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Emotion Acquisition From Facial Image Using Deep Neural Network
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In this study, we carried out the emotion acquisition from facial expression image using a Deep Neural Net-
work(DNN). Emotions we focused on are "happiness”, "sadness”, ”surprise”’, ”anger”, ”disgust”, ”fear” and "neu-
tral”. By using Auto-encoder and Denoising Auto-encoder approaches, we have obtained an emotion recognition
rate of about 68%; five emotions (happiness, surprise, disgust, anger and neutral) recognition rate was about 75%.
However, the sadness and fear emotions recognition from only this data seemed to be difficult. This result was
the same tendency as preliminary experiment of human recognition. After DNN training, eyes and mouths were
confirmed to be recognized effectively from facial expressions. The results corroborate that DNNs work effectively

for learning facial expression representations. This paper details these experiments and investigations regarding

the influence of DNN learning from facial expressions.
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2: Stacked Autoencoder DAL
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