Dynamical Systems and Control 3} /7 &4i 545, 2026, 15(3), 238-253 Hans X
Published Online July 2026 in Hans. https://www.hanspub.org/journal/dsc
https://doi.org/10.12677/dsc.2026.153025

it

ETFLSTMiStewart & 5503 IF fi2H

FRE, F &
A TR R TR B, bR

ks H B 202646 H2H; FHBM: 2026FE6H24H; KA HM: 20264F7H6H

wm B

Stewart’F- 5 K123 % EER — AN RIELME . DR HERAE. SRBIEFAETHER, SHEE.
BRHIE RS BERE, TIA LM ITIERS PG MTR BN R ESBR B, TR AR
A S I FRBA R, SEOESPUTTIINEERZR. A, ARICRA—FMETRECIZM%EKRZ
LM% BB FIERN “BRIBESRE” BN “NRRETN” , MWB=EHBLSTMM S,
WA EERINEEFR A RE R ELER, EETHELSTMMZKIRBEZCR, KiEHFEStewart
F &SSP + B A PR .

X7
Stewart V&, BHHEIEMR, KEWCIZMELSTM), ESFTHM, W FRHB

Research on the Kinematic Forward Solution
of Stewart Platform Based on LSTM

Rongdi Li, Qian Li

College of Architecture and Civil Engineering, Beijing University of Technology, Beijing

Received: June 2, 2026; accepted: June 24, 2026; published: July 6, 2026

Abstract

The forward kinematics of the Stewart platform is a highly nonlinear, strongly coupled complex prob-
lem. Traditional solution methods suffer from issues such as high computational cost, poor real-time
performance, dependence on initial values, and multiple solutions. Meanwhile, most existing neural
network approaches only establish a static instantaneous mapping from leg lengths to platform pose,
failing to exploit the temporal dependencies inherent in leg length sequences, which limits prediction
accuracy for continuous trajectories. To address this, this paper adopts a forward kinematics method
based on Long Short-Term Memory networks. By transforming the forward kinematics from an
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“instantaneous static solution” into a “temporal state prediction”, a three-layer stacked LSTM network
is constructed. The performance of the LSTM network is comprehensively evaluated through simula-
tion results in three dimensions—pose, velocity, and acceleration prediction—validating its effective-
ness and superiority in dynamic trajectory prediction of the Stewart platform.
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1. 5l

1 Stewart P& MIZBNF M, 18305 RERARIEIREN G & T 1AL L AL A5 ) 35 g &
[1], —MAHFRIREAR, EGRERESTHE, Hl OA KEBRAWTT2]-[5].

BT IRFREZAN, 5 —Rh I LR, Rl SR BN AE AR 4 SR e BT AL A, S
L 6 RS A A ENZE R P B0 A o LI AR D S B Bk P g B il A% DR TT , SRAB N H 2 2%,
—HRIBEF T O R TE 1R E eSS [ A, A KB 0 AR ) T AT, E AT
F— B8 SR I MR 0 92 2 B AT 6]-[9] BUEIE[10]-[16] BINFE B[ 1 7R RE 535 18]-[2214%, H
I RAFAETH SR MOBIE s TS AR o BTGV A 28OR B A5 255 1

P X 45 305 il I B 2827 o) ST WP K B B AL U X R, i geid 44 G0 7 i 52 44 1A 50
WS H5mE, HEFRSTEME, XNEFE%023]LL Stewart ZFFEHLEE A NG, WAE T BP HI%AE EME
BERATAT I Qiao Guifang Z5[24]42 3T DBO-PSO KM ZL BPNN 4544, I8iE T HAE Stewart ‘F &Iz
S IEFRR AR A 2 s RAERL. TRER[2515H % 6-DOF HEALAE N shZ IEMR L, ARG 5] N5
BOUE T RBF WS FE IR BE a5 oy i il ME T T AR, i A B TAE .

