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A driving risk and steering intention prediction model based on deep learning

Cheng Fangming'’>, Hu Jiameng'’, Gou Rui'”’
(1 School of Safety Science and Engineering, Xi‘an University of Science and Technology,
Xi‘an Shaanxi 710054, China; 2 Xi‘an Key Laboratory of Urban Public Safety and Fire
Rescue, Xi‘an Shaanxi 710054, China)

Abstract: To address the limitations of traditional models in mining multi-dimensional temporal features
and handling class imbalance, A multi-task driving risk prediction model based on Class Balance loss
(CB) - Asymmetric Loss ( ASL)-TimesNet and is proposed. A sliding time window was employed to extract
multi-dimensional temporal features, improving the objectivity and granularity of risk level labeling. Based
on these features, four types of labels were constructed; forward collision risk, rear collision risk, lateral

collision risk, and steering intention. In terms of model design, the TimesNet architecture was
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incorporated to effectively capture periodic variations and dynamic evolution in multi-dimensional temporal
features, thereby enhancing the modeling capability of temporal information in complex driving scenarios.
Meanwhile, a hybrid loss function integrating CB and ASL was devised to improve prediction performance
under class-imbalanced conditions. Experimental results demonstrate that the proposed CB-ASL-TimesNet
model achieves an average accuracy of 0.908 6 in driving risk and steering intention prediction tasks.
Compared with the traditional machine learning model CatBoost, the proposed approach yields a 16%

improvement, and it outperforms the mainstream time-series model Gate Recurrent Unit( GRU) by 5. 8%,

verifying the significant effectiveness of the proposed model in enhancing prediction performance.
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Table 2 Criteria and classification standards for different types of driving risks and steering intentions

e TR ERI ik FHIREAR(K=2/K=3/K=4)
. N N s TN K=2.6 033/22 293
AT 73]l Z RIS K=3.4 397/1 602/22 327
25 KL e eleg G pn ZEPE A W PES T
12 XU W GBI RV s K=4.587/1 157/1 423725 168
N N . N K=2.5401/22 925
I B 7 WU E S E A - )
Tﬁb—(wﬁ T4 K-means 32 K=3.3555/3 453/21 318
K=4.875/1 828/4 551/21 072
N N § N s K=2.7 457/20 869
11 Y W RIS AR A .
A ) Tt K=3:6091/5 732/16 497
) K=4.663/6 197/1 447/20 019
ggﬁ R (A AT AT R L 615/1 092/25 619

FT 60 s UL BT 1 S A K 60 s 0 7 11
BEHRAE AR 2, FL3RA5 28 362 A RUFEA, #i
THEEME R S 2R, RIEER 2 TR
{14 28 TR o A A8 B0, T ) 4 ) 22 AT 45 100 A
ZEAFAE AR R BE (9 2R B B4, e HR e 1)
BT AR N B) 53 A5 22 F 3R 0 2 A
M PR A BRI oy o — 2 PR

2 TR S E S E &

2.1 ETF TimesNet BT M= E

TGt > R AU O T BRI 22 A S Ry
TEAE ki A E LA RCH 247 3 o 72 vh 1 3 28 1
WALARTE, MHICZ T IR 2% ) J7 B BB S 4206 1)
] PP A s B A, A 22 Ak 1 3 52 A 1R R
HEATHERE ) SR T A% 0 T DN ASE AL A I Ay T 1Y)
SRR L AR B Y TimesNet A7y —Fif
BT[] Py 51 S50 X 4% R 30T 6 B B R A A
Bige )1, BEEH LK , TimesNet TE 24 KU Ak
SRS RIN IR RE b AT X
HZE AR S Ak, B 3 7 A A4 T B XU 5
e BTN 2052 2R 5

LT TimesNet FEE L HREE =40 FSMER H 45 H)
WE 1 Fis, BRE AR B, T,31 1 iyski, o,
B Rl RN, T RR | P 5 EE |31 Rom >
BSFIE] 25 1) P AE B8 4 B . A% .0 1Y TimesBlock 1583
HEB M AT K BE TimesBlock i i 22 J5 1

