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Abstract With the development of the Internet and Internet of Things technologies,data collection has become easier. However,
it is necessary to reduce the dimensionality of high-dimensional data. High-dimensional data contain many redundant and unrelated
features, which will increase the computational complexity of the model and even reduce the performance of the model. Feature se-
lection can reduce the computational cost and remove redundant features by reducing feature dimensions to improve the perform-
ance of a machine learning model,and retain the original features of the data,with good interpretability. It has become one of im-
portant data preprocessing steps in machine learning. Rough set theory is an effective method which can be used to feature selec-
tion. It preserves the characteristics of the original features by removing redundant information. However,it is difficult to find the
global optimal feature subset by using the traditional rough sets-based feature selection method because the cost of computing all
feature subset combinations is very high. In order to overcome above problems,a feature selection method based on rough sets and
improved whale optimization algorithm was proposed. An improved whale optimization algorithm was proposed by employing poli-
tics of population optimization and disturbance so as to avoid local optimization. The algorithm first randomly initializes a series of
feature subsets,and then uses the objective function based on the rough sets attribute dependency to evaluate the goodness of each
subset. Finally, the improved whale optimization algorithm is used to find an acceptable approximate optimal feature subset by it-
erations. The experimental results on the UCI dataset show that the proposed algorithm can find a subset of features with less in-
formation loss and has higher classification accuracy when the support vector machine is used as the classifier for evaluation.
Therefore. the proposed algorithm has a certain advantage in feature selection.
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Table 3 Comparison of classification accuracy of feature subsets

| N FARCF FSARSR PSORSFS FSRSWOA

R Best Avg Best Avg Best Avg Best Avg
200 0.8727 0.8586 0.9127 0.8729 0.9118 0.8733 0.9118 0.8742
wine 0.5395 0.5143 0.9775 0.8924 0.9716 0.8983 0.9778 0.9121
spectfheart 0.7944 0.7940 0.7953 0.7941 0.7977 0.7940 0.8023 0.7944
vehicle 0.2778 0.2519 0.6550 0.6079 0.6844 0.6160 0.6972 0.6362
bands 0.6471 0.6373 0.6354 0.6303 0.6525 0.6339 0.6440 0.6325
flare 0.7505 0.7465 0.7533 0.7454 0.7524 0.7460 0.7533 0.7468
tic-tac-toe — — 0.8299 0.7776 0.8310 0.7628 0.8298 0.8038
vote 0.9587 0.9564 0.9589 0.9563 0.9592 0.9565
breast-cancer 0.7107 0.7038 0.7156 0.7023 0.7134 0.7022 0.7163 0.7041
mushroom 0.9972 0.9972 1.0000 0.9948 0.9986 0.9921 1.0000 0.9954
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Table 4 Sorting results of performance of algorithms on

4.3

(QVD)

different datasets

. FARCF FSARSR PSORSFS FSRSWOA
; Best Avg Best Avg Best Avg Best Avg
200 4 4 1 3 3 2 2 1
wine 4 4 2 3 3 2 1 1

spectf-heart 4 3.5 3 2 2 3.5 1 1
vehicle 4 4 3 3 2 2 1 1
bands 3 1 4 4 2 3 1 3

flare 4 2 2 4 3 3 1 1
tic-tac-
4 4 2 3 1 2 3 1
toe
vote 4 4 3 2 2 3 1 1
breast-
4 2 2 3 3 4 1 1
cancer
mush-
1 1 1.5 3 3 1 1.5 2
room
average _
1 3.9000 2.9500 2.3500 3.0000 2.4000 2.8500 1.3500 1.3000
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