H DA R AREE X2 T35 Jd T B S e e 8, P VG IZ By, Uui i 5id a2 A
AAELERS 7GR, ARG E L H TR 2, I 515 2 KA AZ M 48 (Long Short Term Memory
Network, fH#K LSTM)I5RIT[26], KUILACH LSTM 5| Stewart V- 5185122 1EfRIF 7T . LSTM & —Fh
BT FH T A B 7 O B UR B 2 S R, d e TR ML R A0 RS SE I g s A5 B Sad iz 5 R
H, KiszhF e “BRis AR HAR N “BIRAST” [27].

EF 6 LSTM #4245, Hochreiter 55 A\ [26] R Gt T K2 M4 1 56 BEELIRAE S, #2478
FIs BTN B T =0 13 g R A AR AS A% 081 h, A& LSTM [ B3P JR U6 STk, A2 A SR A LSTM
KARIE B IE AR AR TS CHE; EARZE A28 LSTM N -F- I H: il 28 F 4%ds, 364F T LSTM 7E4b
FRHb R I RS 7 T A S, AR T LSTM Wl R FH g 52 7 3145 B AT AR 4R MRS 5 Tl ;. Wang Q 55
N[291%F LSTM 7E Stewart & b RJSEBRRILIEAT T L 1TTHEFL, 45 F Rosxt T B AR e Y 5% 8052 3h i
175, B HRIRZRMSEYNE 1074 2, P45 H 5 iR Z(MAPEYKE 0.0013%, 1XEH LSTM B4 A
BE 77 1 R P HOR AR X — R 4 OS9G s 9K ZESE N[BOPKE BT 22 2 51N LSTM HESE, $&FFAAL XS A 50 T
BLIRIZARRE T, A8 & B PROdOE SR U AR 5 TR st SRR RS N [31]5&H T U-LSTM, FIH 4 HTHS
B S fE BB AT IR B SR, U T AR LSTM 78 i 2 A8 A0 i 2 i T i B i 22 SRR

ik
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[ 5, A Stewart “F- 5 ) 1E AR TR B (L SRk Al AL, B aE 4 T A e

ASCKET LU EWFTT, 2 Stewart “T- G50 IEMR LSTM SRR, @l xF Eb oA fr s, 85
0T P PRI TR RS, BRE [P0 4% A5 TR 1 TE A M R ORS 2
2. Stewart LR EThFEE
2.1. EXRGH

Stewart “FE RO T = HE: TFE. FFENNMES . FFa NEME, ZFEEANS)
MRl EFE NG, SN HBEBHINARmIATES: (F3his i LR P a i HMigEi
i, RIREN RGERIZ L BAMESh RS PR B 5T 63 SRR LK 1.

Figure 1. Stewart platform structure diagram
[& 1. Stewart LA LEHE
TEFFURTHE T, TELWH T G MRV SHAmE T, RYE Stewart - & I TAERFE, &23
FOFEEME 1 PR,

Table 1. Stewart platform parameter settings
% 1. Stewart LEESHIRE

TF & 42 Ro(m) P E¥4% Ry, (m) = b (m) TEZN VIR E Lo (m) ETFERA ()
1.5 1.0 2.0 2.1(£0.25) 30

2.2. BIUMIRR

NTETERTG1ias), FEALL. NP ERET - DERRLIRR, K2 BILT Stewart &
IESY VS 2Y T & AV 4

Hrb, p, ——NAMEEFE R i MESIER AL & 2 1A BB A

b, —— N BT & AR i MESIE AT & Z R B

[F] 5 A4 bR R {B}(O-XYZ)K /R, BEBEEFFE Lo A O T FFEREAERK R, Z #E
B b, X 1 B M A O B AR Pl

ZAR R (P} (o-xy2)RoR, BIEE LV G Lo A o AT BoF 6 Bk sl B e B B0 G 2
AR, WIS T A [ 8 AR R T AT .
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Figure 2. Stewart platform parameters and coordinate system setup diagram

