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ST-HRNet: Multi-head attention mechanism and high-resolution network
for surgical instrument image segmentation
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Abstract: The automatic segmentation of surgical instruments is the guarantee for the stable operation of minimally invasive
surgical robots. The current surgical instrument segmentation methods are composed of high—to—Ilow —resolution sub —networks
connected in series, which is prone to loss of details. Therefore, this article proposes a surgical instrument segmentation method
based on multi-attention mechanism and high resolution ( ST-HRNet). The model uses the HRNet structure and constructs parallel
sub—networks to directly output high—resolution feature maps, preventing the loss of details. In addition, the model also integrates
the sliding window multi — attention mechanism to obtain global information, which further improves the accuracy of model
segmentation. On the Endovis2017 surgical instrument data set and the privatedata set, the average intersection and union ratios were
95.86% and 97.17% , respectively, and the remaining indicators also exceeded the existing methods. Experiments show that ST—
HRNet has better results than other segmentation methods.
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%1 ST-HRNet BRI EAFEHEE
Table 1 Architecture configuration of ST-HRNet
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Table 2 Performance comparison on Endovis2017 data set
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ST-HRNet 95.86 97.86 97.62 98.10
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Table 3 Performance comparison on private data set %
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Fig. 3 Visualization results of comparison experiment on the public Endovis2017 data set
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Fig. 4 Visualization results of comparison experiment on the private data set
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