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[ Abstract] Student expression has gradually become an important way to perceive the state of students. Therefore, the accurate
recognition of student expression has important value and has been widely concerned. In this paper, a recognition model based on
data fusion and transfer learning is proposed to solve the problem of lack and diversity of students ~ facial expression data.
Meanwhile, transfer learning is introduced to improve the accuracy of prediction. Experimental results on datasets and actual
students” facial expressions show that the proposed model can accurately identify students ~ facial expressions and improve the

prediction accuracy.
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Fig. 1 Residual structure of ResNet
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Tab. 1 Network structure of the ResNet50
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Fig. 3 Face image cropping process
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Tab. 2 Fusion datasets
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Fer 65 72 78 78 52 65 65
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Fig. 4 Transfer learning based on ResNet
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Fig. 10 Student expression
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Tab. 3 Student expression test confidence of Model 1 ( CK+)
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Tab. 6 Student expression test confidence of Model 4( fusion data set)
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Anger Disgust Fear Happy Natural Sadness Surprised

B
P

Anger Disgust Fear Happy Natural Sadness Surprised

E k1 0.028 0.029 0.018 0.688  0.005 0.210  0.022
E R 2 0.009 0.007 0.063 0.076  0.463 0.256  0.127
E K 3 0.210 0.001 0.040 0.034 0.94 0.615  0.006
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Tab. 4 Student expression test accuracy rate of Model 2 ( JAFFE)
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E A1 0.046 0.093 0.030 0.509 0.004 0.318  0.001
E k2 0.003 0.000 0.012 0.138 0.770  0.000  0.075

E R 3 0.007 0.625 0.247 0.047  0.015 0.031 0.028
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Tab. 5 Student expression test confidence of Model 3( Fer2013)
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B kR 10.000 0.013 0.016 0.626 0.012 0.004 0.329

Kk 2 0.014 0.011 0.125 0.044 0.578  0.001 7 0.212

k3 0.052 0.077 0.017 0.680 0.018 0.139  0.016
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EH 3 0.052 0.077 0.017 0.039 0.018 0.780  0.016
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