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Abstract

To improve recognition rate and reduce power consumption of facial expression recognition systems, this pa-

per proposed a facial expression recognition method using an improved deep residual networks (ResNets). Residual

learning solves the degradation problem of the deep Convolutional Neural Networks(CNNs) to a certain degree and in-

creases the network layers infinitely, but it makes deep CNNs face a more serious power consumption problem. To solve

this problem., this paper introduced a new biologically-plausible activation function to improve ResNets and get a facial

expression recognition method with both higher performance and lower power consumption. The Rectified Linear Units

(RelLU) in the convolutional layers of ResNets are replaced with the new activation function Noisy Softplus. The ob-

tained weights by using the improved ResNets can be directly applied to a deep Spiking Neural Networks(SNNs) archi-

tecture derived from the ResNets. The experimental results suggest that the proposed facial expression recognition

method is able to achieve higher recognition rate and lower power consumption on a neuromorphic hardware.
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KDEF ResNet-19 RelLU 95.71 85.71 - 97. 14 98.57 90 87.14 92. 86 92.45
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Fig. 7 Changes of experimental database recognition accuracy with number of training times
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Table 2 Comparison of this method and other methods in references
AT %)

CK+ KDEF GENKI-4K
VS VYRS V2 R FE RS VRS
AlexNet-? 92. 20 AdaBoost?%] 87.20 AdaBoost:?*] 79.22
3DCNN-DAPL 92. 40 LDBP+SVM?7) 92.15 LBP+FAPE] 92.00
LDBP+SVM27! 94.98 SCAE?S 92.52 PwDV+ELM™" 93.42
ResNet-19 (2 32) 98.01 ResNet-19(Z<32) 94. 49 ResNet-19 (A& 32) 95.57
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Table 3 Comparison of energy consumption
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