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Abstract

To address the issue of insufficient tracking accuracy in robotic arm trajectory tracking due to ex-
ternal disturbances and the inability of fixed controller parameters to adapt to dynamic environ-
ments, this paper proposes an adaptive model predictive trajectory tracking control strategy based
on an improved particle swarm optimization (PSO) algorithm. The system model is established us-
ing the dynamic equations of the robotic arm, and a model predictive controller (MPC) is designed
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for trajectory tracking. The PSO algorithm is introduced to adjust the weight coefficients of the con-
troller online. A linear inertia weight decay strategy is employed to mitigate the problem of tradi-
tional PSO algorithms easily falling into local optima, while also improving convergence speed. Sim-
ulation experiments demonstrate that the proposed improved PSO-based MPC achieves more stable
and accurate tracking performance, with the mean squared error of joint angles reduced by 33.85%
and 23.08% compared to the original controller and the traditional PSO-improved controller, re-
spectively.
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WLAs N HIEARTE TV EZ ERITIZW . R % il S iy i o B A, e R TEA U %0
IEEREERE A, SRS B E T RANVRIRIERE. AT, FEE TR S e M i T 5%
TR Z AL, BB H LGS B E Pk . R PID #5655 75 O 2N, BNI7EARE EIE
LR A R A U R SR I o R R BR [ 1], AR B % 1 (Model Predictive Control, MPC)
(Rl SLAE Ab P 2 A5 S L) SR AL AL P RE 7 TH L3, T AF R 2 312 0% .

£ 2022 4, Jingkun Yan 2 N T — R TR S P £54% il (Receding Horizon Control, RHC)) T,
RN NPUEERER R 7 2o A D I R U T AR A 2ok, i T — s /MR ER R 22
THUPEE O ESORI N B YO R R A, R e A I AR SR R % RHC 7 %E[2]. B,
2023 4, Tiangi Zhu 25 AWFRC T —Fh3ETis 824010 MPC 732k, ARl 1 P I8 3@ K2 MPC #E47
PR ERER AN 22 AR, [FISR PR L it UL 28 R 12 S N S B i s B G THRE B, DA SE I BN 25 ke 1) 22
AFPRR[3]. AR, XL TS 3 AL AL T RAE MR AR, TR FE SIS RA AT E
T, XPRE T HAEATEE S S SRR N . A, Qirong Tang 25 AR H T —FhIE T WU 50 1
SR MPC R, BT ERES T s N LR A 8. R I3 18 T AU 1 8h )1 22 R
{HLE MPC & 2% B S 015 [l AT AR AR 2 RAAR R [4]

FESE 1) MPC J7 12 7E SERBR B A AR A e DLSE LN RASENELL R, NHERESIEHIE T, .E
ZHH) MPC M L& Rk . [Rltk, &K E—FhEess B iGN A8 22801 MPC 75 5 2R HE BT
o N T fERIX— 0 B, K REAC AL B2 (Particle Swarm Optimization, PSO)/E N— i f /) E‘Jiﬂlﬁﬁt@éi
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WEERG. B0, PSO K5 AR/ AL, HARIE FE v RERER K [6], X AE LR %] MPC HJt N
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Figure 1. Flowchart of adaptive MPC controller algorithm based on PSO
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Figure 2. Robopal, a simulation platform built based on MuJoCo
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Table 1. Basic MPC parameters and initial values
= 1. EAX MPC ¥R ¥HRE

B el

B 1500
KAEIS 7] 0.01
AW A 3 15
] Bf 3 10
RZEAE R 1000
PR E R4 10
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Table 2. PSO parameters and initial values
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Figure 3. Comparison of trajectory tracking errors in joint space
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Figure 4. Mean square error comparison histogram
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