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An Adaptive LSTM Method for Parameter Calibration of
Medical Robotic Arms

HONG Wei"*?, JIN Lukai'**

1 Shanghai Institute of Medical Device Testing, Shanghai, 201318

2 NMPA Key Laboratory for Medical Electrical Equipment, Shanghai, 201318

3 Shanghai Quality Inspection and Testing Center for Medical Robots, Shanghai, 201318

Medical robotic arm often encounters multi-source and nonlinear errors during the calibration process,
making it difficult for traditional mathematical modeling methods to fully characterize system error
features, thereby limiting further improvement in calibration accuracy. In this study, a robotic arm
parameter error identification model is established, and a calibration method based on an adaptive long
short-term memory (ALSTM) neural network is proposed. The method incorporates a particle swarm
optimization (PSO) algorithm to optimize the weights of each layer of the LSTM neural network, enabling
more effective fitting of robotic arm kinematic errors and ultimately yielding more accurate Denavit-
Hartenberg (D-H) parameters. To validate the proposed approach, 110 sets of experimental data are
collected using the HSR-JR680 robotic arm calibration system. Experimental results demonstrate that the
ALSTM model reduces the root mean square error (RMSE) by 23.07%-80.39% compared to traditional
calibration methods, and shortens the convergence time by 32.44% compared to a standard LSTM
model. The optimized D-H parameters obtained meet the high-precision calibration requirements of
medical robotic arm, confirming the effectiveness of the proposed method.

[Key words] medical robot, adaptive long short-term memory (ALSTM) neural network, particle swarm optimization
(PSO), kinematic parameter calibration

0 38 HA I RE R IT s e 1k . T BRI RS L
NS, AU gt G0 R & — T 2

EAESR, Hlas NUAe s, @ RS
IR, BUERAPISRA IS febrtl. SR, BTSRRI KN E
e BN, LA ALK (ORI T RS
AT S . ARkl E-mail F AL ek, KL, BRITHLES AHLIE broE £

473


https://doi.org/10.12455/j.issn.1671-7104.250121
https://doi.org/10.12455/j.issn.1671-7104.250121
https://doi.org/10.12455/j.issn.1671-7104.250121
mailto:hwcmtc@163.com
mailto:lukaijinmeche@163.com

Chinese Journal of Medical Instrumentation

2025% 5549% %58

E fy #l 2 A

A, MHESEIREHTIE, RIVEMFRE, 2&Hl
7% N\ T BT 4 i B R

LA AL as AMUAE & A bR e (e E 2 A
BOEIRERS . BRI, R ah U, XY
mHARE R, MEREEK, LT mE Rk
M, BUrigE BT, SWEL A R4y filE, ok
WRBEITHLES MrET K. Fik, BrhLes Aris
B, BRIz IR o . THRRCRE . RE
FEERINED, R —E UL MrE RS,
SLELEEIT ML NP AR E , X THEShHLES A
TR T 4Ry 2 1 b B 3K S

UTAESR, fhE M TENL & NbriE 5% 224 ME
SUSTAFENTIZ N, JCHAE RO A ELetiR 22
5 T B B e g . WANGEE R H —Fhen b
ZEJLMRZEE . & RSN AT IR E 5%,
F I ] 5 37 11 22 W 2% (back propagation neural
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e R 1% 25 P A 85.41 % ¥ & 38 e . WANGE:" i
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BicfZ. (adaptive long short-term memory, ALSTM)
HARMERER, PhFREUL RS (PSO) BT
5@ K402 (long short-term memory, LSTM)
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IR AYD-H (Denavit-Hartenberg) 570, #[H,
B 200 L 3 ek 15 2 A 0 X S 8 e e AED-HZ: 44
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AT THLE N3 SRR PR A
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Ja it tanh 2 013t — Mk &, IR ImAR T
oo, MimAREIL R ITTIERE B
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C; tanh(we-[x7,hy—1]+bc)
Ci=f-Cry1+i-C,
XA wiiwesr BEARIATT, A TCRENE,
xA4HTZIE A, bR ARE, CoAMAI L]
HIT, CoAni—MZRSICHIT, C) hfE BEERE.,

e &k it ], i Sigmoid 2 3% £ i th 5
B FlHtanh 2478 H G H AR . 624 AT
ZlEHrE R
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e ey IR B8, AR RE, il i
R A0 TE R NHIBENLE .V, Rondt %15
IRLF IR, Vo FoReH LR S8 b HE L
Xipn X150 RN IR AR, tH IR E
PRI R T2 It B AP I E, g Rt
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IO AN LS HOBCE , bl T 28 W Sl B
1.4 ALSTME&EZigitnsh
ALSTMA 22 [ 28 BEATHLEF N AsE RO HEZR T4
mREAn R,
k1 REWTTICAPZ M &0 7R
Tab.l Process of long short-term memory neural network

