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Abstract The neighborhood rough set measures the similarity between samples by radius,consequently, different radii
naturally construct the rough approximations with different scales. Traditional attribute reduction based on neighbor-
hood rough set is frequently executed over multi-radius. The aims are to select an attribute subset with better generali-
zation performance or to explore the trend line of the performances of the reducts in terms of different scales. However,
it should be emphasized that the process should be repeatedly executed for each scale,if the traditional algorithm based
on heuristic searching is used to compute the multiple scale reducts. The time consumption of computing reducts is too
high to be accepted,especially the number of the scale is more, the time consumption will be more. To solve such a prob-
lem, the multi-scale based accelerated strategy for attribute reduction was proposed by means of the changing of radius.
This strategy considers two trends of changing radius,from smaller radius to greater radius and from greater radius to
smaller radius. Moreover, the traversal size of samples and attributes is reduced. Therefore, the current process to find
reduct is executed based on the reduct related to the previous radius, which follows that the forward or backward heu-
ristic searching for adding and deleting attributes can be realized. To validate the effectiveness of the accelerated strate-
gy,8 UCI data sets,10-fold cross-validation and 20 radii were employed to conduct the experiment,and the time con-
sumption of computing different reducts and the classification of different reducts were compared. The experimental re-
sults over 8 UCI data sets show that the proposed forward or backward accelerated searching can significantly reduce

the time consumptions of finding reducts if the case of multi-scale is considered. Moreover, the proposed approach will
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not significantly decrease the classification performance,and can reduce the degree of over-fitting.
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Table 3

length of attributes

A6 B AR 5k 2 Bk 3

) P P
Powr BT owx o xe U0 owx o ose U7
1 0.92 16.0 0.95 0.245 4.2 0.95 0,090 6.5
2 0.96 34.0 0.96  0.090 8.0 0.96 0.020 13.1
30.72 240 0.72 0.170 8.4 0.72 0,245 8.6
4 0.85 34.0 0.90 0.200 8.8 0.88 0.050 6.2
5 0.8 18.0 0.78 0.410 4.7 0.74 0.100 5.4
6 0.96 10.0 0.96 0,005 5.3 0.96 0,010 5.1
7 0.81 13.0 0.81 0.275 6.2 0.81 0.225 6.7
8§ 0.95 13.0 0.98 0.040 6.2 0.97 0.240 5.2
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Table 4 Maximal value of accuracy based on KNN classifier and

length of attributes

R B Hik2 Hi#&3
o Y omx oxe 00 owx oxe U7
1 0.93 16.0 0.95 0.140 5.3 0.95 0.055 6.6
2 0.97 340 0.95 0.020 13.1 0.97 0.010  14.4
3 0.76  24.0 0.75 0.190 9.4 0.77 0.020 9.8
4 0.91 34.0 0.87 0.210 7.6 0.88 0.190  11.9
5 0.8 18.0 0.81 0.005 6.8 0.78 0.160 4.7
6 0.94 10.0 0.94 0.005 5.3 0.94 0.005 5.3
7 0.84 13.0 0.83 0.270 6.9  0.83 0.225 6.7
8 0.98 13.0 0.97 0.040 6.2 0.97 0.225 5.2
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Table 5 Maximal value of accuracy based on CART classifier and

length of attributes

S cE & E k2 Bk 3
P Eg WE ke Z; WE ke :g
1 0.94 16.0 0.95 0.320 4.4 w 0.060 6.6
2 0.94 340 0.96 0.0l0 14.4 0.96 0.005 10.5
3 0.71 24.0 0.72 0. 060 10.7 Q 0.015 9.5
4 0.89 340 0.8 0.040 7.8 0.89 0.230 7.4
5 0.73 18.0 0. 80 0.135 5.0 w 0.005 6.8
6 0.96 10.0 0.96 0.025 5.0 w 0.005 5.3
7 0.76 13.0 0.82 0.170 5.5 0785 0. 145 5.5
8 0.88 13.0 0.92 0.370 4.5 0.90 0.255 5.1
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Table 6 Comparison of stabilities among different reducts

D g1 5k 2 Fk 3
1 0.4067  0.7224  0.4829
2 0.3610  0.4305  0.4034
3 0.4127  0.6603  0.4836
4 0.7178  0.8639  0.9433
5 0.4314  0.8618  0.6138
6 0.3153  0.6127  0.4120
7 0.7034  0.7126  0.7935
8 0.5803  0.8507  0.7899
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