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Gesture-to-emotional speech conversion based on gesture
recognigion and facial expression recognition

SONG Nan, WU Pei-wen, YANG Hong-wu
(College of Physics and Electronic Engineering, Northwest Normal University, Lanzhou 730070, Gansu, China)

Abstract: This paper proposes a face expression integrated gesture-to-emotional speech conversion method to solve the
communication problems between healthy people and speech disorders. Firstly, the feature information of gesture image
are obtained by using the model of the deep belief network (DBN) and the features of facial expression are extracted by
a deep neural network (DNN) model. Secondly, a set of support vector machines (SVM) are trained to classify the ges-
ture and facial expression for recognizing the text of gestures and emotional tags of facial expression. At the same time, a
hidden Markov model-based Mandarin-Tibetan bilingual emotional speech synthesis is trained by speaker adaptive
training with a Mandarin emotional speech corpus. Finally, the Mandarin or Tibetan emotional speech is synthesized
from the recognized text of gestures and emotional tags. The objective tests show that the recognition rate for static
gestures is 92.8%. The recognition rate of facial expression achieves 94.6% on the extended Cohn-Kanade database
(CK+) and 80.3% on the JAFFE database respectively. Subjective evaluation demonstrates that synthesized emotional
speech can get 4.0 of the emotional mean opinion score. The pleasure-arousal-dominance (PAD) tree dimensional
emotion model is employed to evaluate the PAD values for both facial expression and synthesized emotional speech.
Results show that the PAD values of facial expression are close to the PAD values of synthesized emotional speech. This
means that the synthesized emotional speech can express the emotion of facial expression.

Key words: gesture recognition; facial expression recognition; deep neural network; Mandarin-Tibetan bilingual emo-
tional speech synthesis; gesture to speech conversion
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Fig.1 Block diagram of gesture-to-emotional speech conversion for speech disorder
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Fig.5 Block diagram of sign language to emotional speech conversion
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o RIS e T 5
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1R 0.59 53.59 376.32
R 0.42 46.40 490.88
RE 0.52 35.55 359.23
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B4 0.72 16.79 306.32
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3 0.49 40.20 385.40
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Table 5 PAD evaluation for facial expression and synthesized
emotional speech

FAEE T AR (-1,1])

I=E B > 1]

% B b A 5
A -0.84 0.64 0.82
PR -0.50 0.26 0.39
LR -0.39 0.62 -0.63
=X} 0.67 0.78 0.37
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