58 1l R (A SRR A5 T REROR R Vol. 58 No. 1
20254 1 H Journal of Tianjin University (Science and Technology) Jan. 2025

DOI:10.11784/tdxbz202310020

—#EF DTW-DP-GMM K T A #1858 NEN i S R EE

B2, B bR, b B2, R 2
(1. AR FZEHU TR K B 8hib24Be, faMl 350108;
2. TREA AR R AL A MM E SR, RN 350108)

B OE: APBEATHSAZTE P SITRASBEA (GMM) FLX]IE ) Pk i A 260 S Ao FAFEA T £
AT AFEBAREF R, BT AWM BABFHHIEFE T R, ZRR OSSR EAEDTW) Hik. S
RABA L HEAIEN-LE (DP) Bk H4h, A THIBRTREN S LT ENMKE LEEZFHRML, XA
DTW Hikksh— FmHME AR LT, ok, £8 GMM H st RE T e B TIRIR, AR SARAE
B2 (GMR) ¥ L EM A F AT, XA PR DP Hik R FE GMM Fke) AL RGO H eI,
L kAnrt, ARa5 R AL B At e AR 69 R AE. AR DP Bkt B LT 69 S B ST BRAL ST RAL,
TALH IR T ILBARLB DT I E, mERER Y T RATRIESNKE. RE, HITT REBRGERT
BHEF IR EI. £REW. 28 DTW I FGE 0 THME LA Pt 2B L, 2 GMM-GMR %3
ik 69 L IBIE LA BTG RAELE R fe4E 0 GMM-GMR H ik 5 3 T4 it et 42, KA DP ik T K 2 s
By AE; %iE DP B EHRATFRALE R LT o T3 B2 £394 0.500 mm AW, R KRETUAEH AL
0.800 mm VAP, ¥ VALik RIFEHIEMR] 69 K, IR T 3% Rk 09 stk Fe i AL

KR TAVHLERA; AEHRE; SENRAGE,; ERPH-5w ik, s, Yuargm

FESES: TP242.2 XHEFRERL: A XEHS: 0493-2137(2025) 01-0068-13

A Strategy for Industrial Robot Trajectory Learning
Based on DTW-DP-GMM

Xiao Sal’z, Chen Xuyangl’ 2, Ye Jinhua® 2, Wu Haibin'?
(1. School of Mechanical Engineering and Automation, Fuzhou University, Fuzhou 350108, China;
2. Fujian Key Laboratory of Special Intelligent Equipment Safety Measurement and Control, Fuzhou 350108, China)

Abstract: The users often encounter issues such as difficulty in selecting the appropriate number of Gaussian distribu-
tions and low accuracy in reproducing trajectories when using Gaussian mixture model (GMM) to plan robot trajecto-
ries during programming by demonstration. To address these concerns, a composite strategy is proposed, which in-
tegrates dynamic time warping (DTW) algorithm, GMM and the Douglas-Peucker (DP) algorithm. First, to address
the issue of varying time lengths in multiple trajectories, the DTW algorithm is used to align the variation of the
demonstrated trajectories in the time domain. Second, the motion features are learned from the aligned demonstrated
trajectories using GMM, which can subsequently be reconstructed into a reproduced trajectory using Gaussian mix-
ture regression (GMR). In this process, the number of Gaussian distributions, a key parameter of GMM, is esti-
mated by DP algorithm, which can derive a relatively precise parameter value simply and intuitively compared with
the traditional method. Furthermore, the DP algorithm is employed to sparsify and optimize the data points in the

reproduced trajectory, ensuring that the final trajectory maintains high precision while drastically reducing the num-
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ber of data points in the final trajectory. Finally, experiments conducted on simulated welding trajectories of different

shapes are carried out. The experimental results show that the demonstrated trajectories aligned by DTW exhibit more

pronounced motion features, and the reproduced trajectory generated using GMM-GMR has great representation

result; moreover, the DP algorithm effectively estimates the necessary number of Gaussian distributions for GMM-

GMR learning. The average positional errors in final trajectories sparsified by the DP algorithm are within

0.500 mm, and the maximum errors can be controlled within 0.800 mm, meeting the precision requirements of weld-

ing trajectory planning. It verifies the effectiveness and the superiority of the proposed strategy.

Keywords: industrial robot; programming by demonstration; Gaussian mixture model (GMM) ; Douglas-Peucker

algorithm; dynamic time warping (DTW) ; trajectory reproduction
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Fig.1 Entire solution for robot trajectory learning
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Fig.2 Example of aligning trajectories with DTW
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Fig.9 Alignment of the “waterfall” type demonstrated
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Tab.1 Experimental results for different chordal error

thresholds
£, /mm K Ad,,. /mm t/s
0.3 22 0.466 6.552
0.4 14 0.504 0.858
0.5 10 0.568 0.439
0.7 8 0.832 0.584
1.0 6 1.156 0.148
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Fig.13 Robot performs a simulated welding task following
the “waterfall” type final trajectory
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Tab.2 Coordinates of the key points in the “waterfall”
type reproduction trajectory

FFs x/mm y/mm z/mm
1 112.57 340.27 150.29
2 104.70 337.34 152.02
3 101.48 336.28 152.67
4 99.67 336.07 152.80
5 97.67 336.42 152.60
6 95.64 337.16 152.19
7 92.91 338.44 151.48
8 89.86 340.05 150.61
9 87.70 341.38 149.90
10 86.32 342.47 149.33
11 84.67 344.11 148.46
12 81.51 346.55 147.13
13 75.59 351.80 144.42
14 74.08 352.92 143.78
15 72.65 353.69 143.32
16 70.41 354.53 142.85
17 65.04 356.17 142.05
18 60.67 357.91 141.53
19 58.50 358.10 141.49
20 54.30 357.77 141.37
21 52.08 357.76 141.15
22 50.34 358.16 140.78
23 48.77 359.12 140.15
24 45.94 362.27 138.46
25 45.10 363.60 137.76
26 39.47 376.28 130.81
27 38.62 379.01 129.30
28 34.19 395.63 119.97
29 29.86 410.77 111.47
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Tab.3 Average positional error statistics for the three
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Tab.4 Maximum positional error statistics for the three
different types of final trajectories
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Fig.14 Simulated experimental scenario for the “saddle” Fig.15 Process of obtaining the “saddle” type final trajec-
type welding trajectories tory using the learning strategy proposed in this
paper
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Tab.5 Coordinates of partial key points in the “saddle”
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Fig.16 Robot performs a simulated welding task follow-
ing the “saddle”type final trajectory
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Tab.6 Average positional error statistics for the
“saddle” type final trajectories

o,/ mm o, /mm o, /mm o/ mm

0.233 0.257 0.133 0.372
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Tab.7 Maximum positional error statistics for the
“saddle” type final trajectories

o™ /mm o™ /mm o™ /mm o™ / mm
0.445 0.542 0.245 0.743
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Fig.17 Relation between the reproduction trajectory and

the number of Gaussian distributions K
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Tab.8 Comparison of the time required for deriving the
value of K between BIC and DP algorithms

K BIC B HER i [A)/s DP B HER i )/
6 0.469 0.057
8 0.631 0.061
10 0.826 0.065
14 1.448 0.073
22 3.884 0.082
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