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Abstract : This paper proposed a dual long short-term memory(LSTM) based state estimation method for backstepping
control of an electric power steering(EPS) system using second-order C-EPS dynamics. The featured framework employs
two LSTM networks in parallel—one LSTM estimates steering states, while the other estimates the lumped disturbance
representing modeling errors, nonlinear effects, and unmodeled dynamics. The method provided more effective information
for backstepping control than conventional observer-based approaches by combining state estimation and disturbance
estimation within a unified learning-based structure. Simulation results show that the proposed dual-LSTM framework
provides effective state and disturbance information for EPS torque control and achieves improved steering tracking
performance compared with the extended state observer-based method. These results demonstrate the potential of learning-
based parallel state and disturbance estimation for advanced EPS torque control.

Key words : Long short-term memory(-3 7] W X.2]), Electric power steering(% A}2] 3}9] 2~E] o)), Backstepping
control(H 2~ €| A ©]), State estimation(’J El] 54), Vehicle lateral control(X}5 3 W&k | o])

Nomenclature 1LAZE
0 : steering wheel angular position, rad Electric power steering(EPS) A] 2~ 818 8- 2} % 8F 9] &
Wy, : steering wheel angular speed, rad/s o W} B E EFE A= A ~Eoth D& =7} ¢l
d : lumped disturbance, rad /s? 718 28k ET 9} EPS/F AASE B2 B3 238k v|A
Im : motor moment of inertia, Kg - m? =5 53 A AdE o] v E I HAA 7Y, A A}
B, : motor shaft viscous damping, N - m/(rad/s) o] %8 HobS o) xpeFe] 3k Sk S A 7]
B, : viscous damping of the rack, N - m/(rad/s) o} EPSE KB A2 9] X0 whe}l Column-type EPS(C-
K, : tire spring rate, N/m EPS), Pinion-type EPS, Rack-type EPS & & & -5 ™, K.
K, : steering column stiffness, N - m/rad Z o] 283 Y19 xA EA upe) 28 AlE
M, : mass of the rack, Kg 3} A]2~E EAJo] dalRlth? & EPS Al AES o3k
R, : steering column pinion radius, m Z8F BFE AXE Fol, A /-4 BFe g ke
N :motor gear ratio ADAS 715 2 A&7 Alzgle] 84 T AZow
T : input torque, N - m g5 QI
*Corresponding author, E-mail: kem0728@hanyang.ac.kr
“This is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License(http://creativecommons.org/licenses/by-nc/3.0) which

permits unrestricted non-commercial use, distribution, and reproduction in any medium provided the original work is properly cited.

1119


https://crossmark.crossref.org/dialog/?doi=10.7467/KSAE.2026.34.10.1119&domain=http://journal.ksae.org/&uri_scheme=http:&cm_version=v1.5

2oy -

o] 23k A|AHl A= 3
AR FF oaket 738 A
A staL, 319 Ale 7]+= o]
ZEpSo| Q3 HE EFE S
S Ol%i EPS®] E =1 Ao} A
F Aol s AR sk A Q. axolvh A A EPS A
vl2bu| ] B84, Self-aligning E=1, 3] 2~ €] 2]
A2 1Ay Ao} Qo] o aS W] ufj ol
Ay 2l 7Nk AlojRto = Fie e FE
A7} At o] £} # sko] EPSe] E = Ao ‘3~l Z3F
% 35

SFARS

TR

) ool'

]

o
2
9}
CZ

N'ér_‘ﬁibomﬂ
rOi'r‘W > d

FEA £ 3l Backstepping, Sliding mode control,

Disturbance observer 7]9Fe] t}k3k A7) e o] g}
o 2 WAYF vpE 9 gty B84 8 1Y

2

[oRE=1

S z-&3) )Mk A|o] S ]3] Augmented observerS}
Backstepping S A 3¢+ 287} Al o] 7] o] A= Ao
T3 Self-aligning ==& 573 3}+= High gain disturbance

observer2} Backstepping A o] 7] & A g sl 287 =%
58 TN = D b e 9] Ao 7] <) &)
9 Ao} 7] & 5314 0. & 3121 §F Cascade backstepping 41| ©1
12} o] AbE ATEY H ol = fuzzy 4] 3} backstepping
A 33t Fuzzy backstepping A ©] ¥-2] o] A <F=] 9]