TG FRGS I | Gt — RAE I (8] 7y 31 22 i 1) 2l 2 A
X SHOCHRRRE . R oE AR 55 2 43 S T, 1t
R VA B 5 S S PO VR A [ BN ES I SN [ R £ g
Wz T o) Al XU R0 o ol A2 RS 1> 532 Sk i
3 RIIMAE R, B[ B, 3] By m i, A A
3ATCER, N AT 55 1Y 3 RO AE AR, T ixX
TR L) B RIS AE S0 — MY RAIE s JE A L | W] 5
B 4 TS5 10 =53 S0 | 52 Z2AT: 55 B Iml 2 ]
2.2 CB-ASL ik E#H
TEAT B KU FOAT: 55 v, AT 55 2 IR T 2 250
UM P RS R e d s 7 NS A TR S 4 '
Ik 45 2% PREL ( Cross-Entropy Loss , CE) & fi [n] 2402
SRS D BEEAEA (R BE AN 2, 5 B AR
TPERE . EFXHZ R, 45 A 285077 51 2% ( Class-
Balanced Loss, CB)"™ #L #l 5 4F % Fx #1 &
( Asymmetric Loss, ASL) UHLHIA EE CB-ASL B4
A pRER, LIAT R TR R X A B2 R R | 22
FRINATAEH AR R PERE T R
CB A 2% 28 R AU Zh A 7 TR, AT 4
TR A N I L 5 ¢ FEENAE w, 1
N woR
1-pB
e (1)
B g 45 AL S W B 1 2 4L, B e [0,
1) EEBUEIER 15 Ne N5 o RIMFEARSE
WA, ASL 108 T A AR B B 8 AN - A [ e




hoE e B o e

H36%:

- 98 - China  Safety Science Journal 20264F
T AR J& FIRE rEm R
Ei g Ei: g 1 XUk I
T[li 3] T [B,3] T[B, 3] T [B,3]
SHE KR = Kz 3%k
N
LY e A
TimesBlock NAS
—4ERHIE
1 TW TWW TWMM«*
V) —=h N ] 7
TimesBlock
YRR
D = }ééé HITENY
Ay A JA#2 RN
TimesBlock =
— 4L W
o R R
KR <—[B’T’ 317

1 TimesNet %543

Fig.1 TimesNet structure

AT E T IE IR I EE |, 345 1 RAEAS Ak
W55 5 o3 FE R i R . O SO

(1_ p) In(p),y=1 (2)
-p " In(1-p),y=0
K L,(y,p) FIEET ASL FUBI(E ;A A1k oK
By IARZEAE ; p HTMES s v + Fly — 200 IE
TSI R, B DA i D 23 R AR 4 2K 1 il
KRFRPE AL I 55 1k e (5 B 2R A 2R
B[R] ORARE X IE AR AR 17, DT 4 A
NP e el

W Lk 2 FHLEI RS, S — R R A T

BRI R A, Fe 3k XUnF .
1 N ¢
Ly :NZ pr 'LA(yi,c»Pi,c) (3)
i=1 ¢c=1

AL, I CB-ASL $ii 2k i ; CA (CB-ASL) M #ii2k
PREL Ly(y,.,p..) MG i DREARTESS ¢ EF 1Y ASL
PAIAE; N A B 5 ¢ MFEARZ

3 ZESHANRBEPIRES ST

R E ST A%
] 8 B BE O 60, BV 25 60 /> f

L

Aly.p) =

3.1

()20 1) AR AL 25 A7 A7 B XU, 5 % 1) 2 I 1 24T 55
T

ISR SCH T 3 TimesNet #5751 K JH: pie 4 A5 7Y
P OLREE 5 A0 | 1 HR e 45 2R 5 2 Fh o LAY
PoA R AR Y A0 45 2 1| BURRAE 42 42 ( Categorical
Boosting, CatBoost ) , & i 2 2] J7 1 B T 42 % 452 )
24 S 1a) &% ( Back Propagation, BP ) #5571 CNN A5
R TR 28 R 2 I 2% 1Y ] 9 28 BT ( Gate
Recurrent Unit, GRU) #5781 BEF 33 2 Sy HL il A8 #f 2
) 2% A 75 Transformer( TR) LA} TimeMixer R R
T TimesNet 2l i Y RE A5 fl 5 CB Loss MRS
ASL pR%UAY CB-TimesNet £ 8 | ASL-TimesNet #5714
I CB-ASL-TimesNet 7 | % T AR VL fE 2 22 Pl
ZRCE R, T S R R S8, e
FRAESEEH AT, R 10 47238 e J5 5
Dt DT 2R A5 4 B AL 1Y S5 B0 2 B0 e X o 1 g
TimesNet F751 K 5 2 o 50 M S B B L2 3,

