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Small lesion detection in ultrasound images of hepatic cystic echinococcosis based on improved
YOLOvV7
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Abstract: Objective To propose a novel algorithm model based on YOLOV7 for detecting small lesions in ultrasound images
of hepatic cystic echinococcosis. Methods The original feature extraction backbone was replaced with a lightweight feature
extraction backbone network GhostNet for reducing the quantity of model parameters. To address the problem of low
detection accuracy when the evaluation index CloU of YOLOv7 was used as a loss function, ECloU was substituting for
CloU, which further improved the model detection accuracy. Results The model was trained on a self-built dataset of small
lesion ultrasound images of hepatic cystic echinococcosis. The results showed that the improved model had a size of 59.4 G
and a detection accuracy of 88.1% for mAP@0.5, outperforming the original model and surpassing other mainstream
detection methods. Conclusion The proposed model can detect and classify the location and category of lesions in ultrasound
images of hepatic cystic echinococcosis more efficiently.
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Figure 1 Ultrasound imaging classification of cystic hepatic echinococcosis
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Figure 2 YOLOV7 network structure
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Figure 6 Comparison of ablation performance on the dataset of small hepatic cystic echinococcosis lesions
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Table 3 Comparison of detection results between the proposed
method and other target detection models on the dataset of small

hepatic cystic echinococcosis lesions

il mAP@0.5/%  Params/M  Flops/G  Fps/fps
SSD 80.8 41.0 387.0 34.8
Faster-R-CNN 86.4 137.0 370.2 39.8
DETR 83.0 36.7 114.2 46.6
YOLOv3 81.9 61.9 66.2 33.0
YOLOvS 85.9 30.9 67.9 47.0
YOLOv7 86.0 36.5 103.2 46.0
YOLOv7+I+II 88.1 21.7 59.4 52.5
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Figure 8 Comparison of detection performance between the original model and the improved model on the necrotic variant (CE—4) of hepatic cystic

echinococcosis
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