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Facial Expression Recognition with Multi-perspective
Feature Fusion Under Deep Residual Convolution
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(1. School of Computer Science and Technology, Harbin University of Science and Technology, Harbin 150080, China;
2. Harbin Institute of Information Technology, 150431, China)

Abstract: Aiming at the problems of inaccurate facial expression recognition and large amount of calculation under multi-
perspective in real life, a facial expression recognition model MVResNet-FER is proposed, which is based on multi-perspective feature
fusion under deep residual convolution. The residual block in ResNet is first improved and the conventional convolutional network is
replaced with a depthwise separable network. Second, a CBAM module is added to enhance the extraction of effective features under
multi-perspective and the supplementation of shallow feature information. Then use the RReLu activation function to replace the original
ReLu to avoid deactivation of some nodes when the gradient is large. Finally, the global average pooling layer is used instead of the
fully connected layer to achieve dimensionality reduction, and the generated feature vector is sent to Softmax for classification.
Experiments show that the proposed method produces excellent results on the CK + and RaFD datasets, which can effectively improve
the accuracy of facial expression recognition.
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BT AT TR B RN
Conv-1 64 x 64 x 1 3x3x8 64 x64 x8
CBAM 64 x64 x8 — 64 x64 x8
Conv-2 64 x 64 x 8 3x3x16 64 x 64 x 16
MaxPool-1 64 x64 x 16 — 32 x32x16
Inception]  32x32x16 3 x3x32 16 x 16 x32
Inception2 16 x16 x32 3 x3 x64 8 x8 x 64
Inception3 8 x8 x 64 3 x3x128 4 x4 x128
Inception4 4 x4 x128 3 x3 x256 2 x2 x256
S-Conv9 2 x2 x256 3x3x8 2x2x8
CBAM 2x2x8 — 2x2x8
Global-Pool 2x2x8 — Ix1x8
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Fig. 14 image preprocessing
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Fig. 15 The loss value curve of the model
on the RaFD dataset
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Tab.5 Expression recognition rate of different perspectives in RaFD database

o e
0° 30° 45° 60° 90° BRI PR SR
Happy 1. 00 0. 99 0.97 0.97 0.91 0.97 0. 968
Sad 1. 00 0.98 0.95 0. 90 0. 87 0. 96 0. 940
Angry 0.97 0.96 0.95 0.92 0. 89 0.96 0.938
Disgust 1. 00 0.98 0.97 0.95 0. 90 0. 96 0. 960
Contempt 0.98 0.93 0. 90 0.92 0. 89 0.95 0.924
Fear 0.96 0.94 0.92 0. 90 0. 89 0.94 0.922
Neutral 1. 00 0.97 0.95 0.94 0. 90 0.94 0.952
Surprise 1. 00 0.95 0.93 0.94 0. 88 0. 96 0. 940
FHJMERIE 0.989 0. 963 0.943 0. 930 0. 891 0. 959 0. 945
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Fig. 16 Confusion matrix of image recognition rate

at different angles in RaFD dataset
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Tab. 6 Overall accuracy of different models
on the RaFD dataset

el HEZ/ %
Mnist-cnn 61.40
Xception 91.40
MVFE-LightNet 94. 40
MVResNet-FER ( itk A CBAM) 92.71
MVResNei-FER 95.90

n] PAFE H, AR SC I 2 5500 ME 8 >R . Mnist-cnn |
Xception, MVFE-LightNet' ! 1 K #x A CBAM [¥J
MVResNet-FER 73 %] & 34.5% . 4.5% . 1.5% #

AN RS, 747 A T CBAM kit
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