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[ Abstract] Aiming at the problem of high error detection rate caused by large number of bolts and small target in metro vehicles,
a detection method for the status of bolts in metro vehicles based on improved YOLOv4 is proposed.In order to reduce the error
detection rate, a cascade detection strategy is adopted to realize the positioning and classification of bolt targets in two steps.
Improved YOLOV4 is adopted for both detection algorithms: First, clustering algorithms are used to obtain a priori box size, and by
changing the prior box to generate the initial position. After that, the box position regression forecasting strategy is optimized to
enhance the speed of network training and testing, and the feature fusion mechanism is reconstructed. Based on the aboved, by the
method of adaptive spatial feature fusion PANet module output, the characteristics of scale invariance is improved, the detection
accuracy of bolts is improved.The experimental results show that the proposed detection method mAP and recall rate can reach 99.5%
and 99.8% respectively, which can classify and identify bolt small targets more efficiently.
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Fig. 2 Schematic diagram of two level cascade of detection system
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Fig. 5 Schematic diagram of adaptive spatial feature fusion
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Fig. 6 Dataset amplification and pretreatment
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Tab. 1 Comparison of improvement measures of different algorithms
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Fig. 8 The detection results of the original algorithm and the improved algorithm
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Tab. 2 Detection results of various mainstream algorithms

Rk mAP/ % Recall/ % FPS/ i WH/h B /ms SRR/ KB
SsD 92.6 94.5 15 3.8 85 1746
Faster—RCNN 99.6 99.7 7 6.2 160 675
RetinaNet 93.3 96.8 17 4.7 78 2202
YOLO-v3 91.3 97.6 28 5.5 35 1041
YOLO-v4 95.4 97.7 26 5.5 38 719
ik YOLO-v4 99.5 99.8 25 6.5 38 835
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Fig. 9 Comparison of results of various mainstream algorithms
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