)

HA s XL S SE Y fE fHLg1—g6, BRI BB
fiiwy, HLERMEALY;

E: (8 Inf i) 52 R

WET Xy, Vo o(r)
WAL wi, wr we, wo, Xo o(l)
WL w, ¢, ¢, Ay 11, 1 o(l)
st =1, T,.=max_iteration count o)
while ¢ < T, or FiEF W4 :do xt
for n=1to N xN
WL (5) Hgrk BV, A By, o)
WA (2) HEBES o(1)
i (3) HREATL, G C o)
WA (4) ok, o)

end for —
=1+ a(1)
end while —

F: mUEHIPLES A ST AR ZEAG I~ Ags

IZTT LRI R R EE AT AT
Tk = 0O(r)+ O (Timax XN) = O (Tiax X N) (6)
R (6) R Fefhr < Topa N, IF IR 2% AT LA S
BT Io(r), Wik, HT B &ML E M
LB g NbriE 77 72 I (] 2 2% B R AR RO RE A KL
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YRR EN: (extended Kalman filter, EKF) V7.
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R Or B, HoRrE L 21 S bR IR (2 A4 B 1)
Gl A s OB A, BAT TG 11
LSTMPAZ, , 7 EU N 1% 22751 Fh i ny 5h &2 1k
FHE; Qi I B IIZRE ML > i gh iR 2=
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B2, HEHAMEE S, OFMEL R RIED-
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A 3¢ % il B9 D-H (Denavit-Hartenberg) 42

AU, HEATHLER NI A, R HLEE RIS )
L

1T = Rot (z,6;) Trans (z,d;) Trans (x,a;) Rot (x,;)  (7)
N g EFRKE, dAEAFREE, o B+
A, ORI, DI TRMWLE NI bR AR -1}
FIPLEE N ST AR F {1} IR
PRER T AR ARE 1l Ja B ML N e 7%
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(a) RBENN, ALSTM. EKF. PFFLIARGE 2 FIbRAE B 22 U
(a) Comparison of errors before calibration and calibration errors of
RBFNN, ALSTM, EKF and PF algorithms

25¢ ANOVA: F=68.77, P<0.001
20F
g
E st
= op
iz‘
05 i
b == 1
RBFNN  ALSTM PF EKF
s Rk

(b) A [FEBRE T LR R IE T A

(b) Error distribution of different calibration methods

A1 ARG EA SRR 24
Fig.1 Error comparison of various algorithms after calibration

RMSE = J(l/n)zn: (v;- Y;)2
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Tab.2 Calibration accuracy of various algorithms
BLfif: mm

Bk RMSE SEM MAX
FRAE HIT 5.26 5.34 6.31
EKF"! 1.30 1.36 2.42
PFL 0.81 0.69 1.62
PSO"! 0.73 0.67 1.43
RBFNN!'"! 1.53 1.51 1.95
LSTM" " 0.39 0.43 0.97
ALSTM 0.30 0.28 0.91
(3) H— P T B R BB S B et

RIS RECR SR H. BN PRk
BOwn CRAETRI R PR AT AT, A
PRAGSRTA RN B SRR Z M IARUHTRE 0. EER
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320k, SFERTIA138.95s, MCRME AR, fEML
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k3 BAFikey ot
Tab.3 Total time cost of various algorithms

75 R RACIKR B SAAETRIBE [/
EKF™! 14 25.45
PF! 13 29.75
pPSO!' 32 138.95
RBFNN!'! 65 38.54
LSTM"! 20 18.74
ALSTM 15 12.66
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k4 ALSTM #75%J5 61 D-H A
Tab.4 The obtained D-H parameters after ALSTM

*1i a; /mm d; /mm a; /(°) 0;/(°)
1 250 653.5 -90 0.0184
2 900 0 0 —89.9203
3 —205 0 90 179.9962
4 0 1030.2 -90 0.0198
5 0 0 90 89.9428
6 0 200.6 0 —0.0092
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