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Research on blood cell detection algorithm based on YOLOvV7
improved model

He Biao
(School of Computer Science, Yangtze University, Jingzhou 434023, China)

Zhou Yuting Yu Huaping Xiao Liangjun Zeng Huiqun

Abstract: In medicine, blood count detection is an important diagnostic method to measure human health, However,
there are difficulties in detecting small targets and overlapping cells in blood cell images. To solve the above problems,
an improved YOLOvV7 object detection algorithm is proposed. By adding global attention mechanism (GAM) to the
original network, improve the Receptive field of the network and the detection accuracy of small targets. A feature
pyramid HorNet-BiFPN structure is proposed that combines the BiFPN network and the recursive-gated convolution
HorNet. Its high-order spatial interaction is used to enhance the feature fusion capability of the network, realize the
modeling of overlapping regions of red blood cells, and solve the detection problem of overlapping red blood cells. The
experimental results show that the detection accuracy of the improved YOLOv7 model reaches 96. 3%, the detection
time of a single image is 74 ms., and the detection effect of three types of cells in the image is relatively strong, which
achieves the rationality of medical assisted diagnosis.
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Fig. 1

Image of blood cell data set
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Table 4 Ablation experimental comparison result (%)
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