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Railway Perimeter Intrusion Detection Algorithms
Based on Video Deep Learning
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Abstract: Compared with radar and vibration optical fiber, the railway perimeter intrusion detection algorithm
based on video intelligent analysis has the advantages of low cost and low false alarm rate. Aiming at the
simultaneous detection of large and small targets in videos, this paper proposes an improved Cascade Mask R-
CNN (CMR) model. The model uses the cascaded structure to locate the target accurately. At the same time, a
multi-scale feature extraction model is added to the original model to enhance the expressive ability for small
targets. Multi-scale module is implemented by feature pyramid networks (FPN). The spatial context enhancement
module is implemented through an atrous spatial pyramid pooling (ASPP) subnetwork. The effectiveness of the
proposed model was verified by the actual railway scene videos. The results show that the new model improves the
F-measure of small targets detection by up to 0.24 compared with the original model. The proposed model
enhances the detection capability of railway perimeter intrusion in different scenarios, and improves the accuracy
of video detection for small targets.
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Fig. 1  Performance of moving target detection algorithm on camera jitter
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Fig. 2 Performance of moving target detection algorithm on dynamic background
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Fig. 3 Performance of moving target detection algorithm on intermittent movement
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Fig. 4 Overall framework for railway intrusion detection based on improved CMR
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Table 1 Performance of four methods on coco datasets
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Fig. 7 Comparison of detection results of different algorithms in different situations
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