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[ Abstract] In"a road scene, the resolution of small targets is low, and /the characteristics are not obvious. Traditional
target detection algorithms. find it difficult to identify category and location information, resulting in low detection
accuracy, slow detection speed, and a high missed detection rate. This study proposes a small target detection algorithm
(RFG_SSD) based on an improved SSD.By introducing the improved Feature Pyramid Network (FPN) structure and
integrating the feature information of shallow and deep receptive fields, which obtain a feature image with rich semantic
information of small targets, to improve the performance of small target detection. The deep feature extraction network
ResNet50 is used as the backbone of the improved network to improve detection accuracy of the overall network. To
further accelerate the network operation speed based on the detection layer structure, the Global Average Pooling(GAP)
layer is used to replace the full connection layer to.reduce the number of network parameters. The experimental results
on the BDD100K dataset show that compared with the SSD and VGG16+SFPN algorithms, this algorithm can
effectively improve the performance of small-target detection and increase the detection speed.Its average accuracy and
detection speed are 98.05% and 85.56 frame/s, respectively. The number of small target detections is more than three
times higher than that of the SSD algorithm.

[Key words] small target detection; SSD algorithm; ResNet50 network; Feature Pyramid Network (FPN) ;
Global Average Pooling(GAP)
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Fig.6 P-R curves comparison among different algorithms
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Table 3 Detection accuracy comparison among
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Table 4 Target detection results and applicable scenarios comparison among different algorithms
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Fig.7 Target detection results of different algorithms
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