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CNN-based Sign Language Translation Program for the Deaf
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Abstract Society is developing more and more, and communication methods are developing in many ways. However,
developed communication is a way for the non-disabled and has no effect on the deaf. Therefore, in this paper, a
CNN-based sign language translation program is designed and implemented to help deaf people communicate. Sign
language translation programs translate sign language images entered through WebCam according to meaning based on
data. The sign language translation program uses 24,000 pieces of Korean vowel data produced directly and conducts
U-Net segmentation to train effective classification models. In the implemented sign language translation program, *=°
showed the best performance among all sign language data with 97% accuracy and 99% F1-Score, while * | ¢ showed

the highest performance among vowel data with 94% accuracy and 95.5% F1-Score.
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Fig. 1. Architecture of U-Net
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Fig. 2. Architecture of AlexNet
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Fig. 4. Sign Language Data with Segmentation
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Fig. 5. Architecture of AlexNet for Sign Language
Data Classification
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Fig. 6. Sign Language Translation Program
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Fig. 7. Sign Language Data Example
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Table 1. Confusion Matrix

Positive(0) Negative(1)
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Negative(1) FN TN
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Table 2. Experimental Environment

CPU Intel i7-6700

RAM 32GB

VGA NVIDIA GeForce RTX 2080ti
Oos Window 10, 64-bit
CAM Logitech C920 PRO HD
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Table 3. Classification evaluation metrics of Consonant sign language.
- L [t = [} H A o X = =) = v )
Accuracy 920 940 900 860 80 8.0 900 910 940 980 970 950 890 850
precision 850 900 930 900 850 850 850 8.0 90 940 990 0910 860 850
Recall 870 850 960 930 920 950 950 990 90 920 990 970 990 89.0
F1-Score 860 875 945 915 835 900 900 925 945 930 990 940 9R5 870
Table 4. Classification evaluation metrics of Vowel sign language.
F F 1 q L AL T m = |
Accuracy 91.0 86.0 94.0 90.0 88.0 91.0 90.0 88.0 94.0 94.0
precision 85.0 85.0 97.0 90.0 98.0 97.0 87.0 99.0 98.0 98.0
Recall 93.0 97.0 86.0 88.0 93.0 92.0 98.0 92.0 88.0 93.0
F1-Score 89.0 91.0 915 89.0 95.5 94.5 92.5 95.5 93.0 95.5
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