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Convolution Neural Network with Multi-Resolution Feature Fusion for

Facial Expression Recognition

He Zhichao, Zhao Longzhang, Chen Chuang

College of Electrical Engineering and Control Science, Nanjing Tech University, Nanjing, Jiangsu 211816, China

Abstract In facial expression recognition, the traditional machine learning methods based on the manual feature
extraction are time-consuming and less robust. The current convolution neural networks relying on single channel
convolution kernel are not sufficient to extract feature, which makes the recognition rates low. We propose a multi-
resolution feature fusion convolution neural network, which is combined with two uncorrelated and channels with
different depths to extract multi-resolution features. After fusing the two channels feature, a softmax classification
is used to classify the facial expression. The experiments on JAFFE and CK+ facial expression databases show that
compared with traditional machine learning methods and existing convolution neural networks, the proposed
convolution neural network structure model has the advantages of good robustness, strong generalization ability,
and fast convergence speed.
Key words machine vision; facial expression recognition; feature extraction; convolution neural network; multi-
resolution feature fusion
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Table 1 Design of training samples and test samples
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Table 2 Recognition rate of CNN with

different convolution layers

Number of Recognition rate /%
convolution layers CK+ JAFFE
1 67.3 62.5
2 75.2 70.9
3 79.1 75.8
4 82.3 81.2
5 84.2 83.8
6 84.4 84.1
7 84.5 84.3
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Table 3 Recognition rate of CNN with different

resolution features

Number of two Recognition rate /%

convolution layers CK+ JAFFE
o-1 85.9 85.2
5-2 92.1 91.7
5-3 89.6 89.5
o-4 85.1 83.9
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Table 4 Recognition rates of different algorithms

Recognition rate /%

Algorithm
CK+ JAFFE
Ref. [11] 79.6 78.2
Ref. [14] 83.0 79.7
Ref. [15] 85.6 85.3
Proposed method 92.1 91.7
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