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Abstract Common unsupervised feature selection methods only consider the selection of discriminative features,while ignoring
the redundancy of features and failing to consider the problem of small classes,which affect the classification performance. Based
on this background,a robust uncorrelated regression algorithm is proposed. First,research on uncorrelated regression,use uncor-
related orthogonal constraints to find irrelevant but discriminative features. Uncorrelated constraints keep the data structure in
the Stiefel manifold, making the model have a closed solution,avoiding the possible trivial solutions caused by the traditional ridge
regression model. Secondly.the loss function and the regularization term use the L., norm to ensure the robustness of the model
and obtain a sparse projection matrix. At the same time, the small class problem is taken into account,so that the number of pro-
jection matrices is not limited by the number of classes,and the result is enough projection matrices to improve the classification
performance of the model. Theoretical analysis and experimental results on multiple data sets show that the proposed method has

better performance than other feature selection methods.
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Table 1 Specific information of data set
Number of Number of Number of
Data set . .
Samples categories features

ORL 400 40 1024
Yale 165 15 1024
BIO 1460 22 1024
JAFFE 213 10 1024
COIL20 1440 20 1024
Pavia University 42776 9 103
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Table 2 Influence of number of training samples on the accuracy of classification
Number of training
Data set GURM GLSPFS UDFS JELSR RJUR
samples for each type
4 78.4167 75.6667 76.6667 76.2500 80.7917
ORL 6 83.7500 84.0625 85.0000 83.1250 87.7500
8 88.2500 88. 0000 90. 0000 90. 0000 91.8750
4 38.2857 40.2857 42.5714 45.6190 51. 1429
Yale 6 45.8667 43.8667 45,7333 53.0667 56.8000
8 50. 4444 47.1111 50.0000 54.8889 57.7778
4 51.0423 51.8076 49.6137 53.3090 55.7872
BIO 6 56.7395 56.9202 55.9413 59.7063 63.1777
8 62.9439 62.4688 60.1012 65.3115 67.2118
4 76.7132 77.0956 73.5515 76.4706 78.1324
COIL20 6 80.0303 81.7045 74.9015 82.2045 83.1364
8 84.4688 85.0938 80.6328 84.3750 86.9531
4 89.2500 91.4375 90.0625 91.8750 94.3125
JAFFE 6 93.8571 94.9286 93.3571 95.5000 96.2857
8 96.4167 95.8333 94.5833 97.0833 97.8333
Pavi 10 58.5817 60.2310 58.0774 59.3288 62. 1586
.de. 15 61.6433 63.2520 61.6046 63.3805 64.2293
University
20 64.2992 63.7550 62.5676 64.8958 65. 4491
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Fig. 6 Effects of different parameters on classification accuracy of different data sets
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Table 3 Running time of different algorithms on different data sets
(AT :s)
A& GURM GLSPFS UDFS JELSR RJUR
Yale 1.63 0.03 2.09 0.89 6.06
JAFFE 1. 64 0.02 2.02 0. 86 6.72
ORL 1.75 0.19 2.23 1.24 6.71
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