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Human-Computer Interaction Method for Gesture Recognition
Based on Improved YOLOV3
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Abstract: With the rapid development of artificial intelligence technology, human-computer interaction has also undergone
tremendous changes. In view of the fact that most people are still using the traditional interaction method of keyboard , mouse
and touchpad, in this article we propose a method of real-time gesture recognition and human-computer interaction based on
the improved YOLOV3. Specifically, the bounding box of the label was first clustered through K-means. Then the small tar-
gets were enriched by Mosaic data enhancement, and finally the GCDIoU loss function that minimizes the distance between
the center points of the bounding box was used. Through the above methods, the final model's detection accuracy for small
gesture targets reached 98.87% , and the recall rate reached 99.98% . Therefore, Mosaic data enhancement has a good effect
when applied to small target detection, while GCDIoU loss function speeds up the convergence of the model, and the effect
is better.
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Fig. 1 Clustering results of K-means

B 2 Mosaic #{IEILaII B = EHE

Fig. 2 Data enhancement and color space adjustment
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Fig.3 Experimental results of training sets
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