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(None,4,84,84,1)

input ( Input Layer)
batch_normalization _ 1 (None,4,84,84,1)
time_distributed_ 1 ( Conv2D+ELU)  ( None,4,84,84,32)
time._ distributed_2( Maxpooling2D)  (None 4,42 ,42,32)
time_distributed_3( Conv2D+ELU)  ( None,4,38.38.32)
time_distributed_4( Maxpooling2D)  (None.4,19,19.,32)
time_distributed_5( Conv2D+ELU)  (None,4,17,17,16)
time_distributed 6 ( Maxpooling2D) (None,4,8,8,16)
time_distributed_7( Conv2D+ELU)  (None.4,8.8.8)

time_distributed_8 ( Flatten) (None,4,512)

gru_1(GRU) (None,64)
batch_normalization _2 (None,64)
activation_ 1 ( Activation ) (None,64)
dense_1( Dense) (None,128)
batch_normalization_3 (None,128)
elu_1(ELU) (None, 128)
dense_2(Dense) (None, 128)
batch_normalization_4 (None, 128)
elu_2(ELU) (None,128)
dense_3( Dense) (None,4)
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Study on UAYV obstacle avoidance algorithm based on deep
recurrent double Q network
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Abstract; The traditional reinforcement learning method has the problems of overestimation of value function and
partial observability in the field of machine motion planning, especially in the obstacle avoidance problem of UAV,
which lead to long training time and difficult convergence in the process of network training. This paper proposes an
obstacle avoidance algorithm for UAVs based on a deep recurrent double Q network. By transforming the single-net-
work structure into a dual-network structure, the optimal action selection and action value estimation are decoupled
to reduce the overestimation of the value function. The fully connected layer introduces the GRU recurrent neural
network module, and uses the GRU to process the time dimension information, enhance the analyzability of the real
neural network, and improve the performance of the algorithm in some observable environments. On this basis,
combining with the priority experience playback mechanism, the network convergence is accelerated. Finally, the
original algorithm and the improved algorithm are tested in the simulation environment. The experimental results
show that the algorithm has better performance in terms of training time, obstacle avoidance success rate and robust-

ness.
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