2. Stewart FESH R LIRRIGEE

23, THHEBERLER

TG REREE AR R By, FIAERE B RoR:

R, cos(6,)

R, sin(6,,)
0

B = Jfor i=1,2,--,6 (2-1)

o 0, 25 i AN TRE R LA B
b AR RE S AR R (PR, FIERE P ROR
R, cos(epi)
P=|R,sin(6,) |, for i=12,,6 (2-2)
0

Hrp o, 2% i > LBk AR A E .
2.4. FEPEFEIK R R

24.1. EX EFEMHE
LG A48 p HLE [ E A b 2R o 1P R e R -
PR r=[r,0,,0] o EIBIALKRRIF A o 72 2 ALBR R AL AR
TREREFERE R: R SRR ZAR T [B T A bR R BER: o TR Z-Y-X BRRLA (7, B )oK
P
R=R.(7)R,(B)R,. () (2-3)

JEIFIEN:
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cosycos B cosysinfsina—sinycosa cosysin fcosa +sinysina
R=|sinycosf sinysinfsina+cosycosa sinysin fcosa—cosysina (2-4)

—sin S cos fsina cos fcosa

2.4.2. MAREEMRIERE
V-G WV R R 5T E JT 155 NBh AR 2 (P} 2 [E %E AL AR 2R {BY I IR AR H B [ T

T_R t 9.5
=lor (2-5)
2.4.3. BIIFERBLAR
P EEEE FARROER, O, PG 3 P E T E ALK R o I AAAT O, 4
O, =RB +t (2-6)
MHEFEE AN, HH PR B M B AL E O MK, WENZRKEE L N:
L = ||l,. " = ||Q,- —B,.|| = \/ZL(RPI' +1-B, )2 (2-7)
HBNESRANG  AL H:
AL; = Li _Lo (2'8)
AT sk iz sh ¥
3. ERIFIFMRE) LSTM MR 814
3.1. LSTM MR AL

3.1.1. Brgl

LSTM & —FhF7k Y RNN (Recurrent Neural Network){JEIRA #4524, 5 5 AT ATERS [R5 2 [ #£ 3%,
TERC “addz” , BT TP 51 53 [28]

LSTM WIZ L BEEET SIN T T U FIZEHIRES, —AY LSTM Bnf & @] Ml Fli]
=TSR ITTN AN RURAS[32], =AM TSR IT R AR, S RS BT ik 5 ARt AL,
AHHRAS AT LK RS B, RS e Ak Bt d . B S S, BRI 7 %5 RNN kR
JEE R R IR AE R R, €] 3 2 LSTM (1 A 3B s n g5 I [33 ]

@i h,
KaHEIZEA . KEHEizET
Ct-1 > > Cy
ht-1 \1_ -7 ‘e~ < 7 ht
SN * ~ SERHIZEE
Xe HIN

Figure 3. Internal unit structure diagram of long short-term memory network
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(1) BET o, e B ZI A BIRAS th E IR LeE B [26], THEARDY:
f, =sigmoid (W,.x, + W, h_ +W,c,, +b,) (3-1)

Rif. £ REE TR, 780 811 20 £ =1, A ZER: M £ =0, SARE%E
B x FoRLHHIA b 2R bR RS B o FoR bR RIS, W AU AR

b RNwE I
(2) WA o, YoE W5 BRE A NAMOIRES, THEAAN:
i, = O-(Vinxt Wb +W e, +bi) (3-2)
ik 4l BIR S —— BB LR M &
¢, =i -tanh (W, x, + W, h_ +b,) (3-3)
AR
¢, =f,-c+¢ = f,-c +i -tanh (W x, + W, h_ +b,) (3-4)

A 4 RN T PIRES A&, SRR M5 B (G, =1, RonHs 2 =01, RrA
OHN: o Fon R ARG, KIWHCIZE S ¢ Fom Bl Lot g iz,
BEITRERRZDIHGE, MATTREMAZHER, —&4 GRS L.
() fth o, g T ARSI MR E R, AR

