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Improved YOLOVS Algorithm for Blood Cell Detection

ZHANG Hao, ZHENG Guang-Hai, ZHANG Xin, LYU Na
(Software Technology Institute, Dalian Jiaotong University, Dalian 116052, China)

Abstract: The observation and counting of red blood cells, white blood cells, and platelets in the bfood are an important
basis for clinical medical diagnosis. Abnormal blood cells mean that there may be blood-related problems such as clotting
abnormalities, infections, and inflammation. As artificial blood cell detection 1§ hot only labor-intensive but also prone to
false detection and misses, a novel blood cell detection algorithfn YOLOvV5-CBEF is proposed to address the above
problem. On the basis of the YOLOVS framework, the algorithmAimproves detection accuracy by adding a coordinate
attention (CA) mechanism to the backbone network. The FPN+PAN structure in the neck network is changed to the
feature fusion structure combining the idea of the bidirectional feature pyramid network (BiFPN), a cross-scale feature
fusion method; in'this way, the multi-scale features of the target can be effectively fused. In addition to the three-scale
detection, a small target detection layer is added to improve the identification accuracy of small target platelets in the
dataset. The results of a large number of experiments conducted on the dataset BCCD show that the algorithm presents an
average accuracy improvement of 2.7% in the detection of the three blood cells compared to the conventional YOLOv5
algorithm, demonstrating good performance. The algorithm is highly practical for blood cell detection.
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(a) (b) Faster-RCNN (c) YOLOV3

Clotast dal

(d) YOLOv4

(6)YOLO5-6.0  (f) YOLOVS-CBF
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Model Precision Recall mAP@0.5 mAP@0.5:0.95
YOLOV5-6.0 0.857  0.863 0.896 0.581
+CA 0.832 0922 0.91 0.622
+BiFPN 0.815 0.91 0.904 0.59
G R 0.851  0.909 0.917 0.625
+BiFPN-AWFF 0.884  0.902 0.921 0.631
YOLOvV5-CBF 0.886  0.904 0.923 0.637
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