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[ Abstract] In order to facilitate the Computer Aided Diagnosis (CAD) of Chronic Kidney Disease (CKD) , a kidney
detection using ultrasound image based on DYOLO neural network model is proposed.The method integrates YOLOv3
and Deformable Convolutional Network (DCN) into an end=to-end’learning framework, making DYOLO adaptively
adjust the receiving area according to the size and shape of the kidney to adapt to various texture feature deformations,
and realizes automatic kidney detection in clinical ultrasound images. Experimental results on a self-made ultrasound
image-based kidney detection dataset, KidneyDetec, show that the mean Average Precision (mAP) of the proposed
method reaches 89.6% when the image size of the DYOLO input is 416x416 pixels, and 90.5% when the image size of
the DYOLO input is 608x608 pixels.Compared with deep learning-based target detection methods, the proposed method
has higher detection speed and accuracy, displaying excellent applicability to the early diagnosis of chronic kidney
diseases.

[Key words] Chronic Kidney Disease (CKD) ; Computer Aided Diagnosis (CAD) ; Deep Neural Network (DNN) ;
ultrasound image ; object detection
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