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Dilated Convolution and Attention—based Ultrasound Segmentation of
Thyroid Nodules

XIE Zi-wei,LU Da-ying " ,LI Zhi—gi, KONG Chen-xi, WU Xi,ZHANG Jun
(School of Cyberspace Security, Qufu Normal University , Qufu 273100, China)

Abstract ; Thyroid nodules are common endocrine diseases, and accurate segmentation of nodules from ultrasound images is an important
task. In order to effectively solve the problems of high noise,low contrast and adhesion of nodules to surrounding tissues in the original
ultrasound image and present a clear contour morphology of nodules, a deep learning based thyroid nodule segmentation method is
proposed. The dilated convolution algorithm is used to increase the perceptual field of the ultrasound image to keep the size of the feature
map constant and accurately extract the broad contextual information. An efficient channel attention mechanism module is constructed to
dynamically adjust the channel feature weights to highlight the important key information in the ultrasound image,and a hybrid dual loss
function is designed to guarantee the accuracy of the method. This method is applied to the thyroid dataset for ablation experiments to
verify the validity of each module,and compared with existing methods on several evaluation metrics. It is showed that the precision and
F1 -Score of the proposed method can reach 0. 971 2 and 0. 971 5, respectively, which can segment thyroid nodules more accurately
compared with other classical methods.
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