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Abstract: To address the low efficiency and accuracy of manual testing in railway computer interlocking systems,
this study proposes a deep learning-based method for text localization and recognition in interlocking interface

images. First, a text localization model based on the connectionist text proposal network (CTPN) is developed. By
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comparing multiple backbone networks (ResNet50, AlexNet, ZF and VGG16), VGG16 is selected as the feature
extractor to enhance high-level semantic representation and improve the detection of small text regions. Second,
the generalization ability and robustness of the CTPN model are improved through performance comparison with
common object detection models and the incorporation of dropout. A projection-based segmentation method,
combining horizontal and vertical projections, is further employed to address text adhesion issues in the interface.
Finally, an improved AlexNet model is used for text recognition. Experimental results on a railway interlocking
interface dataset in the TensorFlow environment show that the proposed method achieves a localization accuracy
of 87.98%, a recall of 73.33%, and an F-score of 80.39%, while the recognition accuracy reaches 89%. These
results demonstrate that the proposed approach can effectively locate and recognize interface text, providing
reliable data support for automated routing and test result analysis in interlocking system testing.
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Table 3 Influence of different character segmentation methods on recognition accuracy
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Fig.5 Character image vertical and horizontal projection histogram
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Fig. 7 Improved AlexNet network structure
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Tab.4 Influence of different positioning methods on accuracy %
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RPN 73.25 65.87 67.54
YOLOv3 85.57 74.68 79.87
Faster R-CNN 78.32 70.28 73.69
TextBoxes 83.52 73.38 78.46
PixelLink 86.54 73.12 79.61
CTPN (A5 ) 87.98 73.33 80.39
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Fig.14 Positioning results of different positioning methods
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Table 5 Influence of different text recognition methods on recognition accuracy

WiRES AR AR B PR B HERR R /%
A DC i 500 92 81.6
CRNN 500 61 87.8
SVM 500 81 83.8
LeNet-5 500 72 85.6
AlexNet 500 69 86.2
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Fig. 15 Four kinds of deep learning model recognition accuracy rate change curves
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