+ Physics-informed
learning 7] W+ el B4 W BEha
e T 9 ke,
Short-Term Memory(LSTM)-> 1] 41
Ay =4 | A~Eg = Z

otq HAEZA o] e 7|8k vy

S X}Oﬂ

019 3] Long

3 A= 3 ol

-

B Bahala) ol pee
onmw @ A F
angle, Yaw rate®} -2 7‘] A
850 ek ol @ A
s S8 S el
3].&: EPS }\] 2~ Hl oﬂ /\«] =
Qtol & 4= qlom, T /?jaé
WA A

2 3

o] A
=

w

}ﬂ‘."
i
2,

o
o
|

i
Ay
)
]
L

_O‘L

tlo T
£
)%
{1
S

tol el

o
ox
Ol
e
1o
&S

.-ﬁ

o -
3

oAl =

L

rr

EPS A] =¥l ©] Backstepping 7|
913l Dual-LSTM 7] R} 7 &j %
to}, AlRbeb= 2= 5 el
B s, huhs Al o] £
thE shvbs el B, o7k Y

b

HE E 5 Ao J

Q% =4 T
LSTM HI E ]
6]: )\]—F/H =
H] A &

o>
o

>
Oft

iy we off -
!

N oox 1
o 3 o%

o !
ol
SL
=

il

i

S

@
]
)

Lumped disturbance® 574 3} =5

e

1120 #H=2S288E =22 Al34H A105, 2026

e -

Zus

A= =N
=2 O

t}. o] 3l 7]1<& Extended state observer(ESO) 7|

oF fa e A S AN E A 35 8l

74— £ Backstepping Al o] 7]l A8l 23zt
P s AS g

fz

g polz g

=

AHo- &7 24
T Mﬁ] =i /H: u]ﬂ @
FQ1 C-EPS 4| =¥l 9] 22} -5 8t 1L

= Backstepping A ©] 7] £} H]

%

2.12 2} C-EPS A|AS] S8t

23} C-EPS Al 2<71e] Bolahe g3l o] RAT 5
SR
0 0
az1 azz [b21] ut [1] d M
where
1 ( K, Beq 1
a, = ——|K —),a———,bz—
21 Jea ea T 22 Jeq 21 Jeq
M,.R? B.R?
]eq =Jm+ 1:‘,211’ Beq = Bn +%r
KrRzz, + K,
eq = NZ
x=[x1 %]"=[6, w,]", u=T
d+= 2%} C-EPS & < 8ol A] Wk =] %] Zgh oher|H &
ahadg, A 2 e A Y 9 o) ke
3= Lumped disturbance©] =L & TF-g-3} o] A4 o] & 4= gt}
d = Aa,, 0, + Aay,wy + Aby u )
+(x, %, u,t) + doyt
0117]}4 Aa21, Aazz, Ab21\_ _JJ—ﬂ—U]Ei :oj_}\l}H o]tt]

o) VA V1, 2 B L 7,

doge’ts 9150l A 218813 9] 22 o] ] ),

2.2 Backstepping A|0{7| |

Backstepping #l| o] = 1] A3 A 2~El
afjato] 71 Alo] /e 3 A A Alo] §
AAISk= 7 o] vk ZF T A ol A Lyapunov
& 7o 2 A7 S TSR, H T A

Jﬁam



EPS A|ARIO| HAEY X0 2t Dual-LSTM 7|8 &Ef 23 7|Y

B35 AAA o2 BAFE Ut oo Wt 2] (1) 7]
Wk O 2 22} Backstepping A ©] 7] & A Al 3t}
B 2370 7 A A a0l BT FE 2
A5 thg 3t o] el ae
€1 = X1 — Xqq
3
€ = Xy — X4
FE A w5 o] ¥ F U
€y =X —Xyq
=X, — Xyg
=e; + Xpq — Xyg 4)

