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Facial expression recognition based on
feature extraction and capsule network
HUANG Xiaogang, HUANG Runcai, WANG Guijiang, MA Shiyu
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Facial expression recognition is a very hot research field in recent years. With the development of deep learning, more
and more deep learning methods are used in expression recognition. Aiming at the problem that capsule neural network ( CapsNet)
pays more attention to the high —level spatial information of the image, but the low — level spatial feature extraction is not
comprehensive, a facial expression recognition algorithm combining feature extraction and capsule network is proposed. Firstly, local
binary pattern (LBP) operator is used in this paper to extract image texture features, and combined with capsule network, multi—
channel input capsule network is formed. After that, in order to further strengthen low—level spatial feature extraction, depth residual
network ( ResNet) is added after extracting texture features. Finally, combined with capsule network, multi—channel input enhanced
capsule network is formed. Based on the above, this paper carries out control experiments on the public expression data sets CK+
and RAF-DB respectively, which is used to verify the performance of the multi—channel input capsule network and the multi—
channel input enhanced capsule network. The simulation achieves 99.69% and 82.02% accuracy, respectively and the results proves
that the proposed method in this paper is better than other expression recognition algorithms.
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Fig. 3 Dynamic routing process
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Fig. 4 Flow chart of recognition algorithms
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Fig. 6 Multi—channel input capsule network
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Tab. 1 Structural parameters of capsule network based on feature extraction

Layer Input shape Output shape Kernel structure Activation

Convl Input, ; 48x48x1

40x40%32 9%9 conv, 32 ReLU
Input, ; 48X48X2

PrimaryCaps 40 x 40 x 32 1024 x 8 8 groups 9 X 9 conv, 4, /2 ReLU, Squash

DigitCaps 1 024x8 16x8(16x7) Dynamic routing Squash
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Reshape Dynamic
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Fig. 7 Multi—channel input enhanced capsule network
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Tab. 2 Enhanced capsule network structure parameters

Layer Input shape

Output shape

Kernel structure Activation

Stem 48 x 48 x 2

BasicBlock, 48 x 48 x 1

BasicBlock, 48 x 48 x 64

BasicBlock; 24 x 24 x 128

BasicBlock, 12 x 12 x 256

PrimaryCaps 6 X 6 x 256

DigitCaps 1024 x 8

48 x 48 x 1

48 x 48 x 64

24 x 24 x 128

12 x 12 x 256

6 X 6 X 256

1152 x 8

16 x 8(16 x 7)

3 x 3 conv, 64 RelU

2 X 2 max pool

3 X 3 conv, 64 ReLU
3 x 3 conv, 64
3 x 3 conv, 64
3 x 3 conv, 64

3 X3 conw, 128,/2 RelLU
3 X 3 conv, 128
3 X 3 conv, 128
3 X 3 conv, 128

3 x 3 conv, 256,/2 RelLU
3 x 3 conv, 256
3 x 3 conv, 256
3 x 3 conv, 256

3 x 3 conv, 256,/2 ReLU
3 X 3 conv, 256
3 x 3 conv, 256
3 x 3 conv, 256

Reshape ReLU, Squash

Dynamic routing Squash
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Tab. 3 Recognition rate comparison of the proposed method

Data set  Experiments  Input feature Network Accuracy/ %
CK+ CapsNet \ CapsNet 96.61
LBP-CapsNet LBP CapsNet 97.23
ResNet—CapsNet LBP ResNet+CapsNet 99.69
RAF-DB CapsNet \ CapsNet 73.25
LBP~-CapsNet LBP CapsNet 75.09
ResNet—CapsNet LBP ResNet+CapsNet 82.02

®4 CK+HHAREEHAEBEILER

Tab. 4 Recognition rate comparison of different algorithms on CK+

Reference Method Accuracy/ %
Ref.[ 6] GF+CLBP+RF 92.80
Ref.[ 13] AlexNet 97.46
Ref.[ 14] CNN+SVM 94.56
Ref.[21] Gabor+CapsNet 98.43
The proposed method ~ LBP+ResNet+CapsNet 99.69
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Tab. 5 Recognition rate comparison of different algorithms on
RAF-DB

Reference Method Accuracy/ %
Ref.[22] Boosting—=POOF 73.19
Ref.[20] DLP-CNN 74.20
Ref.[ 23] Occams Razor 80.00
Ref.[ 24 ] SAP 81.81

The proposed method ~ LBP+ResNet+CapsNet 82.02
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