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Multi-scale Anchor Construction Method for Object Detection
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Abstract: Object detection is a popular research topic and fundamental task in computer vision. Anchor-
based object detection has been widely used in many fields. Current anchor selection methods face two main
problems: a fixed size of a priori values based on a specific dataset and a weak generalization ability in
different scenarios. The unsupervised K-means algorithm for calculating anchor frames, which is
significantly influenced by initial values, generates less variation in anchor points for clustering datasets
with a single object size and cannot reflect the multiscale output of the network. In this study, a multiscale
anchor (MSA) method that introduces multiscale optimization was developed to address these issues. This
method scales and stretches the anchor points generated by clustering according to the dataset characteristics.
The optimized anchor points retain the characteristics of the original dataset and reflect the advantages of
the multiple scales of the model. In addition, this method was applied to the preprocessing phase of training
without increasing the model inference time. Finally, the single-stage mainstream algorithm, You Only Look
Once (YOLO), was selected to perform extensive experiments on different scenes of the infrared and
industrial scene datasets. The results show that the MSA method can significantly improve the detection
accuracy of small-sample scenes.
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Fig.1 Comparison between Ground truth and different
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Fig.2 Example of comparison between the anchor point
with the maximum IoU value and ground truth
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Note: The solid line is Ground truth; Dotted line is the anchor
point with the maximum IoU value
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Fig.3 Partial sample images of four types of datasets
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Table 1 Comparison results of different anchors on four data sets
Anchor ComNet/(%) TDP/(%) Roboflow-mask(%) Vox/(%)
COCO 96.86 90.03 66.20 89.36
K-means 97.12(+0.26) 90.90(+0.87) 66.60(+0.40) 91.03(+1.67)
MSA 97.24(+0.38) 91.74(+1.77) 67.00(+0.80) 91.44(+2.08)
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Fig.4 Ablative test of anchor point scaling on TDP dataset
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Table 2 Performance of different networks on Vox datasets

Network Anchor MAP@0.5(%)
COCO 89.36
YOLOV3-
) K-means 91.03(+1.67)
tiny
MSA 91.44(+2.08)
COCO 90.16
YOLOvV4-
) K-means 90.35(+0.19)
tiny
MSA 91.56(+1.4)
COCO 92.69
YOLOvV3 K-means 93.32(+0.63)
MSA 93.59(+0.90)
COCO 94.88
K-means 95.02(+0.14)
YOLOVS5s

YOLOv5s-Aut
MSA

94.82(~0.06)
95.63(+0.75)
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