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[ Abstract] To meetiboth'the pre€ision and speed requirements in the process of traffic sign detection, this paper proposes
an improved traffic sigh detection model based on improved Region-baséd Fully*Convolutional Network (R-FCN).By
analyzing the data set through the K-means clustering algorithm, the appropriate anchor box is selected.Then the structure
of the feature exfraction network, ResNet101, is simplified, and only thé fitst 25 layers are used for feature extraction to reduce
the detection time.The deformable convolution and the deformable position-sensitive Rol pooling layer are introduced into
the model to improve the ability of the model to sense trafficssigns:ln the training process, the online hard example mining
strategy is used to reduce the number of simple samples. Thé experimental results on the GTSDB dataset for traffic sign
detection show that the improved model is more sensitive to traffic sign location information.Its AP, reaches 97.8%, and
the AP, reaches 94.7%.The model also reduces the detection fime to 48 ms, displaying a higher accuracy and speed than Faster
R-CNN, R-FCN and other models.

[Key words] traffic sign; Region-based Eully Convolutional Network (R-FCN) ; ResNet101 ; deformable convolution;
deformable position-sensitive Rol pooling
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Fig.1 R-FCN detection framework
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Fig.2 Deformable convolution structure
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Fig.4/ Deformable ResNet structure
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Fig.6 Improved R-FCN network structure
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Fig.8 K-means clustering polyline
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Table 1 Comparison of feature extraction networks
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Table 2 Comparison of recognition performance of

networks with different layers
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Table 3 _Performance comparison results of different combination methods

LA RIS K-m€ans OHEM GRS SN AP /% AP./% AP/% IRF i) /ms
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Table 4 Comparison of detection performance of

nine models

o] AP, /% AP, /% AP/% 5} [i1] /ms
Faster R-CNN 94.5 50.1 52.8 120
R-FCN 96.4 88.8 67.4 108
FPN 96.9 89.3 72.1 185
YOLOV3 92.4 67.8 55.9 41
YOLOV4 97.4 87.4 60.1 45
CenterNet 92.9 81.5 70.2 36
RetinaNet 93.7 89.7 74.6 81
Cascade RCNN 95.5 92.8 77.2 97
AR 97.8 94.7 76.3 48
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