN 5 GRU JRfl&vE S AALH g R AR, e THES
JE B S HZE 10 5 SRR, £E NGSIM US101 %¥55_E R BIUHERRIA S T 97.37%.

{RFELEOE S Fh 3 T HMI M 2 4% (Fuzzy neural network) 725 I A\ i = B, 78
SEAEBRHEATSRUG Wl R AR IE 89.93%. Wei ZRI7RE H —Fh L T8 2 2 ST SEA AL X 45 1)
Heid R R Gy R RAG S AN SR, 8 o A v A I 2 i SR A I ZE 3 AR ATy, TR SE
F £ L SaG RS 60k 86.95% . Griesbach ZFISIFE HY —Ffi [B] AR ZS M 4% (Echo State Network, ESN)
(2 B R 7925, RN B UREAE (B . FRSRRHIE (B0 5 ZE 4 p BE B ) A0 25
RESFHE (B D, 78 H ARSI ERf 215 95.00%. Guo FEME H —F%: T Transformer
[P e Tl B 4 T PR R AR R, A SRR TE B B AR RN ZIA 95.70%. [RIFER, Gao S50 R
Transformer #5 >R1R 7 #e i = &, & NGSIM F1 HighD £ FaATI0UE, IRAIHR 55N 97.46%
F1199.39%. Mozaffari SE614 H —FhoF T 2 G F M A A SRR R, 8IS B2 I 25 2
R RIS AR S 4,  7F High D Eda4E LR HER R 1A 83.00%. Izquierdo Z5[0214¢ HY 7 —Fp At
T BN E N 2% E5pfl = ER B T, TS0 RS H B g S A Rt 2 A Rk
— MR —[) RGB B, 1EA BRI, £ PREVENTION (445 Ml vERf 214



83.40%. David SO0 4247 il 55 1B R ) 1) U RSO IR M LHE B ML 0 2R (B A 70 S el A, 3
TR MA@ ARBIER, 78S PRIE B R B IX 90.30%. Guo SEIGARAR Y — b T R L
HEIX A AT 1CAZ /4 (AT-BILSTM) I8 & RIR AR, Tl Hr B 3 R IR BRiz 5. =k
MR A UL R RIE S AE0T AR HER R IX 93.33%.
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Table 2 A summary of deep learning on the lane change intention recognition of autonomous vehicles

Works Algorithm Year  Lane change Datasets Accuracy / %
Fang et al. 34 DNN 2022 (b) NGSIM 88.88
Ji et al. 3] LSTM 2019 (b) NGSIM 87.43
Wang et al. 7] LSTM 2022 (b) NGSIM 92.59
Zhao et al. 38 Bi-LSTM 2022 (b) NGSIM 95.06
Song et al. 3 CRF-LSTM 2021 (a) NGSIM 91.64
Zhang et al. [40] Bi-LSTM 2020 (a) NGSIM 9931
Gao et al. #] FC-LSTM 2023 (b) HighD 98:34
Dang et al. [42) LSTM 2017 (a) Simulator 9250,
Gao et al. 4] CNN-LSTM 2022 (a) NGSIM 9550
Cai et al. (441 SLSTMAT 2020 () HighD 94.01
Zhao et al. [43] DCLSTM 2022 (a) NGSIM 94.10
Su et al. 4] LSTM 2018 (b) NGSIM 87.40
Scheel et al. [47-48, 53] A-LSTM 2022 (a) NGSIM/HighD 96,10/99.20
Armin et al. 4] LSTM 2023 (a) HighD. 92.43
Liao et al. 301 LSTM 2022 (b) S -
Lietal. U RNN-based 2021 (b) NGSIM, 96.00
Ding et al. 52! RNN-VBIN 2019 (a) NGSIM 94.40
Yan et al. 33 GRU 2019 (b) Real 94.76
Zhao et al. 34 CNN-GRU 2022 (a) NGSIM 97.37
Ni et al. [5¢] FNN 2016 (a) Real 89.93
Wei et al. 7] DRNN 2019 (b) Real 86.95
Griesbach et al. [58] ESN 2020 (b) Real 95.00
Guo et al. 3] Transformer 2022 (b) NGSIM/HighD ~ 97.46/99.39
Mozaffari et al. [61] A-CNN 2022 (b). HighD 83.00
Izquierdo et al. 162 CNN 2021 ) PREVENTION 83.40
Cao et al. [60] Transformer 2023 (a) NGSIM/HighD  97.46/99.39
David et al. [63] CNN 2020 (a) Real 90.30
Guo et al. [64] AT- 202} (a) Simulator 93.33
BiLSTM

