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Research and Implementation of Strain Gauge Front—Back Recognition Method
Based on YOLOVS

[ Abstract ] To address the technical challenge of quickly and accurately recognizing the front and back sides of
strain gauges on trays during the automatic bonding process, this paper proposes a strain gauge front—back recognition
method based on the YOLOvV8 model. By deeply integrating the efficient detection performance of the YOLOvS8 model
with the advanced computer vision algorithm, this method can realize the real—time and accurate determination of front
and back states of strain gauges on trays in a complex industrial production environment, effectively overcoming the dis—
advantages of traditional low—efficiency and error—prone manual recognition. In the automatic bonding process of strain
gauges, the recognition result can be used as the core command to guide the mechanical arm to intelligently and autono—
mously pick up strain gauges that meet the bonding requirements, significantly improving the automation level and accu—
racy of strain gauge bonding.

[ Keywords ] strain gauge; image recognition; yOLOVS
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