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Abstract: Piezosurgery, as an efficient and precise tool for orthopaedic surgery, has been widely
used due to its ability to use high-frequency vibration to achieve precise cutting of bone while
minimizing soft tissue damage. However, the quality of the cutting condition between the blade
and the bone material directly affects the surgical outcome, with cutting speed being a critical
factor influencing the cutting condition. Insufficient speed can result in reduced -cutting
efficiency, while excessive speed can result in thermal damage to the bone and accelerated blade
wear. It is therefore essential to monitor the cutting process. To address this challenge, a cutting
condition monitoring method based on a bidirectional gated recurrent unit combined with an
exponentially weighted moving average (BiGRU-EWMA ) model was proposed. This method
integrated bidirectional information processing capability with the exponentially weighted moving
average approach, which significantly improved the accuracy and real-time performance of
condition monitoring. Experimental results show that the proposed method achieves an accuracy
of 98. 2%, and the monitoring system reduces the detection latency to 35 ms.
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Fig. 1 Time—-frequency analysis of acoustic signals during ultrasonic bone cutting
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Fig. 6 Accuracy/loss plots of network training
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