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Abstract

With the development of deep learning technology, research is being actively carried out on user-friendly interfaces
that are suitable for use in virtual reality or augmented reality applications. To support the interface using the user's
hands, this paper proposes a deep learning-based fingertip detection method to enable the tracking of fingertip
coordinates to select virtual objects, or to write or draw in the air. After cutting the approximate part of the
corresponding fingertip object from the input image with the Grad-CAM, and perform the convolution neural network
with Atrous Convolution for the cut image to detect fingertip location. This method is simpler and easier to
implement than existing object detection algorithms without requiring a pre-processing for annotating objects. To
verify this method we implemented an air writing application and showed that the recognition rate of 81% and the
speed of 76 ms were able to write smoothly without delay in the air, making it possible to utilize the application in

real time.
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Figure 1. Atrous convolution with different rates
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Figure 2. Grad-CAM visualization results; (a) original

images; (b) Grad-CAM images; (c) original +
Grad-CAM images; (d) original + contoured
Grad-CAM images
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Figure 3. VGGNet network using Atrous convolution
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Figure 6. Final process of fingertip detection
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Table 7. Speed and recognition rate comparisons of

SSD network and ours
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rate
SSD 31.34ms 79%
Ours 76.02ms 81%
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Table 8. Experimental results for the CIFAR-10 dataset
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Figure 8. Air-Writing with fingertip detection
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