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Singularity Avoidance Path Planning on Cooperative
Task of Dual Manipulator Using DDPG Algorithm
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Jonghak Lee', Kyeongsoo Kim?, Yunjae Kim?, Jangmyung Lee "

Abstract: When controlling manipulator, degree of freedom is lost in singularity so specific joint velocity
does not propagate to the end effector. In addition, control problem occurs because jacobian inverse matrix
can not be calculated. To avoid singularity, we apply Deep Deterministic Policy Gradient(DDPG),
algorithm of reinforcement learning that rewards behavior according to actions then determines
high-reward actions in simulation. DDPG uses off-policy that uses e-greedy policy for selecting action of
current time step and greed policy for the next step. In the simulation, learning is given by negative
reward when moving near singulairty, and positive reward when moving away from the singularity and
moving to target point. The reward equation consists of distance to target point and singularity,
manipulability, and arrival flag. Dual arm manipulators hold long rod at the same time and conduct
experiments to avoid singularity by simulated path. In the learning process, if object to be avoided is set
as a space rather than point, it is expected that avoidance of obstacles will be possible in future research.
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[Fig. 1] Dual 6 DOF manipulator

[Table 1] DH table of right and left manipulator

0 d a «
1 0, 0 0 —7/2(n/2)
2 0, 0 0 /2 (—7/2)
3 0, 25.1 0 7/2(—7/2)
4 0, 0 0 —7/2(n/2)
5 0, 227 0 —7/2(x/2)
6 05 0 17 0




[Fig. 3] Singularity occurrence configuration (side view)
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[Fig. 4] Wrist singularity posture

[Fig. 5] Shoulder singularity posture

[Fig. 6] Elbow singularity posture
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