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Improved YOLO Object Detection Algorithm Based on Deformable Convolution
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[ Abstract] The YOLO/algoritht for object detection is limited by the inaccuraté positioning of the boundary box and the
low detection‘accuragy for small objects.To address the problem, an improved YOLO algorithm,decn-YOLO, is proposed
based on deformable convolution for object detection.The algorithm employs the K-means++ to cluster anchor boxes that
are more in line with the size of data set, so as to reduce the impagtof initial points on clustering results and speed up the
convergence of network training.Then, a residual deformable convolution module, res-dcn, is constructed. Two improved dcn-
YOLO algorithms are derived by embedding res-dcn in the/Airst YOEO feature extraction head module or replacing three
YOLO feature extraction head modules with res-den, so the network can adaptively learn the receptive field of feature points
and extract more effective features for objects of diffefent sizes and shapes, increasing the detection accuracy.Experimental
results on VOC data sets show that the propose algorithm can effectively improve the object detection accuracy.Its mAP
reaches 82.6% , which is 2.1 percentage pointsdigher than that of YOLO, 5.2 percentage points higher than that of SSD and
9.4 percentage points higher than that of Faster R-CNN.
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Fig.1 Network structure of YOLO
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Fig.3 Comparison of sampling points between conventional 3x3 convolution and deformable convolution
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Fig.5 Comparison of receptive fields between conventional

convolution and deformable convelution
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Fig.6 Module structure of res-dcn
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Fig.10 Comparison of detection effect between YOLO and
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Table 4 Performance comparison between den-YOLO and other object detection algorithms
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SSD 300%300 77.40 85
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FasterR-CNN 600x1 000 73.20 10
R-FCN 600x1 000 80.50 12
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