1.3 ETFEREIREEE IR
W 1) K SR L6514 Y — o 5 T SO W ity 6 FE 52+ (Extreme gradient boosting, XGBoost) HJ#iiE ik

TR, iz AR XAGIE A RS (Grid search, GS) HyEifk— BT THAIMBE, fFsLPriE
B AR RN 86.20% &, SA TN S 0014 Y — P 3 T BEHL AR ML A (Random forest, RF) 1)
RN AR, BhoRE S ERINEE . Ty B O TR AR AN T 1 A R SR
ESH, E BB REES, #iE R A %A 93.92%. Zhang S5EO674E H —Fi il & RRAE T2
(RS 6 L HR Tt (FE<XGBoost) kil B B A, 7 NGSIM - US101 A1 1-80 ##5 4 F#t

TE R ZRIE 95,30% 0 J7 TS EE O8] $ H — PP SR G /R B F I id1Z M 4% (Mixed teacher force long
short-term memory] MTF-LSTM) F% st B 2 7+ 5798 (LSTM-XGBoost) [ = EIR BB, @
i MTF-LSTMIM % S DR SKRPUIERFAE, 5 T SRl T 456, 181 XGBoost #7732, 1E
NGSIM  US101°F1 1-80 #¥u4E iR BIHERE R IE 97.70%. Zhao ZFIOGh &R EMZ M 4% (DNN) FlHk
Uiy s EE B TH SRR R B B R I, 7R SRR RN IR 92.46% . Syama SO H —Fi AL R 2T (1)
il S R AEAY, G SVM A RF A8, 7E NGSIM #di 48 FHid hOp e 314
96.00%. Abraham %571 H—FhJE T RF #eil & BRBIEAY, 75 NGSIM US101 ##i 4 FiR I ZRik
98.60%. Zhao ZFU247 i —Fhf & XGBoost Al LightGBM f4E ik 2 > i s R IR R, gh & H bR
ZEAH L )\ ZE D7 SRR AR (S R, (B SERRIE PR HR AR FAR I HER IR 96.32% . SR LN SET3INY
e T MBS JE IR AS T 13l = EHE, R EERE R R E S vk, s
RF. SVM. LSTM Al Bi-LSTM #i%!, fEHifi /5 0.5s 92 96.35%MUERIZ . Xing ZET4 1 —Fh
fillA Bi-RNN M1 LSTM ()82 55 SRR IR i (], i 3845 kA VBOX JIT R 4R 1) it



AT S 2528, IR RIVERRZEk 96.10%. Deng ZEUSIHET- RE 42 H— & HR Sh B0 1 3 72 [ IR
PIRERY, fE 2 IR 28 AR AR R IX 99.00% .
3% BRI TR ST ST TR
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Table 3 A summary of ensemble learning on the lane change intention recognition of autonomous vehicles

Works Algorithm Year  Lane change Datasets  Accuracy / %

Jiang et al. [63] GS-XGBoost 2022 (b) Real 86.20
Hei et al. [¢¢] RF 2020 (a) Simulator 93.92
Zhang et al. 1] FE-XGBoost 2022 (a) NGSIM 95.30
Fang et al. [68] LSTM-XGBoost 2023 (b) NGSIM 97.70
Zhao et al. [%] XGBoost-DNN 2022 - Real 92.46
Syama et al. [70) SVM-RF 2022 (b) NGSIM 96.00
Abraham et al. [71] RF 2021 (a) NGSIM 98.60
Zhao et al. 2] SFM 2022 (b) Real 96.32
Zhang et al. [73] EL 2023 (a) Simulator 96.35
Xing et al. [74] EL 2020 (b) Real 96.10
Deng et al. [75] RF 2020 (a) Simulator 99.00
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FEHHE DX A 1 i T RO e, EE RGO GE L T R Ry DA R el K AN o
A ap ﬁ?‘ﬁ KT H 35 Bk 2R A T R RO A% O 1 R, BREERTE I RN E , AEE M A Ty
RIS, BE—FROTVE (K a) KRS T R i SR SR 'EZHU BB R, W sCiRes 28 33,
39, 40,42, 43, 45, 47-49, 52, 54-56, 60, 63, 64, 66, 67, 71, TSIFFFiR ;53 —Fh 7k A0 b INJUPRE 5L Ik 57 ARl S 1R 30 20 B AR
SR IG LR, SO RI21-24, 27, 2931, 34, 36:38, 41, 44, 46, 50, 51, 53, 575961, 62,65, 68, 70, 72, MU IR . b T e i BN
(a), & FEH TN IR Beits i 428 Zeaip Hed S K Mo T#iE g AB0E (b, el
G 1 RIS I 2R 2 S I A B

