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Abstract

Blood cell count has important medical significance. However, due to the limitations of traditional
counting methods, this paper introduces the improved YOLO v7, which can quickly and accurately
identify and count blood cells. The improvement points are as follows: 1) Change the size of Max-
pool in SPPCSPC. 2) Replace the convolution layer of layers 24 and 37 with CA attention. 3) An up-
sampling architecture is designed. The improved YOLO v7 is better than the original YOLO v7 in
terms of mAP, which brings certain research significance for engineering application.
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Figure 1. YOLO v7 original structure diagram
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Figure 2. YOLO v7 detection schematic diagram
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Figure 3. Before and after improvement mAP@0.5 Comparison Chart
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Figure 4. Before and after improvement mAP@0.5:0.95 Comparison Chart
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