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Abstract

Due to the structural decoupling relationship of the brake-by-wire system, the identification of the
driver’s braking demand has become the focus of research on the brake-by-wire system. This pa-
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per establishes a driver’s braking request recognition model based on the fusion of dynamic time
warping algorithm and long-short-term memory model. The model mainly includes four modules:
data collection, data processing, classification matching, and request predication. The experiment
was carried out on the test bench of chassis controlled-by-wire, and the driver braking data was
collected. Using the conditioned sample data, dynamic time-warping algorithm was used to classi-
fy and match the driver’s braking habits, and then the classified data is trained with the long-
short-term memory model. The model is validated after the training is completed. The proposed
prediction model performance is compared with other approaches and the effectiveness is veri-
fied with the expected driver brake habit as per driving situations. The results show that the mod-
el proposed in this paper can accurately predict the braking request of drivers with different
driving habits.
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1. 518

L 3 R G AR B AL GERINUMORUE ) 3 2 58 AT A2 1R B REAL IR oK. SR Seihlzh R e L,
LAEHI R G EATRE WARIPR . FERE A DL R BT s SR, PR e 23 1) 3 2R Gk O R RIS
EflZh R ERL[L] [2] [3]. Ledzfilsh RGUE IR APLAR— AL R G E AR SEN UGS 1 3 R gE AL
PRER A, [ I ZR AR A IS 5, XD G5 A L ) 53 Ao L (R A4 i e | P . A PSR AR
rL ERESS 2 T —RHIZ) RGN 7R [4] [5] [6]. (ELLA=MIBN ARG, BIAR-5S lE A= R G W)
FEMRRE, 25T O3 R BB A S T R 2 A% 3 B AR ) TS 7] [8], A AR AR HE R IR 55 2 B 5
il Zh & B O — TR ZE AT U 2 AR SO R T R A L B LU R ILE, — BRI,
BRSO I 28 0 o) S A A A 1) 15 70 55 ZHORAT IR A B s = BT R AT T AT R0 T FY
Jiids X RTPE R W G A B AR S AT A I = SRR RT3k, X
—RIPEEERM T NI MM TS ke o /R A RS DL K R AR S5 05 7%,
XTI LRI PR TVATT & U BOREOAHERT, X B BRI . AR S T2 B o 25 Bk 52 ] 5 5
SRATIEIN [] B T — P T Bh A AR 5L (DTW) &5 A K A IZ AR (LSTM) I 73k 105 T RE S
i SRR B B A T B AR AR, SRECEE T AR, X B S B SRR 2K, AR
AN IR B ) 30 SRR 25 Bk % B ) 30 75 SR EAT SIS T

