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Abstract : Facial expression recognition is an important way for machines to understand expression changes of human
beings. Expression recognition using RGB facial images suffers from illumination changes and detail depicting in minor
emotion changes. This work employ RGBD facial images to recognize 6 basic facial expressions (happiness, sadness,
angry , disgust, fear and surprise ). Depth images are used for robust face detection initially. Gray-scale facial images are
employed to detect and to track 2D facial landmark points from the detected face region. Then, corresponding depth infor-
mation is added into these points to construct depth facial geometrical feature which can recognize minor expression
changes more effectively. Finally,a random forest classifier based on feature selection is designed to recognize different
facial expressions. Results of comparative evaluations on benchmarking datasets verify the fact that our approach outper-
forms several state-of-the-art facial expression approaches,which use hand-crafted features,in recognizing six basic facial
expressions. Meanwhile, our approach achieves almost similar performance comparing with the convolutional neural
network based expression recognition algorithms.
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Table 2 FSRF/RF classification acuracy comparison Table 3 Famous facial expression recognition algorithm
. VT-KFER CurtinFaces average accuracy rate corilparison
FSRF RF FSRF RF — LSk
angry 95+1.3 94+2.1 93+1.8 91x2.3 VT-KFER CurtinFaces
disgust 88+3.2 83+4.5 89+2.2 84+3.9 Fan et al.[30] 84.70% 82.11%
fear 92+2.1 88+3.5 90+2.1 86+3.4 Rivera et al.[ 31] 91.51% 88.75%
happy 96+1.1 94+2.3 92+1.7 92+2.1 Aly et al.[29] 88.14% 87.32%
sadness 88+2.8 85+3.8 85+2.7 85+3.0 Zhang et al.[32] 95.12% 93.48%
surprise 94+1.5 94+1.8 94+1.5 90+2.5 AT 92.23% 90.52%
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Fig.5 Recognition results of real dataset
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