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Abstract: Resolution of the inverse-kinematics redundancy problem for redundant manipulators can be transformed
into a repetitive motion planning (RMP) problem by incorporating joint-angle limits and joint-velocity limits. In this paper,
a new recurrent neural network, finite-time dual neural network (FTDNN)), is proposed for solving this type of constrained
RMP problem in velocity layer. Compared with the traditional recurrent neural networks, the FTDNN model has finite-time
convergence characteristics, which not only improves the convergent speed but also achieves higher convergent accuracy.
Furthermore, asymptotic stability of the FTDNN model is verified by the Lyapunov’s stability theorem, and the time upper
bound for the optimal solution of the FTDNN model with constrained RMP problem is presented. Computational simulation
results based on the redundant manipulator PA10 demonstrate the validity and feasibility of the FTDNN model for solving
the constrained RMP problem. Finally, experimental results on the Dobot Magician manipulator show that the proposed
FTDNN model can effectively realize the repetitive kinematics of each joint angle.
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Table 2 DH parameters of PA10 manipulator and physical limits of each joint
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Fig. 1 The trajectory of PA10 manipulator without joint-
physical limits considered
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Fig. 2 The joint angles of the PA10 manipulator’s end-
effector track the circular trajectory without joint-
physical limits considered
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tor’s end-effector track the circular trajectory without

joint-physical limits considered
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Fig. 4 The trajectory of PA10 manipulator with joint-
physical limits considered
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Fig. 5 The end-effector tracking error of PA10 manipulator
with joint-physical limits considered
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Fig. 6 The joint angles of the PA10 manipulator’s end-
effector track the circular trajectory with joint-
physical limits considered
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Table 3 Joint-angular position errors with joint-physic-
al limits considered

K4 6;(0) 0;(10) 0;(10) — 6;(0)
1 0 —2.1011e—5 —2.1011e—5
2 0.7854 0.7854 —1.8907e—5
3 0.7854 0.7854 7.4476e—6
4 2.0944 2.0944 —2.0753e—5
5 0 —7.3372e—7 —7.3712e—7
6 —0.7854 —0.7854 3.1916e—6
7 0 —9.7979e—8 —9.7979e—8
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Fig. 7 The joint angular velocity of the PA10 manipulator’s
end-effector track the circular trajectory with joint-

physical limits considered
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ral network models by solving RMP scheme
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Fig. 11 Pull-back position errors of the end-effector of PA10
redundant manipulator with joint-physical limits con-

sidered

), N T #E— 5 UF WIFTDNNAR Y (22) 78 S
P v A N T AR, B2J8 R T S U BR R R
ML) SIS 25 B X H R IR B 7R T Dobot Magicianl



%1

FLAE: FE T RN DR A 22 W 2% ) TU AR LW B A Bl 147

A NPT EHIRER BT 55 (L FE. B U )
R S Bl e BT AR IR A B, AT 96 IEFTDNINA
Q)N E 128 I AT

B 12 2RI AT ST BT U S5 I, R SR AT 28 60

Fig. 12 Movement of the end-effector when it performs a cir-

cular trajectory task

6 it

AR SCETH AT ZIRRMP T 52(10)—(12), $&H 7 —Ff
FTDNNHLRY(22). 7E3E 41365, UEBH T FTDNNAX
T (22) FT fa e v, 33t — 5 R SR AR -
MPJ5 E(10)—(12) F AL i B (8] _F 5%, iEBH T FTDNN
FRAY (22) (A5 PR TGS P, B, S FTDNINAR 7Y
FFPALOTUARHUE 1) E RS sh R, T 5HL L
SR B FTDNNELAY K iy 2 RRMP 7 %2 (10)-(12) )
B

SE3Hk:

[11 YANG C,LIZ,LI]J. Trajectory planning and optimized adaptive con-
trol for a class of wheeled inverted pendulum vehicle models. JEEE
Transactions on Cybernetics, 2013, 43(1): 24 - 36.

[2] HONG C, CHEN H, MOORING B W. Accuracy analysis of
dynamic-wafer-handling robotic system in semiconductor manufac-
turing. IEEE Transactions on Industrial Electronics, 2013, 61(3):
1402 - 1410.

[3] SUN Jingtao, WANG Yaonan, TAN Jianhao, et al. Hybrid visual ser-
voing for rotor aerial manipulation system. Control Theory & Appli-
cations, 2019, 36(4): 505 — 515.

(PMME, X, S, 45, R WITHLME R G HTR &L
i, IEHEIR SR, 2019, 36(4): 505 - 515.)

[4] WU Y, PAN Y, CHEN M, et al. Quantized adaptive finite-time bi-
partite NN tracking control for stochastic multiagent systems. /EEE
Transactions on Cybernetics, 2021, 51(6): 2870 — 2881.

[5] KADERABEK J, SHAPOVAL V, MATEJKA P, et al. Comparison of
four RTK receivers operating in the static and dynamic modes using
measurement robotic arm. Sensors, 2021, 21(23): 7794.

[6] HOPFIELD J J. Neural networks and physical systems with emer-
gent collective computational abilities. Proceedings of the National
Academy of Sciences of the United States of America, 1982, 79(8):
2554 — 2558.

[7]1 JI Yuehui, ZHOU Hailiang, CHE Shixing, et al. Recurrent neural
network-based optimal attitude control of reentry vehicle. Control
Theory & Applications, 2021, 38(3): 329 — 338.

