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Learning Optimal Trajectory Generation for Low—-Cost
Redundant Manipulator using Deep Deterministic Policy
Gradient (DDPG)
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Abstract: In this paper, we propose an approach resolving inaccuracy of the low-cost redundant
manipulator workspace with low encoder and low stiffness. When the manipulators are manufactured
with low-cost encoders and low-cost links, the robots can run into workspace inaccuracy issues.
Furthermore, trajectory generation based on conventional forward/inverse kinematics without taking
into account inaccuracy issues will introduce the risk of end-effector fluctuations. Hence, we propose
an optimization for the trajectory generation method based on the DDPG (Deep Deterministic Policy
Gradient) algorithm for the low-cost redundant manipulators reaching the target position in Euclidean
space. We designed the DDPG algorithm minimizing the distance along with the jacobian condition
number. The training environment is selected with an error rate of randomly generated joint spaces in a
simulator that implemented real-world physics, the test environment is a real robotic experiment and

demonstrated our approach.
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2. System Overview
2.1 Redundant Manipulator

[Fig. 1]12] a, bi= 2 & B ~EE $=83}7] 9l &l A2k, #7}
3 redundant manipulator®] 7} 8747} HA B4-E HoE
t}. 1-2 joint: Dynamixel MX-64 A]X RE, 3-7 jointt
Dynamixel XM430-W350 A& FEIE £, link+= 3D
printer & AH8-310] Z-220%F ¢ o] 3tol] AA = Ak [Fig. 117
22 %2 redundant manipulatorE A2 A18}1-E w, joint<]
AL £, A AL =20 /sec7H AT o] = A3t 8sr

(b)

[Fig. 1] (a) Actual Environment, (b) Simulation Environment
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[Fig. 2] Manipulator Control Block Diagram
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4.5 Hyperparameters

Hyperparameterst= DDPG 2312]5 framework®] 7-3&
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[Table 1] Hyperparameters

Parameters Value
Learning rate 7,,,, 1x1071
Learning rate 1,,,,,. 1x107*

Noise type D Ornstein Uhlenbeck
Batch size m 2!
Discount factor 0.9999
Update factor 7., 910" *
Update factor 7.,.,,,. 1x1074

238} 98-S St o= learning rate 1, discount factor 1,
update factor 7 55 X &5}] [Table 113 2t}

5. Experiment & Simulation Environment
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X& F&3= SLAM (Simultaneous Localization and Mapping)
7]zo] @ 3}t}. o] cameras, laser radar, optical sensor, IMU
(Inertial Measurement Unit) 5= 0]-&3} t}oksl iy o] 9lrji202,
1A RE, manipulator2] workspace <tll4] manipulator end-effector
o] A& S78317] STk wEbA] I =itoll A<= [Fig. 4]0k
o] Aruco MarkersZ 714+ & manipulator end-effector2] ¢
215 FE st=dlol s 53 o T oA A F
Skal L= joint WSFENES o]-8-ato] 153t Aruco
Markersi= 7H|2} 715 z, y, 25505 0.25 mm, 0.31 mm, 0.51
mm<] QA7 K o} Tt Fh|efe] ShA = Qlste] W A g
of|A] 2 Z& B S AFE BTk gl St=9]o] & link 2]
Hd A FEH ol 3k o] gler, 0.879(deg/pulse] ]
Q2FE 8]-8-5ke] 417} redundant manipulator& & 331 T

5.2 Simulation Environment

2
8
@]
=
1o
IV
rlo
ol
g
b1
il
L
XN
rlr
o
=
(@)
o]
oL
@)
—
o
-
e
ol
o
~
o
ol
o
Q2



64 =553 =22 4178 Al 5 (2022, 3)

% /s

[Fig. 5] Simulation environment
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6. Experimental Results
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6.1 Comparison of the three results in Simulation
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[Table 2] Dispersion in simulation environment

Ox Oy Oy O Total
DDPG 05862 | 40234 | 02364 4.846
Jacobian | 24656 | 112.6543 | 09322 | 116.0521
Inverse | 1658 | 13.0341 | 05465 | 157463
kinematics

6.2 Comparison of the three results in actual environment
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[Table 3] Dispersion in actual environment

Oy Oz O Total
DDPG 161.9971 2.0287 164.0258
Jacobian 836.8058 15.6875 852.4933
Inverse kinematics 440.5068 65.7323 506.2391
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