Ot = G(wat + I/Vhohtfl + VVcoctfl + bo) (3_5)
2 TS 2 B A RS -
h, =o,-tanh(c,) (3-6)
e o, B I PR R, 26 AN SIRS h o L5 2 A FoR AT ZI KRR SE S, B
R tanh(c,) MBEGT A, ASAIRA EAEI-1 5 1 20,

3.1.2. =B LSTM W4gLs#

SEREM LSTM %% thfi N2« Bl 2 A%t E AR, BT RO 441 Stewart T & 12 3h % IE M7 i &,
ARICRH ZEHER LSTM LSRN (RIARE 71, o =2 RE, R B 32 B e 5 Bk
B BNJE S HRAE S B KR R s L s 18 4 & x ; MR N T A RIALA . M. InidE 18
YEn) & b, . =)= LSTM W25 sl 4 s

3.2. NGBHENRBRELE

3.2.1. R

T FS AR Z B PSS, AR oA 5, B rE LSTM BERSIN R, RS A #aS slil
Ze SRR SE R, AULT G 7E 2 H R iESLis 5 .

T IESLR - TIgES:. S50mTi B 5 08T, R e 7 6 SR L P N 2 B R IE5%E A
B, A ERIEE 0~0.1 m Z 7], EEIRIELE 0°~15° 2 8], HZFN 0.025~0.075 Hz, ALl 0~2 nrad,
TELLSEE N SIBEML A, AERR 10 JT AN FIBIE . P8BS AT S RO T SRR, 15
AEMABUEZ TR, 25 NEE,

3.2.2. ERINSGEHE
W a N EIZsh L 5, W8 s AR B N A 5, BB .
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T output
| BHE: FAME. i%rai DR (184%) |
C LSTME3 (faiEeascsi: 32; HHiER: sequence; Dropout: 0.2) )
1
C LSTME2 (Bamiacs: 32; #di4E=: sequence; Dropout: 0.2) )

1 t ht+1 ht+n
'SR Ct ™ Ct+1 — \Ct+n
PRSI PRREEERIT | e FeREATT

ht ht+1 ht+n
k‘_/ N J
X1 TXtH Xt+n

Figure 4. Three-layer LSTM network structure diagram
& 4. =2 LSTM M4ZLEHE

R LS IREASTE o TAE A, K 100,000 NINBEER, ARG R0 AIIZEEET0%)
HE(15%) MG IEE(15%), FHr
(1) HINFFE(X):
JFaRsN: 6 MESIEIOMK L, L,, Ly, L, Ls, Ly | 251k
AR KA AT — B SRR ) AT B S CIE B VR N N RFAE, S TR 0 (112 3))
S

RATNGERE: [18,1000], 13K 18 x 1000 IR FPEME, 6 M. 6 MFidE. 6 MNP AL 18 4
BINAERE, WA EIESE 1000 B 2 EAE, FRRR B 2 ES 3R .

(2) HtHFRZE(Y):

frE: FEA%E[x,p,2,6,0,0] C4HTIZ):

I %‘a&%ﬂ@ﬂﬁ%&[x,y',z',qs,é,(p] CHRTHSZ1);

MEﬁz%ﬁ&%%:%%ﬁﬁy¢&&ﬂ(%ﬁﬁ%»

A YERE: [18,1000], IR TEHI3 MIE. 3 MNES. 3 MEREE. 3 ANMAEE. 3 ik
FE B2 3 AN F NG B

3.2.3. HIEIEA—K
BT LSTM W #B{§ FH sigmoid/Tanh B0 R %L, S AEHE LK AE[0, 118R[-1, 1], 658 58 514,
7 A% S HH B BE A R 5, DRI B0 AT U — A AL B[ 34]
&P mapminmax BEUEATIH—LALEE, JET Min-Max H—4b 779, THEEER, AR g, St
FEREIE ORFF R AG B M AR 454, &R T LSTM S & M2l 4y, H— b A -
X-X

