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Abstract: Accurate recognition of lane—changing intentions is crucial for the safe operation of autonomous vehicles. This paper
proposes four lane -changing intention recognition methods based on Support Vector Machine (SVM), Fully Connected Neural
Networks (FCNN) , Decision Trees, and Transformer models. These methods are trained and evaluated using the High D trajectory
dataset, with the target vehicle’s speed, acceleration, and headway as inputs, and the lane—changing intention as the output. Three
input combinations are designed: one without considering lateral motion ( Combination 1), one including longitudinal acceleration
(Combination 2) , and one integrating both longitudinal and lateral motion as well as vehicle interactions ( Combination 3). The
results indicate that the Fully Connected Neural Networks performs best across all combinations, achieving an accuracy of 99. 7% in
Combination 3. Decision Trees excels in recall, with an average recall rate of 99. 5%. The Support Vector Machine demonstrates
higher robustness, with an average metric of 98. 48%. However, the Transformer model shows subpar performance, with an
average accuracy of 87. 1%, although its recognition capabilities improves with the addition of input information.

Key words: lane change intention recognition; Transformer; Fully — Connected Neural Networks; Support Vector Machine;
Decision Tree; connected vehicle
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Fig. 1 Schematic diagram of vehicle lane—changing process
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4 LIGEH

TE SRR Y AR SCHR H A4 ] T4 1 2 1 U
[ Transformer 158U | 4= 3% 422 i1 28 ) 28 B AU e 3 )
BEAY SRR 1) i MU RS R AT H A, R AL B E A
[ AP A Y 27 2T 38 512K pRABCRINZR R 30, AR Ok LE
BATE, S8R A Adam IR ALK ARAR HERH
JETRARIYLE IRl PP K eRBOR A i L SRS
PUNGE R Z A K AR AR IR
4.1 SRIIRIT

FIERN AR AR BT N 5 R iz SRS (R
JIE IR L) DL R 2 4 28 (45 Sk (B] B I (][] o
B N 1) ) AH OGIBE , TR 5256 b | B R0 4 vh A AH
AR, AR £ s P B A 25 51 10t 3 AOAS A A
FRIEAG  TER 3 RS Y ()RR AE I ()RR P, T B 2y
MEARFAE 2 5 R B LR 2,

®2 BEHEEE

Table 2 Feature combination table

PR & FHERERE
1 DI HE 423k (BT, 7Sk I, i f2 5 1)
) SN, S 1) o B, 4 Sk B, 4 3k i

., AR ]

O 16 S JRE o A JRE A ) AR O ) 3
JE | 23k (1B, 4 Sk Ik B il 86 A i)

RSO RS R e o o A R EA T VA O
VUM AR JEE R PP A AR | LI AR p A 20

IR RN W
LK, + LCL, + LCR,
Accuracy = (23)

LK + LCL + LCR

Hp LK, \LCL, fil LCR, 4353/ 3 Fhiil &
& B BRI REA BiiE | LK . LCL F1 LCR 43 I R
3 Pt i B R REAS R B0

FEUE SE 5 T, T B AT AR T I R O 8 2
Windows 10, A SCHEA AL ALE Python 3. 8. 4
FEERY 2R AL o H Pytorch 2. 0. 0 FESZEE
4.2 BHIZE

ARSI K ok 1 v D B AR X
P TC AMILIC 3% 10 7 ] g 2 B b ) T s A 2K 44
PRSI, T EEE AR AT, H kAL
FEOCEA MRS @, Forh mILA R 22 M, %
BRAEALERS 2017 42 2018 4 3] fa] 76 F ) v 1o 6
b TE MRS S i P EE B 110 000 4 4240 (A04%
KRR W5 AL EGE 3 B8 A5 1 5% il Bt 1)
294 16.5 h, = D B4 R SRRy 25 Hz,
S (A7 B R 25 /N T 10 em,

R T ARBUAR S RS ARl SR [ 25 1 07
2 0 D SRR AT BRI IE . REAREAS I
SRR R 2 N FEAS T [H] 25 Z HiT Y 0. 6 s SRR,



5 6 1]

WU, A5« DU RECHE IR S0 i A i B R B D5 vk 121

LA i Je 5 A A

FEX TF 5T, s D B dE v fR i T
2757 4~ LK FUBFEA 571 4> LCL Bl HEAS Al 732
A LCR B A, LU T I S il A, %
PEAEARTEAE B LR 3, R TR AR X5
BIPREE S ROIAT TIE . SLRh— e RS
BCEILEK 4,

x3 FEFEBRR
Table 3 Feature details table

FRHE Y PRifE 22
RE A/ (m - s7h) 1.21 31.76
W/ (m - s7") 0.05 0.36
BET AN/ (m - s72) 0.11 0.23
NI/ (m - s72) 0.01 0.15
A3 6]/ m 58.42 63.52
AL/ (s - W) 1.88 1.97
HA1
HE2
4z
i
=
i
4453
FRAY 1 A2

CFFRTHLSVM)  (REEAZML)

b

F4 ERBSHF
Table 4 Model parameters table

S8 W fE
TER LA 1
i 2 4
U ERfwd 5 000
4.3 ERILLE
4.3.1 BIRVAERA XTI

(1) BB X L, B 02 T A
IEWRREAS G e RREA I L], &1 9 % 4 R
T SR R AT T XS L

PR 1, 2 W 4R R T
(R R 2 FLE AR U TR SRR 5 S RE ) B ALY ;
XFTAA 2, IR R R T 255 —  HE R 4
TP L 5 3 I LRI X AL A 3, 20
R GH A 1 FAME,

0.975
0.950
0.925
0.900
0.875
0.850
0.825
0.800

i Eilk] Finl4
(DA

(Transformer)

B9 #HEZERRELLE

Fig. 9 Comparison chart of model total accuracy
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chart under scenario 1
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