Yang [9]9 tH — R Il Sl AR A2 A% Kot e LSRRI AL A2 ARAL AN T B2, IR BIRGHA % 1 sh S L
(R F AR, AR B e 2 B SR bl B R Pl o L [LO] i Hh ) PR 281 1 ) s A e P52 A0 5248 Kl A1 D )
Wit A 2Tk G B R B N R 2 IS AR R B, AR A R s R B T ANE T g, DL
IBBIREE AR H . B T5VE R H SRR A 0 2RI iR, RIS A R BRE Y26, Bt A A
P2 ) S LA Tk 38 17 2 5 i 225 B 3 1) 30 8 1 ) (R e s L - s ol A e R (e . XSk SE I ko, (H
HI T 0 S B B T 5, BT B R )25 35 DA ) 3 B L ANBE AR AL, ASRERS 7 4 USRS Bk T | s i
RIS, BB, 24 ERN G RAE &3Z, KUt Chen [11]4&H T —FhREA R miffl
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AR IENE R B R 4y K07k, RN T — P TR R AR (B T o BN, R ARAS A E
TEA A SRR CarSim FRghAT TG 7 ELSE50, Seat st R B Ml s id FEE73E 2 . Zheng
[12]42 H 7 P 2 ) T N T 8 ) 4 ARASORA 322 A 7 vk (1 1) 0 IR RS 28, i s SR A K 1l 3 4
#, H k-means ERFEA BN Z Al THI TER S 2 M IR ARG, BB BNR G E AT AN F L,
K IR E R SE Y AT H3h B R), HAER R e g1k 3 98.2%. Qi [13]ilid filv& 2 M5 AR 2 dle
SRAEM 2 30 R, SREEESL T AN - R - BRI, S B TR0 R i ST LR R A
Hlskns . FRJTVEERSE T N S R RS, SE B ORIR AR R, SRS SR B R s
SR ARG, HAUSE T RBE R N AR E . IR R m A, B LR RS ERE R R T
B B RAE R E b, HARYE AR 0 70 28 45 IR 75 ST AN A P ) SEms o 25350 SO 1 3h A7 B Rk
#, K Hernandez L G [14]42 H I S 1) EAHL(SV M) AL FR A 22 14 25 (CNIN) [ 7 3206 25 B ol 2 PP R4 1)
25 8 G FRL S 5 HEAT e R, HLAER 2 4 i B S IA B 71.1%F0 71.8%. Nguyen T H [15]W4E T 255 51
AR5 i A o PR A e BB AT B A5 B, ST T P AR 4 S A R N 2 S Bl R I 4 S, AE S
THIENAT AR AEHT 600 ms Kbk 215 S 3015 5 FIHERZIA 91%. Wang [16]%F 4% 2 B AT T 85T,
MZ AL AR SR A LR, R P P AR D T SR 11 i L kB R AT A, O I R P B
BIEAT 4325, SRt g R W P UERf R iIL 90%. b3k 5 B8 BT b FL i R A NG 5, R A o
28 BB oy AR 2 Bl A B R AT RN . ECR FH I P AT S AT U B S AL B R, LR
TG FH (0 P R SR R, O DAYE S PR 2 i FE RSB . Meng [S]U 45 T 2645 il B AT B Ak 1)
R, YO RS BIZREEE B, EAE LA 2% S 7 ik R T A H1 30 R 424 T o 7 T RE,
WUA 52 2 5 21 B G EBE 5 ST R B P47 TH (1 Be AR B o ik g R, 76/ 20 T %2 o 5 A 1%
JiERE BRI R SRR E M . LA I (ML) 2 — T I SR G B AT L I I RLE, B EXEA
A1 A BA BB H 22 2T [17], Zhao [181% ] 4 R i 25 Bk = R R HE B 2 1EAT TR AT AL,
N 2T 2 B B R e O TE T T R R Y (R A L SR PR B DR T R R AL R
REEE, $EH T — Rl T v MR A B o R AT R AR A (GHMM) R SCAE K BY A 4% [7) Ik o $ 4 22 X 4% (GGP-
RBFNN) (14725 5 573 1] 5 7 P 1R S ASE AR, 4 ) 50 s M R S A D e 3 B2 (1 WL 7 B 5, ik s 22 s B 4

