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Multi-modal Emotion Recognition using Semi-supervised Learning and
Multiple Neural Networks in the Wild
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Abstract

Human emotion recognition is a research topic that is receiving continuous attention in computer vision and artificial intelligence
domains. This paper proposes a method for classifying human emotions through multiple neural networks based on multi-modal
signals which consist of image, landmark, and audio in a wild environment. The proposed method has the following features. First,
the learning performance of the image-based network is greatly improved by employing both multi-task learning and
semi-supervised learning using the spatio-temporal characteristic of videos. Second, a model for converting 1-dimensional (1D)
landmark information of face into two-dimensional (2D) images, is newly proposed, and a CNN-LSTM network based on the
model is proposed for better emotion recognition. Third, based on an observation that audio signals are often very effective for
specific emotions, we propose an audio deep learning mechanism robust to the specific emotions. Finally, so-called emotion
adaptive fusion is applied to enable synergy of multiple networks. The proposed network improves emotion classification
performance by appropriately integrating existing supervised learning and semi-supervised learning networks. In the fifth attempt on
the given test set in the EmotiW2017 challenge, the proposed method achieved a classification accuracy of 57.12%.
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C3DA 46.88 0.00 4.35 49.20 65.08 9.83 34.78
Parallel CNN 4531 5.00 4.35 57.14 73.02 19.67 19.56
Audio DNN 73.44 0.00 10.87 52.38 50.79 18.03 2.17
Audio CNN 60.94 7.50 28.26 34.92 42.86 14.75 10.87
Audio LSTM 54.69 0.00 26.09 66.67 50.79 14.75 2.17
Landmark 57.37 0.00 0.00 35.71 17.42 28.26 3.33
Total
network 81.25 0.00 | 21.74| 76.19| 85.71 | 27.87( 23.91




Ang. Dis. Fea. Hap. Neu. Sad Sur.
Ang,. 82.81 0.00 0.00 4.69 7.81 0.00 4.69

Dis. 12.50 0.00 2.50 27.50 35.00 10.00 12.50
Fea. 21.74 0.00 21.74 13.04 26.09 6.52 10.87
Hap. 4.76 0.00 0.00 0.00 0.00
Neuw. 3.17 0.00 0.00 3.17 0.00
Sad 27.87 1.64 0.00 0.00 39.34 27.87 3.28
Sur. 15.22 0.00 0.00 13.04 43.48 4.35 23.91
(a)
Ang. Dis. Fea. Hap. New Sad Sur.
Ang. 1.02 2.04 3.06 2245 2.04 1.02
Dis. 15.00 7.50 0.00 7.50 55.00 15.00 0.00
Fea. 12.86 0.00 42.86 7.14 2143 2.85 12.80
Hap. 5.56 0.00 0.00 24.30 2.08 0.70
Neu. 6.22 0.00 414 9.84 4.15 0.52
Sad 11.25 1.25 11.25 7.50 33.75 35.00 0.00
Sur. 17.86 0.00 17.86 10.71 39.29 3.57 10.71
(b)
Ang. Dis. Fea. Hap. Neu. Sad Sur.

Ang, 74.50 0.00 3.10 3.10 18.40 1.00 0.00
Dis. 20.00 0.00 5.00 15.00 40.00 20.00 0.00
Fea. 27.10 0.00 3430 14 21.40 15.70 0.00
Hap. 6.90 0.00 0.70 82.60 6.30 3.50 0.00
New. 8.30 0.00 2.10 5.7 69.90 14.00 0.00

Sad 12.50 0.00 7.50 13.80 25.00 41.30 0.00
Sur. 21.40 0.00 21.40 7.10 35.70 14.30 0.00
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Fig. 6. Confusion matrices from the results at the 5th submission (a)
validation (b) test dataset
(c) Test dataset results from another team using a similar network
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Table 3. Validation and Test dataset recognition accuracy of 5th submission

SUbMISSION | valication (98 | Test (99 Method
1 40.21 46.55 C3DA + Audio CNN + Parallel CNN Network
2 42,04 47.32 (Submission 1) + network ensemble & parameter setting
3 46.21 50.84 (Submission 2) + S3DAE + Audio LSTM + (a part of) our own training dataset
4 47.78 52.06 (Submission 3) + Parallel CNN Network with xception
5 50.39 57.12 (Submission 4) + Landmark-based + Audio DNN + our own training dataset
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