A, RS, EIEAT, . ST AT AR I N AT AR R
g, PR 5N, 2021, 38(3): 329 - 338.)

[8] FANG Kai, YAO lJiaqi, LI Jiawang. Three-dimensional simultaneous
tracking and stabilization of underactuated autonomous underwater
vehicles based on neural network. Control Theory & Applications,
2021, 38(6): 731 —738.

(79l WREERR, ZR5RNE. T2 I 4 1 R SR B7K T LS N =4 A
SPPREFAVEE S, S BIe 5RH, 2021, 38(6): 731 - 738.)

[91 ZHANG Y, LONG J. Robot Manipulator Redundancy Resolution.
Hoboken, New Jersey, USA: John Wiley and Sons, Ltd, 2017.

[10] ZHANG Y, TAN N, CAI B, et al. Matlab simulink modeling of zhang
neural network solving for time-varying pseudoinverse in compari-
son with gradient neural network. The 2nd International Symposium
on Intelligent Information Technology Application, Shanghai, China:
IEEE, 2008: 39 —43.

[11] LI S, ZHANG Y, JIN L. Kinematic control of redundant manipula-
tors using neural networks. IEEE Transactions on Neural Networks
and Learning Systems, 2017, 28(10): 2243 — 2254.

[12] LU X, TAN Z, CHEN K, et al. Improved recurrent neural networks
for online solution of moore-penrose inverse applied to redundant ma-
nipulator kinematic control. Asian Journal of Control, 2020, 22(3):
1188 — 1196.

[13] CHEN D, LIS, LIW, et al. A multi-level simultaneous minimization
scheme applied to jerk-bounded redundant robot manipulators. IEEE
Transactions on Automation Science and Engineering, 2020, 17(1):
463 — 474.

[14] JINL,ZHANGY, LIS, et al. Modified znn for time-varying quadratic
programming with inherent tolerance to noises and its application to
kinematic redundancy resolution of robot manipulators. IEEE Trans-
actions on Industrial Electronics, 2016, 63(11): 6978 — 6988.

[15] XIAO L, ZHANG Y, HU Z, et al. Performance benefits of robust
nonlinear zeroing neural network for finding accurate solution of lya-
punov equation in presence of various noises. IEEE Transactions on
Industrial Informatics, 2019, 15(9): 5161 —5171.

[16] ZHANG Y, ZHAN L. Zhang neural network for online solution
of time-varying convex quadratic program subject to time-varying
linear-equality constraints. Physics Letters A, 2009, 373(18/19): 1639
—1643.

[17] ZHANG S, CONSTANTINIDES A G. Lagrange programming neu-
ral networks. IEEE Transactions on Circuits and Systems II: Analog
and Digital Signal Processing, 1992, 39(7): 441 — 452.

[18] TAO Q, CAO J, XUE M, et al. A high performance neural network
for solving nonlinear programming problems with hybrid constraints.
Physics Letters A, 2001, 288(2): 88 — 94.

[19] ZHANG Y. On the LVI-based primal-dual neural network for solving
online linear and quadratic programming problems. American Con-
trol Conference. Portland, OR, USA: IEEE, 2005: 1351 — 1356.

[20] ZHANG Y, WU H, GUO D, et al. The link and comparison be-
tween velocity-level and acceleration-level repetitive motion plan-
ning schemes verified via PA10 robot arm. Mechanism and Machine
Theory, 2013, 69: 245 — 262.

[21] ZHANGY,LIZ, TAN HZ, et al. On the simplified LVI-based primal-
dual neural network for solving LP and QP problems. IEEE Interna-
tional Conference on Control and Automation. Guangzhou: IEEE,
2007: 3129 - 3134.



148 B owo#H w5 N

40 3

[22] ZHANG Y, ZHANG Z. Repetitive Motion Planning and Control of
Redundant Robot Manipulators. Berlin: Springer, 2013.

[23] LIS,ZHOU M C, LUO X. Modified primal-dual neural networks for
motion control of redundant manipulators with dynamic rejection of
harmonic noises. IEEE Transactions on Neural Networks and Learn-
ing Systems, 2018: 29(10) 4791 —4801.

[24] LIU S, WANG J. A simplified dual neural network for quadratic pro-
gramming with its KWTA application. IEEE Transactions on Neural
Networks, 2006, 17(6): 1500 — 1510.

[25] HWANG S. Cauchy’s interlace theorem for eigenvalues of hermitian

matrices. The American Mathematical Monthly, 2004, 111(2): 157 —
159.

[26] LIS, LIY, WANG Z. A class of finite-time dual neural networks for
solving quadratic programming problems and its k-winners-take-all
application. Neural Networks, 2013, 39: 27 — 39.

[27] KHALLIL H K. Output regulation of uncertain nonlinear systems.
Automatica, 2002, 38(6), 1091 — 1093.

e B A

L B B, BRI MR HLas NBUERAL AR
%4, B-mail: kongying-888@163.com;

R WULAFAE, BETEE T O 2R L HLEs NBLZER
b B3R R 4¢, E-mail: wij1825859@163.com;

BmRE IR, BT ORI ) N RS EOR 2L
PRk 5 KB, E-mail: jshlei@126.com;

WG WULAFAE, BRSO 4 L HLES NBPLZER
1k B8 22 4¢, E-mail: tanglong1216@ 163.com.