A, AZAR ] I G o) 5 2 V] O LR o S AR B S0 R AR 2R 43 5l 94.69%F1 95.57% . it TR FEE A
SIAHRBE U IR N, LAE TR R I T AR I3, iR B 2% STHEZE ¥ RNN, 7E 550K, 15
B SR O HI B TR R A 32 AT [19], (H2, BT RNN WZSEE MR JE R, (43 B 75 A3 B AT fa
IRIER IR B 7 B30 I 25 T Y I A8 O 8 0 VI SR 1 [ /8, 46 Hochrreiter and Schmidhuber [19]7E 1997
SRR T — PR B TR B 2 ) S, RIS R I B (LSTM) B, B2 7E RNIN R BE il Fodd 51 N4
NI SR TR A T T =AM RO 1], SRl RNIN Jo b 38 3 L6 75 I [ 52 51 b B M55 2R I B o
Wang [20]4 7. 1 — 3L T4 Ji IO AZ AL (LSTM) 1l 3 5 BRSSP S 45 o) AL VL AR FiE ¥ e
(SVM-RFE) 5y 1k £ 2 = IR A B R E S 4. AR5 R BENIAE 24T LSTM B S E0d AT Ak, Siie
SRR, HET KA L2 AR (LSTM) I i 2 B R 75 15 e %1 31 95% (1 kRl & . Xing [21]F FH il 3l
JE S RIS AR AT B, B T — B A KA IR AZ R (LSTM) A [ U1 o 25 I 24 (RNIN (4 B 1] 2 371 730
MIBEALTSM), K2 S BE 0 S = ZE0 &, DA i 3h R GRS BT il , R4 R 1% 71k
R SIS v A P P OB K AN 2 2D K B s T . Ly [22]58 NBRH T —FR A 5 1 ERY, T
SXof 225 3 7 o1 2 56 B SEAT o R R R FE IR . 1 SR GMMY RO 2 3 R BB o AR, R =
AN ARG R BEHLARAR I IEAE GMM 140 8 AT ZE 4R AS CAN {5 5 2 (800 il 3l 3 B i3k 4743 AN
SE. TETMT T, RFH T 2 0 2 1 30 R W R e S il o5, TRA WA 5 7 vk T DL S Bt i) 3
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JEERNHI N 577 8 ks BE 72 2RI . Yang [23]155 A3 H 1 — ik S ) A% (BP) A 22 [0 2% 1 1 )R] A
R (HMM) R 425 3 0% i BRI o e PR S AR . s B A R 4 493k B He e 9 BP-HMIML B [
BN, R AERSEAT 2 G B R . Tk G A B H AR E L 2 R ELI R A e, AR e AR AT R T —
AR T —MRFER) AEB J7%5. AEB BB AT DAAEANF L T 3h A R e S il sl g U S flf 4. -
BT FUHCR A T A 28 B A BEAT IR B, WA R IR R, R TR REVR AR R R
— %+ B 8 AE
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Figure 1. Schematic diagram of human-machine collaborative line control system

E 1 A - HihRE&iEHz G ~EE

Wl 1 RN - HLP R 2 i 5l 2 48 AR SR B I o 5 1% 28 ¢ 1 S B AR Hl) 2 A AT 5 2 18] e
FETARR, 230 OLEREN | BB ES, Bl as PACH AR (L IRES, MR ERE S, §51kEan
ENPAT R GE, HIBIAT RGN S BR HRLA A5 5 5 T 46 0k 1 30 R G 9 B s AT I, 15D
FERLAEBUE AV R X HESI A 22 o R e B b, R AR fehlzh e, seBlflzh. v 7 RE 2B 5
2 B R rR IR ) B0 LA AR Bl 5, BRATT 20 a1 ] Sl AR SUL 2 A DU AN BB T AL, 2% T AR 7%
TR AR AN T AR s, TSRS B AR A% Bt At 20 1 70 8

2.2. DTW-LSTM {& 8428

WA 2 s AR SCHR H 1R 25 B 53 1) ) 7% SR P00 75770 DTW-LSTM MEAUHESR P, % 5 v 5 DU A4
Bo, MRy, Hoh 5 5 0k A Zh AL RS SR SRR 245 1 30 R G B e RSB43, 43l
wmiE L L 2 B FUR . EREBHIBI RS, RSN FI S SO OB AN, R IRATTTE
HBN LA H N 2R BE RO B T IS A B i R i, SR )30 K ) A% IS5 34T ) Bh AL LR AR
JE 18 s Fe R BRI AR, TR A & B B R R 2 R ECRE NG 5 A m g s,
AT SR N0 B AR R 0 T2, AR SR ARG i 38 1 77 V2 22 B A5 5 (R s g A5 52 G = A 3 =) AR
e 7> A, 2R 3 SR AR 2 Bk 53 (R Zh AT Dy S IR EAT UEEC AN 4328, K 2 B SR B AT A I 4y
RN, Syl AR I (Soft). @ Y (Normal) . 22 (Hurried), 7EVCECFIS328dfe vh £ 2R A DTW
(Dynamic time Warping) 572, %5005 3 B 8 v 5P I Bl i R mh o= AR ) ) B R 2 1Rl R R R
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AR AALLEE RSB SR IE H (5 f5eJa Jy LSTM T AN S5 Rt S, 2 e i el UL e 7 S Bk
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Figure 2. DTW-LSTM driver braking requirement predicting
2. EF DTW-LSTM BIZ55¢ BRI zh Tk FUNIAE &