Y=2.— 2 Zmn__ 3-7
¥ v (3-7)

max min

=&

if

DOI: 10.12677/dsc.2026.153025 244 1 R G5


https://doi.org/10.12677/dsc.2026.153025

3.3. LSTM MR EII%k

33.1. MEHEAEESH
%2 NIZ=)Z LSTM MR IR I 25 B 280 .

Table 2. LSTM network model training parameter values

%% 2. LSTM MBS HE

ZH EVLIEN
Rl 2 =2 3
52 R e B 32 (iU E KU AIG)
N/ e 18
AL Adam (& RFEAG )
EAIREL 150
T B2 B AL 1 (7 LB BE R IE)
WIER S > % 0.005
223 REEP R 0.2/100epochs
IO AT 2 20

33.2. SEFMEER

A7 EAEEE MR ZON AR, B MSE. TH5 AR N:

Loss=w, -MSE +o,-MSE, +®,-MSE, (3-8)

A Loss "R BHRMEMAEIR): 0, o« o, M ERE . BAERE . MR R R
MSE,. MSE,. MSE, I A0rBi%E, IR, kiRm0,

EREBGER, BT ERZL, HBEREN 0, =1.0, 0,=03, o, =0.05, XFEATLLEER
SEINIRTEA, EAF L, [ A Sif e P2 A3 FEE PR s A R o

5 JE7R T LSTM HERUAE I 25T A i )45 2K bR Kol Sl th 2 - W] LU HE  LSTM B2 I BT AR 451 R ALK

0.10 7
0.08 +
0.06

0.04

MSE (X107)

0.02 +

0.00 T T T
0 500 1000 1500 2000

Epoch

Figure 5. Loss function convergence curve during LSTM training

[ 5. LSTM I ZRZ A2 EY 51 5k iR U S 2
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#

AR, ZME

HLTERT 80 4™ epoch PIHRIHE N %, Bfi GBS fasefl, ML, THERY . IS R&RErE
9.1204 x 107, FALEERE, JFHEA RIFHMZILEE S, KRAELIA .

3.33. #RBSRENMH

Batch Size: HR4EEAFK/N, BE N 32. BT Stewart TG B IELEN), NEENLFT P )5,
EASBEFT LR SRR PR 350 P B T o

Early Stopping: MI=IUFEMBIR, 2MIELE 20~50 4> epoch BEA N EIEIIS, Biibdils. #=
HILE LA, 0 Dropout B/ P25 A4S

3.4. jEEhsCIE

34.1. XEESHIEEF

NIRIERS ER. eSS S Bk B AN, 2RI 1~4 2 LSTM HES 45K, 250K
BATTHU AN 32, 64 BEATRILL, SEEGSE NG 3 iR

SLIGEERRY: FEEZEOEMN, 32 MK RIRIEAEIA MSE BT, HAKSnERENZ
BB N A O 64 B, A EEIRTHE TR, IRt (R B E 0. R s A RE TINRG B S S
R, EHEZJEHES LSTM 454, &2 32 MR,

Table 3. Comparison of validation set weighted MSE for different network structures

= 3. TRIMBLEHINIEIESE M MSE Xttt

=44 Ret ek 5 o 4K BRUEAR AL MSE YN ZRi 8] (FP/epoch)
1 32 8.56 x 107 0.28
1 64 523 x107° 0.51
2 32 3.18 x 107 0.62
2 64 1.86 x 107 1.18
3 32 9.12 x 107 1.05
3 64 8.35x 107 1.96
4 32 9.28 x 107 1.47

3.4.2. MERFRHNERE
NISUESUR BB AR S IBCE W B & P, it 7D sk, SR E . S, InidE =
TR 22 I MSE AF s 1k s B, (UM B =TAERCLE . SRIR S5 R WS 4 PR

Table 4. Comparison of prediction errors under different loss weight configurations

