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End-to-end autonomous driving model based on deep visual attention neural network
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HU Xuemin, TONG Xiuchi, GUO Lin", ZHANG Ruohan, KONG Li
(School of Computer Science and Information Engineering, Hubei University, Wuhan Hubei 430062, China)

Abstract: Aiming at the problems of low accuracy of driving command prediction, bulky model structure and a large
amount of information redundancy in existing end-to-end autonomous driving methods, a new end-to-end autonomous driving
model based on deep visual attention neural network was proposed. In order to effectively extract features of autonomous
driving scenes, a deep visual attention neural network, which is composed of the convolutional neural network, the visual
attention layer and the long short-term memory network, was proposed by introducing a visual attention mechanism into the
end-to-end autonomous driving model. The proposed model was able to effectively extract spatial and temporal features of
driving scene images, focus on important information and reduce information redundancy for realizing the end-to-end
autonomous driving that predicts driving commands from sequential images input by front-facing camera. The data from a
simulated driving environment were used for training and testing. The root mean square errors of the proposed model for
prediction of the steering angle in four scenes including country road, highway, tunnel and mountain road are 0. 009 14,
0.009 48, 0.002 89 and 0. 010 78 respectively, which are all lower than the results of the method proposed by NVIDIA and
the method based on the deep cascaded neural network. Moreover, the proposed model has fewer network layers compared
with the networks without the visual attention mechanism.
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Fig. 1 ~ Overall structure of autonomous driving model based on

deep visual attention neural network
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Fig. 3 Structure of LSTM layer
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Fig. 5 Testing result diagrams and visual attention distribution maps of representative scenes
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