2.3.DTW LEeE

DTW 575 RN Bl 25 I ()R By, 32 B3 a4 15 (] 31 e 55 79 A e8] 73 1 T PO AR AL, e
TEACIRAFAEAR K. RS BRI A BT 7] b 1) el 45 55 1) & () e ) /3 F DE G B B A BB, TR
B A R R T EE, R DTW SR RICE 0282 &E A 1. RWCSHT RGN 1B
AZERIBE RSN X = (%, Xy 0, %, ) > AT EIB R G SRR TEFIUAY = (Vo Yo, Y ) » B4 DTW
R R E AL R B P E AN E P8 2 R BE B AR RE D RIIA B bRt a7 )
X = (X, X+, X, ) FIRFICHRI AR B = (Yy, Voo oos Yo ) » SEBBAR 1 EFELREF X B Y 2 [AE 27 52 17
PRES:

d(i i)=[x -v,], (1)

A i=1,23-,n. j=123---,m, Hw=1KNEMBIEE, 24 w=2 K N

23t FIRTHEIRATAT LTS 2 FE B4R FE D

d(11) - d(Lm)
D=| : . )
d(n1) - d(nm)
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S ODAERRE D R B R AR T, RIS B R AU EEE DTW(X, Y), X D0 AR
FHEA IR EEAZ Toest:

Tbest :<T1’T2""'Tk’”"Tn) 3

Hop: TORBRHEBAME, WT =(i,)), &5 x5 y55, Hmax(nm)<k<n+m-1, B Py

NI R R ik, B,
1) T,=(L1), T, =(nm).

2) BE P =(i, j) M p.=(i"J), BHirzi, j'2j.
3) 4 p=(i, )M p,=>]§), Ai'<i+l, j'<j+l.
P 5 pu IR ER AR AL py, B MERIN R MRS T, FERECE (i, ) X
y(i,)=d(i,j)+min y(i-1j-1),7(i-1]).7(i,j-1)] (4)
He: ie{l2-n), je{l2-m}b, 7(0,0)=0, »(i,0)=7(0,j)=c0 .
RN ERAT Prest BN IS B EE PR 25 DTW(X, Y)RAERS X F1Y (1) BRAREE BE i/ o BhAS I [A) A8
PREG T AN

DTW(X,Y)= mTin{%ZE_ld(pk )} (5)

2.4. BIFNFRG XS YA FRHER

KA ACAZ B (LSTM) 5 it 5] 3 Ffrar, 3 S0l T L BIR SEELA R LB 5 8, bR
T AL A5 L RES £ AT T Jm ST A I PP s Ak B e B AT T A 3l 0 IR e AR A SRR
DRGSR FH 2277 100 22 Bk B2 o) 3 7 SR AT T 2 1 3 ) o

iy -ty =N b
. XK X
\_____r_ _: ____________

! I

' I

1

! A

Co ] o] A

T 13 | I

Figure 3. LSTM network model diagram
[ 3. LSTM M45 1R EL[E

B XONBERR N, h ARSI, 1O, 2 NAIDIRAS, 3 NHIATT, 4 NEiHTT, o A tanh
b CLEER

LSTM W28 rRdign N [ 102 B7 5345 BN, B £ ZAHE —> sigmoid JZF1—> tanh |2, sigmoid F1 tanh
HR WO PR, T 3 B R BT A I 4 T BT ARG (RN FI 2 sigmod 2 KHE 4R F] 0~1 2
[f], T tanh 2B EAREI-1~1 2 [A]. FATTIECERE RN A 5 6 A1 7 Fos