4. FRIRAINER E THTMIREEL

DR RS WERE (0, o,v @,) fir & MSE HFE MSE JIni%E % MSE
THEA 1.0: 0.1: 0.01 8.02 x 1076 2.86 x 107 3.42x 107
% B 1.0: 0.3: 0.05 9.12x 1076 5.84 x 1076 9.57 x 1073
E XS 1.0: 0.5: 0.1 1.08 x 1078 1.08 x 1073 1.28 x 107
HED 1.0: 1.0: 02 135 x 1075 7.20 x 107 8.20 x 107

Jr% A AL DR FERORCEAR D, RURiR ZE e 7% C D Rt DR . I A,
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R, ME

BB PG, BACERE LIS 10° 8% iy % B E=IUES Z UG | SR Fi. ik, 450K
Hao,=1.0. 0,=03. o, =0.05KBEREZFER.

4. HFREREIES S
4.1. FhiERR

(1) PrEIRZESRRS

YJ 75 5 2 (MSE)—1fir & T 5 E 9E 2 (8] K S AR ZE AR -

1 n 2
MSE, :azz':lzjzl(yii _yi/') (4-1)

X n RoPEREHEG v, 7y ARSI AL 5 E Fh B 1 L Sy AT B

T K45 1% 22 (Max Error)—— 17 &2 TRINE ) B K 22«

Max Brtor, = max max b = 5| @42

(2) HRE/INTE R iR ZE AR AR
T B /NNE FE ) MSE HH AR 54678 MSE MR, 755 A OCTEM AL E RS 5
AHA ZE 1R (Phase Delay)——7 2 FUIAE 5 AH X B SAS 5 7E I [ 4k L (R 5 s AT AL, J8 It B ARG
Pax iR
THE RS R 5L
R, (T):z;]ily(t)'j}(t_kr) (4-3)
AL HAH[35]:

2. (0()-7)-(3(1+7)-F)

()= 2P I ) F) @
S ((0)-7) XL (P(0)-3)
A ¢ RN EEREEEAE): v Y AOMA ()« P(0) ¥ME: N FRRBESKE.
B e KA A I REIR «
T etay = ATE max|pyﬁ (r)| 4-5)
T R S BRI [ <
Phase Delay =7,,,,, - At (4-6)

A Ar ARAEAIFE(0.02s).
(3) # 5. # 6 AW LSTM P25 1l 4 R ) RMSE {E Al Max Error {52 %[36].

Table 5. RMSE value reference for LSTM network prediction performance
= 5. LSTM ML TUNRE) RMSE ES%

T2 5 R g BE
P E (m) <0.005 0.005~0.012 0.012~0.025 >0.025
B2 (deg) <0.05 0.05~0.15 0.15~0.35 >0.35
i JEE (m/s) <0.004 0.004~0.010 0.010~0.020 >0.020
I E (m/s?) <0.003 0.003~0.008 0.008~0.015 >0.015
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R, ME

Table 6. Reference for the Max Error value of LSTM network prediction performance
5z 6. LSTM MI4ETHUMBR A Max Error ES&%

T A 75 R4 g B
A7 & (m) <0.010 0.010~0.025 0.025~0.050 >0.050
B2 (deg) <0.1 0.1~0.3 0.3~0.7 >0.7
L (m/s) <0.008 0.008~0.020 0.020~0.040 >0.040
T3 B (m/s2) <0.006 0.006~0.015 0.015~0.030 >0.030

4.2. PLEFRHER

LSTM AR AF Stewart 1 G188 A A& LA TN AR Q14 6 B

NI R, (2 TR L vy, RRsE PELF, JCIL XY Jy 1), PBIE 5 J Ll m v &
Roll Fl Pitch [IFRMARHAEHE, JLPrEamE s Z 7 A B HNEIAGH Bos A 22, (HRPusk,
MRS AR s Yaw J7 [ TN B (B S A i 22, (A S e S IR AT .

