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Turn Signal Recognition by Convolutional Recurrent Neural Network
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Autonomous vehicle is effective in reducing traffic accidents. A behavior prediction for surrounding vehicle is one of the
important functions for autonomous vehicle. This behavior prediction is generally based on moving and posture information
which are recognized using range sensors such as laser and radar sensors. This study focused on the behavior prediction
about lane changes and intersection driving for surrounding vehicles. When the surrounding vehicles change lane and turn
left-or- right, they turn on their turn signal. To adopt turn signal information lead to predict such behavior in advance. This
paper describes the method to recognize blinking turn signal using Convolutional Neural Network (CNN) and Recurrent
neural networks(RNN). Two types of network models are investigated and evaluated the performance for daytime dataset
during public load driving. As a result, one of networks operate with 6.25[FPS] and obtain almost 90[%] of recognition

accuracy.
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Table 2 Accuracy evaluation of networks

FFT model |Conv model| Affine model
No signal 0.989 0.904 0.929
Right 0.659 0.831 0.890
Left 0.500 0.825 0.864
Accuracy 0.716 0.852 0.894
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Table 3 Accuracy evaluation of data augmentation method

Base Shine Freq Shine+Freq
No signal 0.879 0.940 0.885 0.904
Right 0.810 0.736 0.839 0.831
Left 0.741 0.769 0.830 0.825
Accuracy 0.810 0.815 0.851 0.852
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