I, =sig(w, *[h_, x]+b;) (6)
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C/ =tanh(w, *[h_,,x ]+b,) @)

A wi BT by 23RN T o R R R R ZE RE B, wie T D 23 3 9 TE A2 B0 R AL S 966 o v 22 R

i T A SR AR PR AR B S T VRN T I RS SR A RS T E B R B0

FEAGHRFAN ] sigmoid BTk TE S A AR TR SRAS . AR OB, SRR TS 4

FARZS 2] tanh 0 B& B AT AL B . 35 OB RGBS ORISR — 25 4y 4 S B AR TR, SRR

BONT AR I A 30 8 A1 9 FTon:

O, =sig(w, [h_;,xt]+by) (8)

H, =0, *tanh 9)

BT A R RIS S, IR Ok th i3 S 25, XN R R B ST
sigmoid JEHEATTHEL I, MRAETHEAR AU R T I PRAL B Bl 77 . BB T 1A BCE BT an A 50 10 FTR:

Fo=sig(w, *[h_,,x]+b;) (10)
LSTM A b 4 i 58T A a4 X 11 B
C, =F=C_ +1,*C (11)

WRYEAEALE] 2 From, 25Tk 5 i 30 75 SR B AR 3= 2R i 2h I A B e, R30I A fhiih LSTM
(p-Istm), LSTM HERLLE t I 204 A AN 500 5 SON -

X, ={a(t),b(t)} (12)
He.p ={Pre,,} (13)

X, J9 LSTM BIAIZE t i 20005, oo a(t) ol sh 1 G000 s b Ayl sh s arE 1 .
Hep 79 LSTM BUIZE t 4+ p BEZIRIMI . p 25K, Prew, A t+ p B 2 B4 BLIE )

3. SEWAMGR I

FERLNE B T AT 7SR Ea s, 0E 7 ASCI R 2 T DTW-LSTM {92558 B3 i 3h 755K
PSRRI A A, AT, AT A TS B St SRR X SRR YR 2 ) Bt AT AR L
e R RC S IO SN TR HEAT I S AN T o

3.1 KT

30 & ZESR I8 RS AETT I8 /7 HL A AT BR 24 W) 24 IR A SE 30 S AT 10 o O 13l I S0 A 4R B 2 O e
AIRTRIARSE T N\ B, KAt N Tk, A R A BRI = UN, N4
FYEER Rk, BRER=EUARPIS, BN =4, DFEU -4 LRdEhER, F4
ZRLOIHEAT 10 BN B, A UKSEIR AR IR BT R R AR 2 Bl 3 (OB AR, D 1 RERE BRI Bl Y HCSK
MBI, FATR T A2 TR S, 2 5EE 7 2 MBI RS, WasT. K
e B, SCIRREATIERE T, U TSN TG DL T BEAT B B, AP B R AR A S R
SR B DL E B R A ER B | B AR A I 7 A AL R A (RIS T 70 A R SR A i B G L ) s 0 K
e e U T AN AT BRI o SRS T S B 0 SRR RS I EL S R i AR . XU TE I B
CER R B L 1 PR,
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Table 1. Experimental instrument Information
1 LREREDFR

e it Wi
JE 1% k2% RL-2088 0.2%
HHE A GDM-9060 0.05 +0.02 ma
fr R At k2% MLX-90365 01V
=R/ LW-30100 01V
3.2. WIETALE

fICIE B S T R B R, AR ST T TSR AT i I B0 SR R (1 | ) 4 3 A % R 25 Bk B
il 50 e 77 BE AT AL B, 5 DR TG B U SRR B8 A ) 2 B S e e R S, S R B ERLALFS AN
)30 0 L He 7 it 2 5 I~ T R A5 R B S S i 725 Tep B3 PR | 3 7 R o RV IR A% 346 R B8N 4 G
14 fi7s:

1
=1+rs

H(s)
EGIEPS S ES SR IPNINEE S AU N L

(14)

8 T T T T T T T T

0.1
0.5 ’
primitive - / 7

Time (s)

