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A Dynamic Label Assignment Strategy Based on Quality Distribution of Anchor
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(1.School of Computer Science and Technology , Wuhan University of Sciénce and Technology , Wuhan 430065, China;
2.Hubei Province Key Laboratory of Intelligent Information Processing and Real-Time Industrial System,
Wuhan University of Science and Technology , Wuhan 430065, China)

[Abstract] Traditional label assignment strategies divide positive’ and negative samples according to whether the
Intersection over Union(IoU) between the anchor and ground-truth exceeds the threshold.However, determining the IoU
threshold requires considerable experience and experimentation, and new thresholds must be set for different network
structures.Moreover, a fixed threshold cannot guarantee the consistent partitioning of positive and negative samples, and
too many or too few positive samples will affect the reliability of network training.To solve these problems, we propose
an Adaptive Label Assignment Strategy CALAS).First, the center weights are designed according to the center prior
principle; the anchor quality is represented by the joint classification and localization scores; and a unified anchor
scoring scheme is developed to simplify the partition. To enable the network to adaptively adjust the IoU threshold
according to the degree of training and ensure the consistency of network training, the anchor quality Gaussian function
is used to simulate the distribution of the overall quality score of the anchor. The maximum likelihood estimation
algorithm is used to obtain optimal parameters, and then the optimal ToU threshold is dynamically predicted based on
statistical results. The experimental results show that the algorithm can effectively improve both anchor-based and non-
anchor-based detection algorithms, and it improves these algorithms by 3.1 and 6.6 percentage points, respectively, on
the PASCAL VOC dataset. Therefore, it can effectively reduce missed detection rates.
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Fig.1 Confidence weight evolution during iteration process
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Fig.2 Limitations of center weight positioning
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