BEARITE AT 55 T B PR REPE O R FVERR R 4 [l
R KGR F, (8 4 B8R, & 1808 L it 5
W3R 4, RARTIAGBBILEZAT 55 55 5 N R AR i
MRETT, 51 4 WUE 55 (-F- 2546 br, BIXS 4 L 55 1)



4 4]

77 WA - BT R E 2 T B9 A7 e RS -5 e 1) . 1] ) A 7 =99 -

HER R AT []R KRR AN F, B0 BOP- 2, T2 65 S A T (8 AR BE R R BHAE AT 55 25 1F P &

Jry3d WPE
% 3 TimesNet ZE K Rk R ESEEE
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driving risk and steering intention prediction models

o 4 WL 55 F- X bR
A R P F

CatBoost 0.7829 [0.7829| 0.790 6 0.753 6
BP 0.787 1 [0.787 1| 0.7957 0.784 8
CNN 0.8256 |0.8256| 0.8379 0.8255
GRU 0.8589 [0.8589| 0.8520 0.847 7
Transformer | 0.8516 |0.8516| 0.8656 0.8519
TimeMixer | 0.861 1 |0.861 1| 0.8585 0.856 1
TimesNet 0.876 4 |0.8764| 0.8709 0.868 1

Gt A BRI 55 AR 280 LRy F AL
KB A R MAER AR IR, HHL R — 1845 T
PR S5 2 AR BRI, 2l R B (181 2) |, EDUL
JEEZR AR A 24 A 24 1 ) M R 20 A1 45 R 0 v 37 ik
-, G BT PR RE 22 S SRR, SRR S M

K 2, Z R 1 22 AT 55 B Hh A4 1k RE A A 2 2
5, TimesNet B E 2 TR bR R B e AR RE ,
i RIS R A2 NG SR VA 5= ol N L B VAR 2 e R
PRI RN AT 55 22285 i 7 5 b FL
o O HERR P AR E
L Z T B Geplas o > B CatBoost 1545
AR L AR IR T 57 , 150 B o000 45 2R ) 7 1
TEEARCRA L , B 5 32 B 04 22 5 2
25 I TimesNet BERITE Z24F: 55 22 2851 15000 b R B 1
PSR GYERE , A& GEbLa 2 > T L AE R e P A
WERPETT AT AE— B AN, B0k T IR B~ ~ J5 kA
S ZRBNAS TR ) B A Sk o (ELAHTE RO, 7
A 15 TR F, AEAR R T, S B AR A 55
TSI R B 5 B ] 8 WA o0, A 2 TR B 20
SRR 0 A1, HERRRAE T D25 53 4 ™
A, DB IREA AR N R B X i DR P
1o PE AR, BN ISR IR 0; @ ZHEERIREAR
R BTN LT 58 4 IEA, e bR T 1, ke
TE IR S AL 8 23417, R R & B 28053 3l FE 3T 0 A
1, AHEZ N e R AG In 2 2R A T, Ko
A A R AR L PR AU 2 BN R s 4 17 2



hoE e B o e

H36%:

- 100 - China  Safety Science Journal 20264F
1.0
1.0
08
0.8
0.6
0.6 '
2 Q
% 04+ 04}
o~
02} 02}
0.0 : . . . . . , 00 — . . , . . ,
CatBoost BP  CNN GRU TR TimeMixer TimesNet CatBoost BP CNN GRU TR TimeMixer TimesNet
il el
(a) F-scoreity (b) PIEHR
1.0 1.00
1 095
0.8t
0.90
0.6} <
x
0.85
04+ —
0.80
02t
0.75
00t — , ‘ ‘ , , ‘ ‘ ‘ ‘ ‘ ‘ ‘
CatBoost BP CNN GRU TR TimeMixer TimesNet CatBoost BP CNN GRU TR TimeMixer TimesNet
A A
(¢) Righs (d) A$EtR
E2 FHEEREERTHSESEEHEEE

Fig.2 Box plots of multi-task performance for each model under different metrics
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