Figure 4. Data changes under different filter coefficients
4. FENER A THERIEETLE

Wk 4 PR g R R ORI, N 1 R IR BN I Zh B R, il R R BE AL I RSl ) 3l i
W, ANIEL 4 e R AR EOK B AT DU H SR G800 h A V2 /NIl 38 X e e Al i) B PR A vl sk
R FErh, B RO EEBGR, HEHERERIR R BER,  Z3RATICIE ORUE H1 2 A 2606 A 2 I 3t
SAEREIBIY L 2B BUNOEE), XL s AU BRI AR B AR, ik 200 Bl L 72
MR R M, DA I S R PR 7 T B 2 BRI PR T AN S A R A A A IR 4 R SE B 7
£Bx, Wil 4 P, BE <2908 0.1, 0.5 RSB LLEIR, MEIF IR 2 « y 0.5 I 5 JR a6 Hoi K
GALCABRZER, X UIERR LR, SR ARIE, KRRz RIS, 2« WERN
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0.1 I HLy B AT DL RV BRIEIR, X UL SR &, HNBIE X LT CUR I, B8V 3 A R H L
%, K &ERNO0.L,
3.3. DTW EAITHET

XoF 25 B B3 R B AT R ST B AT 4 SR BRATT T B ST AR AR o () — AN B IR AT, FRATVCONAS A 25 3 >
WX SRR e R, R IRA 15 R R DTW SR 25 3 53 i 2 ik R 25 s 03 1) 25 sk 5]
AT 9025, B30 2150 N 2L AL (Hurried) . %87 (Ordinary). 2% f17Y(Soft) =Fp 27, 4 7l DTW
BRI RN, BATH SIS R B 1) 2 3 5 B A A B AT B o, SR T e, U
SRS [F) A ) B A R an ] 5 TR

16

T T T T
Soft
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14 Hurried 4

12 .

61 /////—_ |
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[e:]
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1 L "
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Figure 5. Stroke-Time curve of different braking habits
Bl 5. TEIHIE) SR TR LB AT Bl 2k

MBI - a2k, o LAB R A X = i 2R AR R E AN R 1l 3l 25, e rp e AL 1 3l 23 458 1)
PRI R] 228 AR A, A BB TE B I TR Y IR T, 7RI B — 8 K S SORGE TR B LA K,
FREMT &, 08 BN G A0 B 1) iy 28 A8 Ak S AR R RS, (L 2 R Y 1) B a2 e 45 D B ) A 260 538 B D 2
EREAR . Rk, MR MG BB W] L A HAS ) 2 28 (1 1) ) ) 0 5 G 22 R i e, BRI RAT T mT LA
MR I R G SR A B HE AT /0 2R UC D, Hegs Rl 6 fE 7 Bor, A 6 hIATAT LR, filshiT
AR ) Zh B AT DTS, L 2R B 4 R 7 A, ELAMh AT 2 18] f R e B A 45 T ikl 3 ST 1A
7 Py 1) B At o 48 2 TR R QR B /s, X — S RATT AT LLIE S (] 7, AN [ 2R 28 1) 3y =) 5L UC B v DA R
o MR DTW BIEMUCHC BREL T AN, FAEHN A S0AT 9 I B A o0 R — KB, FEM 5 eE
IETHE P 2 2 TR P BRR IR B, BRAEE BB, BRI B0 AT 9 S BN AR AL, RREQRE BBk N, wRh 5)
AT NIRRT RE R T [l — 2K 8. J@ i KB SO B i R 4, AT s v il 2 1R RR e QE B /N T 55 T
300 [Rl—ZBYHI ) 2. K BT SRR B0 1 2 B O I S A RS Bl kAT DTW BEUURCALBE 5 i 46 Rk
2 i, S50, DTW X2 AARL I Bl SI 48 BE O BOR e, ok =PSB il 50y > 45 (R 1R 1) 25 HE R %
REfiZ 1A %) 96%.
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Figure 6. Classification and matching diagram of the same type of braking habits
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