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American Sign Language Recognition Combining with Bi-2DPCA and"CNN

YANG Mingyu, YE Chunming
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[ Abstract] The existing algorithms‘for American Sign Language (ASL) recognitionjare limited in the recognition
accuracy, and require much time for medel training. To address the problem, a Bayesian Optimization (BO) -based
algorithm that combines'Bidirectional Two-Dimensional Principal Component Analysis(Bi-2DPCA) and Convolutional
Neural Netwotk (CNN,) is used to optimize model parameters. The /Bi-2DPCA algorithm is used to reduce the
dimensionality of the, original image data, and extract the feature maps in the row and column directions. Then the
convolutional neuralinetwork is used to train and classify the feature maps.Finally, the Bayesian optimization algorithm
is used to adjust the model hyperparameters automatically. The experimental results On 24 classified ASL data sets show
that the algorithm achieves a recognition accuracy of 99.15%gandweduces the running time by 90.3% compared with the
traditional CNN algorithms.
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Analysis(Bi-2DPCA ) ; Convolutional Neural Network(CNN) ; Bayesian Optimization(BO) ;automatic tuning
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Fig.1 Procedure of Bi-2DPCA-CNN algorithm
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Fig.3 Top 30 feature histograms
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Fig.8 Accuracy and loss/cruves of Bi-2DPCA-CNN model
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Table 3 Optimal parameters of Bi-2DPCA-CNN model

SR i
dim1 3
num_convl 16
dim?2 3
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Ir 0.01
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BRL6JA 2 DUt A Ak A B Y i 4 T 1 1.11%,
FUEETE T 1.39%,



Fa1E B2

A I . 454 Bi-2DPCA 5 CNN A9 26 20 F 18 10 51 283

®4 NAHEIRAET/E Bi-2DPCA-CNN [ 8EXT LL
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before and after Bayesian optimization %
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Fig.9 Accuracy and loss cruves of Bi-2DPCA-CNN after

Bayesian optimization
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