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A new tunnel vehicle stopping detection methodology
combined with convolutional neural network
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Abstract: In order to more accurately detect the vehicle stopping in highway tunnels, this paper proposes a
new methodology that combines the traditional image processing technology with deep learning. Firstly,
the foreground moving targets are extracted using the background difference method based on Gaussian
mixture model (GMM). Then the meanshift algorithm is applied to track these foreground moving
targets. By calculating the speed of the moving targets and the correlation of the moving targets between
the neighboring video frames, and comparing the results with the speed threshold and correlation
threshold, the static target is detected. Finally, combined with the convolutional neural network (CNN)
classification model, whether the static target is vehicle is identified. The method proposed in this paper is
validated using the real highway tunnel vehicle stopping video and achieves an accuracy of at least
84%. Compared with the traditional image processing method without CNN, our method improves at least
63% accuracy.
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Fig. 1 The flow of vehicle stopping detection methodology
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Fig. 2 The structure of the CNN classification model
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Fig. 3 Image in moving object detection
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Fig. 5 The training loss, training accuracy and test accuracy of the CNN classification model
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Fig. 6 Detection results of vehicle stopping based on 19 highway tunnel videos
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Table 2 Experimental results of vehicle stopping detection on 19 highway tunnel videos
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Fig. 7 Misidentified detection results in some scenes
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