(b)

1 PR R IEL TR () RIS EEIL AL (b) PR EIETL AL
Fig.1 Two mainstream lane-changing/proeess: (a) Vehicle does not crosse lane boundary; (b) Vehicle crosses lane

boundary

T B AR ARG AR 1 1E B RS AE R P SR8 b O T A T AT R A 4 i B b
., BRI AR =M EZ T B AN E RRIE A E 7, ST WL P AR T
o — MR R A V5 (Fixed time window) : X F#uiEidfEiNE (a), TEHEIGT S (B
5 T8N AR T 52 I R] T A 8 B AR 2828, 38, 40, 42, 47, 48, 52, 55, 7], o T4 ik A
GE (b)), MR ERE F AmT 5 S E 1 [BE I TA) T/2 /R i Anas 2123, 29, 991, 5y — e dm v 7 1
LA A BIEE (Heading threshold), 1XFh 5 vk % ﬁ?i%lﬂ’]ﬁnﬁﬁ%/}ﬂﬂ%ﬁ/ﬂﬁ% 2E. Bk
Kt ATHIESFENE (), PAREIRF SE N BIEZ L, AR EHE X — I 5 — 00 B )
A, I E ) R E R R 3l = AR LG A N T HIEE R E (b)), VR HRIE IR SR E
WL A, IR B R E B A 4f a0 5 2 1 f 436,41 8. 770 A i n) A BV, R AR R S
b R TR B N B TE AR RS . ARSI A ”]lﬁiﬁl—?‘ﬁf*ﬁ/zﬁﬁ’ﬂﬁmﬁy Tmﬁ*ﬂ%ﬁﬂﬁ@fhlﬂﬁ'ﬁ
fi] 5 B 1) B 1 ) 4808 B B bRy vE (Mlixed),  DAFIRIE I S s/ E At 28 ok p, e a0 e Jof P o8 AL A o
T E) A, AR IR b e [ E B O T B IE AL R
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Table 4 Methods of lane changing labeling



Lane change process Date labeling Precision  Robustness  Process cost

a Fixed time window - - +
a Heading threshold + +
a Mixed - +
b Fixed time window - - +
b Heading threshold + +

[i5] 5 INF ) 2 02500 T AN RS0 T BE AN T8 B2 1) 250, AERRIIR 2, X T R8T 211
THER T T RAEREIREREE, I EAnfafe i B 0 T 2 — AN R, i B E VT8 = B bR
TORGHE, HRNTAFE S, WHRifE pin M B E 2 — M EZEAE N R 4460 BiRAR#IE = E
FREEVERIRE i, RP+RRBAE, -RRB

FEHTE = R e, BB AT V2 SR F A RO R R IR SRR (A Rt . N L2 (4
PEAEA L E IR A BE 5 2005 FEHEH ) NGSIM ZE 4781, 8 [ TEER Tk K% 2018 AEHEH ) High
D PR, 2022 Rl 2 Bk R2AHEH /) CitySim 0840, Hd, NGSIMAWEEH T F 45
ARBRE, RZEART K. High D Al CitySim £04 SR 808 5 R BN Je it (1) AR BRI, A b %
KT HURE R ZE . HEBIE A LE SRS B R, AN A4 2 B0 A A W 2 R
LA NGSIM US101 F11-80 Jyf5l, #ei i ISR WHE /e il . ARl ORAREIDGHRIE, Horb, B fREFR
A (109 BRI KT AHIE (105 H54#E (100 MR . TR s = B H0RE
AT R, TR BT R R AR R 2 T R B s R O AR 30, B R R
KAERIL KA o SRORAEARFBAEXT R IBFEA AT KA I8 D Z R BR PR AN, AT H S/ N RFEAR L
HE R AT 22 2] o I SRR ) 5 R AR B, J8 s o) /D SRR AT 338 0 SRR DASR A FEAR N4
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Fig.2 Lane change recognition framework based on ensemble learning.
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