Xoq = —kie1 + Xqq
u= b—(—az1x1 — Xy — d + Xpq — kye)) )
21

2.3 Extended State Observer A%

ESO= Al2¥19] et olujeh mug 2.4}, she}
WE] B, 99 52 shkel s ke Eatalo]
Aol 4 7hs gt A5 7] o|th® o]t 2 E T3l
v 9@ a0 e ANTeR HAE 5 gle
B, T A 28] BT A5 BA)
= 13] JQLJJr;d o]r)r

276,70 =27 7Psahtha PR, xp = AR A
oJahA, S el x, B B57] AdE R, Tha ) E

X, =[%1 %2 x3]T ©)

= [9?1 ’?2 9?3]T

ol tj gk ESO= th3} ol -4 gkt

X, = A, X, + Bou+ L,(x; —%;) @)

where

0 1 0 0 L
Ay =]az Gy B, = |by |, L, = |2
0 0 0 0 I

OE] 7]}‘1 55\1;55\2,55\3%3 7—]—7—}- }_6&]:7;1[—’ }—@:QQ‘E, Lumped
gkoltt.

disturbance

3. Dual-LSTM 7|gF AlEf| 2 7|9
3ol A A% ESOE 2387 A4S 7|t g
?'fo F/HQ} Lumped disturbances 3t+9] EH A =
glslo] B Aol A g}, o] o H]E)] & A
e =43 Q@ F4 o] o] Mz g2
3lo], 7 7% S #¢) 3 Dual-LSTM 7] Wk A}
=

1%
o:

Y

o

ot

i)

C e

o%t

0%

=

Ir

e 5

ol

R

|

o

I E
TN = >
N b e rr

N

X, o, Y o, 2, }.,N
T do ox O Ly N oS e RN

o
=

+
2
e @

LSTMS WH = 14 o]—OZ] o}urt Z3F A
Aok, the s A ()& )i
layerg ©]-8-3F =¥
disturbance &
= ahitel
oo} 5}z
o] E Al
+ Fig. 13} 2}

e

h;

o o F
o oy fu ¢
<«

w

8

Sl
)
)
o9
T
N
N
tlo

i of
HE

o
ol
ol
ol
O >
[T
> L)
Mo 2 M g
S
(@]
o

i
4N

o> Lox
[
o
>

(e o &

—1\1 _1)1.
o o

ok
o =
)

b
ali jgi 1
RS
= o _15
o
i
=l ool

A

1=

F1F ol oxl
o o
1> ﬂl-lN —|—'
o ©
R
__>il4‘

N A

Input

04141

wy[k] =

o

Fig. 1 Overall architecture of Dual-LSTM
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Table 1 Training and validation scenario

Scenario Am[ll\)]lri:ll]lde Frequency [Hz] (cycles)
Training 1 2 0.05(4) | 0.1(5) | 0.2(10) | 0.4(12)
Training 2 4 0.05(4) | 0.1(5 | 02(10) | 0.4(12)
Training 3 6 0.05(4) | 0.1(5 | 02(10) | 0.4(12)

Validation 1 3 0.05(4) | 0.1(5) | 0.2(10) | 0.4(12)
Validation 2 5 0.05(4) | 0.1(5) | 0.2(10) | 0.4(12)
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Table 2 Dual-LSTM hyperparameters

Category Hyperparameter Value
Input size 3
Input features (64, wp, u]
State LSTM: 2
Output size ;
Architecture P D lSL ?;11:4 c:lqce
Number of LSTM 2
LSTM layers 1
Hidden size 128
Sampling time 0.01s
Data / Sequence Sequence 50
Stride 10
Batch size 64
o Learning rate 5x107*
%ﬂfﬁ; Weight decay 1x1073
Gradient clip 3.0
Factor 0.5
(RedIldji{eIsdglgrjllfl’lg[eau) Patience 12
Minimum LR 1x1075
Loss weights ) 0.01
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Table 3 RMSE of the states estimation results

Method Proposed ESO
0}, estimation [rad] 0.0013 0.0003
wp, estimation [rad/s] 0.0076 0.1581
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Table 4 RMSE of the reference angle tracking

Method Proposed ESO
e, RMSE [rad] 0.0040 0.0059
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Fig. 12 Steering wheel angular position estimation by Dual-
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