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Parameters
Model roc-auc score
max_iter base_Ir gamma Ir_policy momentum weight_decay
AlexNet 30000 0.001 0.1 step 0.9 0.0002 0.9920
GoogleNet 30000 0.001 0.1 Step 0.9 0.0002 0.9887
ResNet 30000 0.001 0.1 Step 0.9 0.0002 0.9918
30000 0.001 0.1 Step 0.9 0.0002
MLP Parameters
hidden_layer_sizes activation solver alpha learning_rate max_iter
GBM-Net 200 logistic sgd 0.0001 adaptive 2000 0.9920
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Model roc-auc score
max_iter base_Ir gamma Ir_policy momentum weight_decay
AlexNet 20000 0.01 0.1 Step 0.9 0.005 0.8291
GoogleNet 20000 0.01 0.1 Step 0.9 0.005 0.8545
ResNet 20000 0.01 0.1 Step 0.9 0.005 0.8590
20000 0.01 0.1 Step 0.9 0.005
MLP Parameters
hidden_layer_sizes  activation solver alpha learning_rate max_iter
GBM-Net 100 logistic sgd 0.01 adaptive 2000 0.8748
GBDT Parameters
learning_rate n_estimators max_depth max_features
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Students’ Expression Analysis in the Classroom based on Gradient
Boosting Decision Tree and Convolution Neural Network

ZHOU Jian-guo, TANG Dong-ming, PENG Zheng, LI Chuang, ZHANG Jia-chang
(1. School of Computer Science and Technology, Southwest Minzu University , Chengdu 610041, China)

Abstract; The facial expression of the students in the classroom is a representation of the mental state of the students,
and the facial expression data of the audience can be used to assess the teaching effect. This paper proposes the use of
CNN ( convolutional neural network) to analyze students™ facial expressions, and then study students facial expression so
as to helping teachers improving the teaching process. In this paper, we combine GBDT ( gradient boost decision tree)
and CNN to describe the characteristics of the pictures. By training the neural network and using it as the image feature
extractor, we use the GBDT to map the feature to higher dimension space and then according to the characteristics of the
two categories to classified. Finally, in the practical application, it can effectively analyze the lectures of the students in
the classroom and help the teachers to improve the teaching effect.

Keywords ; convolution neural network ; gradient boosting decision tree ;feature extraction ;model fusion