0.03

0.02

-0.01

-0.02

0.02f

[
0.01

-0.01

-0.02 t

0.61

0.605 |/

0.6

0.595

Figure 6. The pose forward kinematics prediction results of LSTM

frH - X

%3 -Roll
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- —— — BE
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IFfE] (s)

& 6. LSTM HYSLZE IF SR TN 45 R
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R, ME

AR T ECHE v 5T A2 24 1K) RMSE Al Max Error, W14 7 fizm, HR#EZ 5 F13C 6 HHAIMbaE, &
TR (28R 56 AR B T R TS AR LA TN ) Max Error fEBS 25 T AL E T, BT LSTM 720 P illl 25,
PREAIAR I BOAN KRS E , 0.25 s Jm iR 28 B AR, BLFA2 BU) Max Error B AR AT B AR -

Table 7. LSTM pose prediction RMSE and Max Error values
= 7. LSTM {270 RMSE #1 Max Error &

fEEit RMSE Max Error (0.25 s J&) SRIEVES
(A= 0.00302 0.0060 75
225 Roll (deg) 0.026 0.093 75
45 Pitch (deg) 0.034 0.164 R 47
23 Yaw (deg) 0.053 0.615 &g

4.3. 3 BE 1 hm 2R B FUMSER
7 4 LSTM BARLR A Stewart V- 532 51 2738 FE AT 5 IE M 1 T ROCR «

BT - Vx ISEPE - Ax
= 0.04
00217 7N ——— A \ FL
- R ———— B 002k 1 - — TG
| N .
0 | ’! \\
1 \
\/ N
N
-0.02 N f
AN ;
~__7
-0.04
0 1 2 3 4
0.05 R - Ay
0.02 . S
0.01
2 0 o
E £
-0.01
-0.02 :
0.05
0 1 2 3 4 0 1 2 3 4
0.02 W - Vz 002 Ik - Az
0.01f
0 L
0010
|
002 /
\/
0.03
0 1 2 3 4
IR 1] (s) IR (s)

Figure 7. The velocity and acceleration forward kinematics prediction results of LSTM

[& 7. LSTM BY3iR B FO 0 iR B IE fR TNl 45 3R
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(1) B
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Table 8. RMSE and Max Error of LSTM-based velocity prediction
= 8. LSTM iR E #Ul RMSE #1 Max Error {&

T A RMSE Max Error (0.5 s J&) MLV ES
HF v, (m/s) 0.00247 0.005 7
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Table 9. LSTM acceleration prediction RMSE and Max Error values
3 9. LSTM iR E U RMSE F1 Max Error &

b Eait] RMSE Max Error (0.5 s Ji&) FHRCR
TERE 4, (m/s?) 0.00647 0.011 R 4F
INIESE 4, (m/s?) 0.00925 0.015 4k
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TR AR T S P KA 22 5 T SR AL, 1 S I B U /N 0.01 =4, (5 LUA, M s A emd ks
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4.4. BB E A SRS

VAL LSTM FR 2 AR S s T RE B A 1 S #2613 77, 43 I7E Intel Core 17-12700K CPU 1 NVIDIA
RTX 3060 GPU 44T — IR AT A& RE P 0T fa], BRI AL S 100 RASZ AT AL R P IME, ki
Newton-Raphson i£RVEAE XS L, HMERH E—BZI60%, ERRERA 1 x 1070, HRIERIREL 50,
fEH/NE 10 .
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Table 10. Real-time performance comparison between LSTM and Newton-Raphson method
%% 10. LSTM 5 Newton-Raphson 75 5% SCEF X EE

WAREA B HEFR I 7] (ms) ST I 2 SN E WIHIE 2 fiff 1] 15
Newton-Raphson 8.65 =2 & H
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R, BESRPIRN TV R S S I R, H LSTM B T & R se i v R i

{H LSTM (Wil Rz S s s, FLDNE B Tt 22 K, B 3 FH T %o A5 248 AR T 8 ST 1k 225K vy
MIEHES, fEmk sy s HEEA .
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