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A new method for spore identification in microscope images
based on morphology and Yolov3 algorithm

LI Xinming, ZHAO Lei, SHAO Baomin, WANG Dong
(School of Computer, Shandong University of Technology, Zibo Shangdong 255000, China)

[ Abstract] Aiming at domestic problems such as identification of pathogenic bacteria under microscope and cell viability test, it is
proposed to use darknet—53 network model and Yolov3 algorithm to extract suspected targets, and then use traditional morphological
algorithms for screening to achieve accuracy, speed and intelligence diagnostic methods. The detection speed of the Yolo algorithm is
hundreds of times higher than that of traditional detection algorithms to meet the high efficiency of medical diagnosis. then add the
morphological algorithm to shape the target and judge the color value, contour, size and other dimensions to further improve the
detection accuracy and detection rate. After self-built sample data training and a large number of experiments, the accuracy rate of
the spore recognition algorithm after adding traditional morphological processing is as high as 94% and the detection rate is more than
82%. The algorithm in this paper combines traditional image processing methods and deep learning methods. When applied to actual
detection, it improves the detection accuracy and is more than twice the detection speed of professional medical personnel.
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Fig. 1 Pre—selection box prediction flowchart
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Fig. 2 Clear spore hyphae image
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Fig. 3 Spore hyphae labeling diagram
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Tab. 1 Spore identification method performance comparison table

Method FpsonGPU Accuracy/ % RecallRate/ %
Imagemorphology 148.22 60.91 65.77
Fast—renn 0.61 69.33 81.33
Faster—renn 8.36 87.31 85.11
SSD300 31.33 82.21 85.91
SSD512 18.77 84.19 89.71
YoloV2 94.43 72.54 78.14
YoloV3 41.60 88.93 85.37
New Algorithm 37.53 94.70 82.12
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