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Augmented algorithm for pollen and spore images based on convolution e-
valuation and pix2pix network

WANG Wan-liang', JIANG Gao-fei’, YAN Jiang-wei’, XUE Wei'
(1.School of Artificial Intelligence, Nanjing Agricultural University, Nanjing 210095, China; 2.College of Resources and Environmental Sciences, Nanjing
Agricultural University, Nanjing 210095, China; 3.School of Forensic Medicine, Shanxi Medical University, Taiyuan 030001, China)

Abstract: Aiming at the problems such as complex image features of pollens and spores, scarcity of image samples,
restricted detection and recognition effects of various images of pollens and spores, a pix2pix image augmentation model
based on adaptive threshold segmentation was built. Firstly, the adaptive threshold segmentation algorithm was improved
based on convolution evaluation to select the optimal semantic segmentation images of pollens and spores. Secondly, the
pix2pix image augmentation model was constructed, the semantic segmentation images and the original images were used to
establish label mapping for model training, and emulational pollen and spore images were generated based on semantic seg-
mentation images to extend sample dataset. The results showed that, the overall similarity of 149 pollen and spore images
generated by the image augmentation model reached 85.40%. Before image enlargement, the detection accuracies of Faster
RCNN and YOLOv3 detection models were 86. 18% and 85. 64% , respectively. After using the enlarged sample training
model, the accuracies reached 92. 16% and 90. 57% , which increased by 5. 98 and 4. 93 percentages.
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Fig.2 Algorithm flow for image augmentation and detection
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Fig.3 Flow chart of semantic segmentation
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Fig.4 Comparison of image segmentation effects of pollens and

spores
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Fig.5 Comparison of semantic segmentation effects of pollen

and spore images
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Fig.7 Summary of similarities of image augmentation structures
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Fig.10 Detection results of pollen and spore images before and after image augmentation
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