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This study presents a new approach to obtain recovery motion for an arm mounted
teleoperated crawler robot in drive system’s failure. A robot in drive system’s fault and in
dangerous areas such as disaster sites needs to move. When one side crawler mechanism is in
fault, the robot can use redundancies such as its arm for moving. It calls recovery motion in this
study. However, it is difficult to know how to leverage these redundancies and to manipulate
the robot. Our approach uses the reinforcement learning which makes robot do trial and error
to maximize total reward it receives and finds the motion of purpose. To obtain the recovery
motion, in advance by using reinforcement learning in the 3D dynamics simulator is effective
for real robots. For reinforcement learning, three types of reward functions are used. In the 3D
simulator, experiments on a crawler robot verified this approach.
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Fig. 1 Single-armed crawler robot
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Table 1 State s;, Action a;

Joint Figure 1 State s, Action a;
Right crawler 1 Torque (N * m) 0.3,0,-0.3 m/s
Swing 2 Joint angle (rad) | 0.3, 0, -0.3 rad/s
Boom 3 Joint angle (rad) | 0.3, 0, -0.3 rad/s
Arm 4 Joint angle (rad) | 0.3, 0,-0.3 rad/s
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Table 2 Experiment setup parameter

Parameter Value
Learning rate ] 0.1
Discount rate Y 0.9
Vector reward n 10
Vector reward A 0.5
Vector reward T 0.01

Goal reward ¢ 10
Goal distance b 1.5
Rolled over p 1.0
RBF update rate @, 0.1
RBF update rate oy 0.001
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Fig. 9 Recovery motion of straight movement
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