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Abstract In view of the condition that the traditional feature selection algorithm can not capture the relationship be-
tween features,a nonlinear feature selection method was proposed. By introducing a kernel function, the method projects
the original data set into a high-dimensional kernel space,and considers the relationship between sample features by per-
forming operations in the kernel space. Due to the superiority of the kernel function,even if the data are projected into
the infinite dimensional space through the Gaussian kernel, the computational complexity can be controlled to a small
extent. For the limitation of the regularization factor,the use of two norms for double constraint not only improves the
accuracy of the algorithm,but also makes the variance of the algorithm only be 0. 74, which is much smaller than other
similar comparison algorithms,and it is more stable. 6 similar algorithms were compared on 8 common data sets,and the

SVM classifier was used to test the effect. The results demonstrate that the proposed algorithm can get the improve-

Vol. 46 No. 2

ment by a minimum of 1. 84% ,a maximum of 3. 27 % ,and an average of 2. 75%.
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Table 1  Detailed information of data set

A% AR 3 JE M % * 5
Arrhythmia 452 279 13
Clean 476 167 2
Colon 62 2000 2
Movements 360 90 15
Ecoli 336 343 8
Sonar 208 60 2
Glass 219 9 6
Yale 165 1024 15
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Fig. 1 Experimental results of each algorithm on Arrhythmia
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Table 2 Statistical results of experimental accuracy and mean values

KL CSFS MCFS HSICLasso SOGFS UDFS RFS SFSK
Arrhythmia  69.9340.41  68.18420.69 69.2440.87 69.04+0.78 69.4640.84 69.7240.85 72.07£0.48
Clean 94.0140.76  94.98740.79  93.614-0.63  93.8440.87  92.6041.04 93.5440.83  96.63£0.36
Colon 82.901.47 83.52+1.49  83.0441.74 82.83+1.16 83.16+1.15 83.04+1.25 84.85%1.12
Movements ~ 88.3840.64 88.05+1.34  85.660.65 86.2241.41 86.77+1.10 84.19+0.53 89.22+0.63
Ecoli 85.3740.48  82.1340.96  85.534-0.94 81.65+1.85 81.97+1.85 82.0940.72 86.20£0.80
Sonar 86.52+0.87  85.77+1.33 85.494+1.19 85.51+1.55 86.52+1.31 86.94+1.75 88.65+1.13
Glass 69.9540.95  68.05%2.20 67.3341.53 67.5740.89 67.8541.50 70.214+1.83 71.71£0.76
Yale 73.43+1.95 73.12+1.53  72.714+1.32 72.41+1.36 72.07+1.85 73.12+1.66 75.91%0.69
3 81.3140.94 80.47+1.29 80.324+1.10 79.88+1.23 80.05+1.33 80.35+1.17 83.15+0.74
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