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Trajectory Generation for a Mobile Robot by Reinforcement Learning
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Figure 1: A new approach ”Pulltoy’
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Figure 2: Comparison of Pulltoy and Thruster trajec-
tory. Blue is Pulltoy. Yellow is Thruster. Ball is moving
from left below to right.Pulltoy approach is acquiring the
ball at t=2.5. Thruster is acquiring it at t=3.0.
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Figure 3: Graph of varying initial angle and distance.
Upside in each graph represent that the Pulltoy approach
could get the ball before the Thruster approach.
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Figure 4: Trajectory of the robot for Ball-To-Goal task
that generated by RL setting initial value
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Figure 5: Generated trajectory for offense task
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Figure 6: Generated trajectory for defense task
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