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[Abstract]

Researches on gesture recognition for sign language have been actively conducted to communicate with the hearing impaired.
However, most of them focused on a way that recognizes the shape of hands on a still image. In this paper, we propose a method
that includes not only dynamically changing gestures but also facial expressions. For every frame that comes in through the
camera, the Mediapipe framework is used to extract human-body landmarks, including the face and hands, and the proposed
method calculates the input features required for non-manual signal learning. For dynamic gesture recognition, one gesture is
defined as 30 frames, and dynamic sign language gestures are learned using the LSTM model for sequential data recognition. The
proposed dynamic non-manual gesture recognition method is applied to developing applications for users who want to learn sign
language gestures.
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Table 2. LSTM model used for dynamic sign language
recognition in this paper

N : number of sign language gestures to recognize
M : number of input features computed in one frame

model = tf.keras.models.Sequential([

tf keras.layers.Input(shape=(30, //), name="input'),

tf.keras.layers. LSTM(512, time_major=False,
return_sequences=True),

tf.keras.layers.Dense(1024, activation=tf.nn.relu),

tf.keras.layers.Dropout(0.3),

tf.keras.layers.Dense(256, activation=tf.nn.relu),

tf.keras.layers.Dense(256, activation=tf.nn.relu),

tf.keras.layers.Flatten(),

tf.keras.layers.Dense( /V, activation=tf.nn.softmax,
name="output')
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Model Accuracy(%)
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Table 4. Comparison of reported experiments on gesture recognition for sign languages

Video data Landmark detection | Gesture recognition # of gesture signals Recognition rate(%)
10 signals = 1 static manual +
[2] isolated video OpenPose CNN + majority voting 8 dynamic manual + 81%
1 dynamic non—manual signals
(8] continuous Mediapipe CNN 33 static manual signals(digits and korean X
stream alphabets)
rop0sed continuous 36 signals = 2 static manual +
prop Mediapipe LSTM 28 dynamic manual + 84.57%
method stream ) )
6 dynamic non—manual signals
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