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Sparsity and low-redundancy ensemble pruning for facial expression recognition

CHEN Xing, LI Danyang, TANG Yumei, HUANG Shisong, WU Yiqing

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract: To reduce the impact of noise and outliers on ensemble pruning and robustly select a more sparse subset
of base classifiers to improve the performance of facial expression recognition, a robust sparse and low-redundancy
ensemble pruning method with dependency scores is proposed in this paper for facial expression recognition. First,
the method treats the prediction results of sample instances as base classifier features, and evaluates the dependency
and priority between pairs of base classifiers using mutual information and entropy, respectively. Second, the
priority dependency is added to the regression-based objective equation to prune redundant base classifier, which
uses the [, ;-norm to increase the robustness of the classifier subset and thus improve the generalization performance
of the algorithm. Then, an inner product regularization term is introduced into the target equation to select sparse
and low-redundant base classifiers by computing the sum of the absolute values of the inner products of the classifier
feature coefficient vectors. Finally, the majority voting method is used to integrate the selected subset of base
classifiers to obtain the final recognition results. The recognition accuracy of the proposed method on four public
facial expression datasets, FER2013, JAFFE, CK +, and KDEF, is 3.29% , 10.39% , 1.76% , and 4. 89%
higher than those obtained by integrating all base classifiers, respectively, indicating that the method can select a
subset of classifiers with better recognition results and lower redundancy, and improve the ensemble pruning
generalization ability.
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Fig.2 Block diagram of structure of convolutional neural network
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Fig.3 Sensitivity analysis of parameters a and 8 in proposed algorithm
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Fig.4 Sensitivity analysis of paramaters p and u in proposed algorithm
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Tab.3 Comparison of accuracy considering different modules
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Tab.4  Comparison of accuracy between RSLDS and eight ensemble pruning methods

i FER2013 JAFFE CK + KDEF
’ MR Kot MR Bt 2R Kokt AR Bkt
Baseline 0.703 5 231 0.4225 231 0.757 8 231 0.716 3 231
DREP!!8] 0.7320 29 0.469 5 116 0.764 5 114 0.755 1 105
ComEP"?] 0.710 8 209 0.507 0 3 0.759 2 224 0.720 4 209
Kappal ") 0.713 0 196 0.469 5 192 0.758 6 230 0.716 3 231
Qs 0.709 4 206 0.446 0 174 0.758 6 230 0.716 3 231
RGSS&B-EP] 0.7275 118 0.507 0 137 0.769 1 143 0.753 1 103
002! 0.733 4 49 0.5117 134 0.770 4 142 0.759 2 53
SDAcc® 0.732 5 18 0.5117 129 0.769 7 142 0.757 1 57
CSLSEP* 0.7359 29 0.5117 133 0.771 7 143 0.761 2 50
RSLDS 0.736 4 28 0.526 4 79 0.775 4 112 0.765 2 42
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Fig.6 Critical distance of ensemble pruning algorithm
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