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[ Abstract] A pyramid network faces a range of problems in recognizing digital Polymerase Chain Reaction (PCR)
droplets, such as ignoring the physical appearance.of droplets, and the internal structure and interlayer correlation of
pyramids.To address these issues, this study proposes a co-occurrence flow enhanced Bidirectional Pyramid Convolution
Network (BiPCN) framework for PCR droplet recognition and statistics framework. First, to enhance the internal and
inter-layer correlation of the pyramid, a“BiPCN with spatio-temporal branches is designed to capture the low-level
information such as the physical appearance of droplets, so as to model the high-order semantics and context information
of droplets.Second, Slice Co-occurrence Attention(SCo-AN) module is designed to further enhance the characterization
of droplets on PCR images by information flow, so as to realize the sharing and cross polymerization of low-level and
high-order information flow.The experimental results show that the proposed method has good recognition performance,
that is, the accuracy and mean Average Precision(mAP) reach 84.74% and 45.09% respectively, which is more accurate
than that of Cascade RCNN model, the accuracy and mAP are increased by 4.3 and 3.12 percentage points, respectively.
[Key words] Polymerase Chain Reaction(PCR) droplet identification; Pyramid Convolutional Network (PCN) ; multi-
scale information ; Co-occurrence Attention( SCo-AN) ;inter-layer correlation;cross polymerization
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Fig.1 Network structure of CoF-BiPCN droplet recognition framework
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