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Location of regions of interest in thyroid ultrasound
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Abstract: To address the problems of background interference and limited dataset size, we propose a method for locating the region of
interest in thyroid ultrasound images. The method utilizes an attention mechanism based on cross-scale attention interaction strategy to
improve the fusion efficiency of hierarchical features in the localization model. The feature network of the localization model is enhanced
through knowledge distillation to solve the problem of overfitting. A t-mask is designed based on the statistical distribution of anatomical
thyroid morphology, and a joint attention mask is calculated to guide the network in learning key channels and pixel information of thyroid
ultrasound images, thereby achieving the localization of the region of interest. Experimental results demonstrate that the average precision
(AP) for thyroid ultrasound image region of interest localization reaches 92. 7% when the ToU threshold is set to 0. 5, which is clinically
significant and valuable for assisting doctors in diagnosing thyroid diseases.
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Fig. 1 TAM-triple attention network structure
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Fig.2 Cross-scale attentional interaction feature network
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Fig. 3 Thyroid localization model augmentation method
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Fig. 6 Comparison of localization effects of different feature network methods
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Table 4 Model augmentation experimental results

Tk AP
Two-stage
Grid R-CNN-Res101(T) 0.431
Grid R-CNN-Res50(S) 0. 449
AGD 0.451
FGD 0.477
A3 0.493
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Fig.7 Comparison of Grad CAM heat map and positioning

results between different model distillation methods
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Table 5 Comparison of localization experimental

results with advanced methods

Ik Backbone AP APy, AP
Two-stage
Faster R-CNN ResNet-50+FPN 0.407 0.892 0.275
Mask R-CNN ResNet-50+FPN 0.410 0.904 0.319
Cascade R-CNN ResNet-50+PAFPN 0.429 0.925 0.321
Grid R-CNN ResNet-50+BFP 0.449  0.921 0.410
One-stage
YOLOv3 Darknet-19+YOLO NECK 0.347  0.891 0.198
SSD 512 ResNet-50 0.334 0.892 0.196
RetinaNet ResNet-50+FPN 0.439 0.900 0.367
Anchor free
FCOS ResNet-50+FPN 0.418 0.900 0.325
FSAF ResNet-50 0.415 0.909 0.329
A3 ResNet-50+CSAI 0.493  0.931 0.478
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