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Automatic Generation of Drone Inspection Routes for Multiple Buildings
Using Reinforcement Learning
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Hyperparameters

Network_settings

bach_size: 128

normalize: false

buffe_size: 2048

hidden_units: 256

learning_rate: 0.0003

num_layers: 2

beta: 0.01 vis_encode_type: simple
epsilon: 0.2 Reward_signals
lambd: 0.95 gamma: 0.99
num_epoch: 3 strength: 1.0

learning_rate_schedule: |inear
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