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Abstract Aiming at the problem of small target (pixel ratio less than 0.02) detection that the target features are
easily lost and the resolution is low, a detection method based on improved YOLOv3 ( You only look once)
convolutional neural network is proposed in this paper. First, the small targets in the data set are copied and
transformed to enhance the network’s attention to the small targets during the training process. Second, for the
scale fusion of shallow visual information and deep semantic information, a cross-scale detection layer network
structure is proposed, which improves the network’s adaptability to small targets. Finally, for the detection effect
of high-resolution images, a residual block transfer structure combining depth and breadth is proposed, which
enriches the receptive field of deep feature maps. Experimental results show that compared with the YOLOv3
network, the precision rate of the network detection of small targets with the improved cross-scale prediction layer
increased by 1.9 percentage points, and the recall rate increased by 5.9 percentage points. The precision rate of the
network detection of small targets with the optimized receptive fields increased 31.6 percentage points, the recall
rate increased by 46.4 percentage points.
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Table 1 Performance of different backbone networks

Backbone Top-1/% Top-5/% FPS /frame
Darknet-19 74.1 91.8 171
ResNet-101 77.1 93.7 53
ResNet-152 77.6 93.8 37
Darknet-53 77.2 93.8 78
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Table 2 Recall rates of different networks unit: % 4 RIR LK ) L2 20 B ] &=
Large- Small- Table 4 Multi-category recall rates of different networks
Network Plane Average .
vehicle vehicle unit: %
YOLOv3 98.0 85.8 82.4 88.6 Large- Small-
Network Plane ) ) Average
Improved structurel 98.3 90.0 85.6 91.3 vehicle vehicle
Improved structure2 97.8 88.9 96.9 94.5 YOLOv3 64.3 27.5 1.6 84.5
R-FCN 72.9 31.9 14.2 39.7
3 NTR 45 1) R
® 9 0 2 1 Improved structure2  89.6 57.2 61.0 69. 3
Table 3 Precision rates of different networks — unit: %
Receptive field
Large  Small- o 93.1 76.8  72.7  80.9
Network Plane Average optimization
vehicle vehicle
YOLOv3 97.4  80.0 81.4 86.3 eI NGIEE YR 2 Sk RS
Improved structurel 97,0 83.0 85.0 88. 3 Table 5 Multi-class precision rates of different networks
unit: %
Improved structure2 96.5 81.1 87.1 88.2
Large-  Small-
R—— Network Plane hiel hiel Average
‘ vehicle vehicle
Ny
YOLOv3 62.0 16.7 3.5 27.4
R-FCN 68. 6 29.1 13.5 34.9

B 7 AT MR R IIALE . () YOLOVS; (b &5H 15
() Z5F 2

Fig. 7 Detection effect of different networks.
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Table 6 Basic parameters of different networks

Time
Network Volume /Mb )
consuming /s
YOLOv3 246. 3 0.063
R-FCN 102.5 0. 180
Improved structure2 242.7 0. 085
Receptive field optimization 239.4 0. 083
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Fig. 9 Recognition effect of different networks.

(a) Structure2; (b) optimize the network of the

receptive field
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Table 7 Recall rates of different networks under the COCO data set unit: %
Network Small Medium Large Average
YOLOv3 24.0 48. 2 61.1 44.4
Receptive field optimization 36.2 58.2 65.5 53.3
* 8 AFEMLLE COCO $ud 4k T RS i %
Table 8 Precision rates of different networks under the COCO data set unit: %
Network Small Medium Large Average
YOLOv3 14.2 34.1 46. 4 31.6
Receptive field optimization 25.2 41.5 48.5 38.4
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Fig. 10 Detection results of different networks under the COCO data set. (a) YOLOv3 network; (b) optimize the network

of the receptive field
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