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Abstract: The results of traditional high-throughput dPCR fluorescence image analysis are prone to low
positive spot recognition rate due to false positive points and non-specific amplification. Therefore, in this
paper, a multi-feature fusion high-throughput dPCR fluorescence image recognition method (HDFINet) is
proposed to improve the accuracy of high-throughput dPCR fluorescence image recognition. Firstly, a up-
bottom structure is introduced in the feature fusion part so that the lower layer features can be used more ef-
fectively in the top layer. In the up-bottom structure, channel attention is used to assign channel weight of
fluorescent image, and spatial attention is used to assign corresponding weight of fluorescent image pixels
in the feature map, so that the feature map can better respond to the feature of fluorescent image positive

points. Then, the confidence of the bounding box of positive points was calculated by using the adaptive
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Intersection-over-Union (IOU) in RPN to reduce the possibility of loss of positive points information. Fi-
nally, ROT Align re-fixed the size of the features in the candidate areas of fluorescent images, and then in-
put them to the full connection layer and fully convolution layer to perform category and regression box re-
gression and output positive point recognition results. The experimental results show that the HDFINet
network proposed in this paper has a high recognition rate and can effectively realize the recognition of posi-
tive points in fluorescent images. Compared with YOLOv4, VF-Net, and GROIE, the comprehensive in-
dex F1 of the method in this paper is the highest, compared with the classic deep learning Network Mask
R-CNN network, this method increases the true positive rate of positive points by 1.13%, the positive
predictive value by 0. 36 % , and the value of the comprehensive index F1 by 0. 75%. The HDFINET net-

work proposed in this paper has good recognition performance and can effectively identify positive spots in

fluorescence images, which has reference value for other fluorescence image analysis and research.
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