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Abstract: To address the problems of low efficiency, high labor intensity, and significant safety risks
associated with traditional manual inspection methods in railway signal equipment rooms, a multi-task
visual collaborative recognition framework based on a “backbone detection—+task-oriented” strategy is pro-
posed, enabling high-precision identification and condition monitoring of key equipment in signal rooms.
Firstly, by analyzing the inspection environment and functional requirements of signal equipment rooms, a
unified object detection model based on YOLOv12 is constructed to achieve the classification and localiza-
tion of main inspection targets, including digital meters, pointer meters and indicator lights. Subse-
quently, differentiated task-level recognition strategies are designed according to the characteristics of dif-
ferent devices: a fusion recognition method combining the wire-crossing technique and PaddleOCR is
adopted for digital meters; a reading method based on image processing and PaddleOCR is applied for
pointer meters; and a state recognition method integrating the Hough transform, HSV color space analy-
sis, and PaddleOCR is used for indicator lights. Finally, experimental results on a self-constructed data-
set demonstrate that the proposed method achieves accuracies of 94.0%, 92.4%, 91.5% and 94.2% in
meter classification, digital display recognition, pointer reading, and indicator light state identification,
respectively. Compared with traditional methods, the proposed framework significantly improves recogni-
tion accuracy and detection efficiency, exhibiting strong engineering applicability.

Key words: intelligent inspection system; multi-task visual recognition; indicator light status recognition;

pointer-type instrument reading; digital display instrument recognition
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Fig. 10 Comparison results of each model
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Tab.5 Comparison of recognition accuracy of digital display

instruments
VDR HERR/ %
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Fig. 11 Detection results of YOLOv12n for instrument inspection
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Fig. 12 Results of identification by digital display instrument using method in this paper
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Tab. 6 Comparison of Pointer-Type Instruments Identification

Pk HEWR/ % IR
Hough A8+ JL{] 84.2 2.54

OCR 89.1 1.21

AT 91.5 0.71
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Fig. 13 Results of pointer-type instrument identification using method in this paper
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Tab.7 Indicator light identification comparison

W7 i PR/ %
Hough+OCR 85.8
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Fig. 14 Identification results of indicator lights by method in this paper
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