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Spectral feature selection based on feature correlation

HU Minjie, LIN Yaojin, YANG Honghe, ZHENG Liping, FU Wei
(School of Computer Science, Minnan Normal University, Zhangzhou 363000, China)

Abstract; In the traditional spectrum feature selection algorithm, only the importance of single features are
considered. In this paper, we introduce the statistical correlation between features into traditional spectrum analysis
and construct a spectral feature selection model based on feature correlation. First, the proposed model utilizes the
Laplacian Score to identify the most central feature as the selected feature, then designs a new feature group
discernibility objective function, and applies the forward greedy search strategy to sequentially evaluate the
candidate features. Then, the candidate feature with the minimum objective function is added to the selected
features. The algorithm considers both the importance of feature as well as the correlations between features. We
conducted experiments on two different classifiers and eight UCI datasets, the results of which show that the
algorithm effectively improves the classification performance of the feature subset and also obtains a small number of
feature subsets with high classification precision.

Keywords: feature selection; spectral feature selection; spectral graph theory; feature relevance; discernibility;

search strategy; Laplacian score;classification performance
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Fig.1 The characteristics and the sample distribution

consistency schematic diagram
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Table 1 Experimental data description

LGS FEAKL FHIERL Fn %L
AC 690 14 2
crx 690 15 2
heart 270 13 2
ICU 200 20 3
rice 104 2
Ve 137 2
wpbc 198 33 2
700 101 17 7
32 ERERSH
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KIG 1 4 T BRSSO e 2
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Table 2 Classification accuracies of feature selection with different algorithms based on KNN %

IR SPFC Laplacian CFS ChiSquare FCBF NRS Relief
AC 86.1(3.0) 84.7(4.4) 84.7(4.4) 86.6(3.1) 84.7(4.4) 85.2(4.8) 84.7(4.1)
erx 83.8(1.7) 84.0(1.6) 83.4(1.7) 83.1(1.7) 83.4(1.7) 84.3(1.7) 84.4(1.8)
heart 82.6(6.4) 84.0(4.2) 82.5(5.8) 84.0(4.3) 82.5(3.9) 80.0(8.7) 75.9(7.5)
ICU 92.1(2.3) 91.5(3.3) 91.5(3.3) 91.5(3.3) 91.5(3.3) 89.9(6.1) 81.3(3.0)
rice 82.7(10.0) 76.9(11.0) 76.9(11.0) 76.9(11.0) 76.9(11.0) 81.6(10.3) 78.9(11.4)
Ve 75.8(12.4) 75.8(12.4) 75.8(12.4) 75.8(12.4) 75.8(12.4) 72.1(3.7) 70.7(1.6)
wpbe 74.6(9.2) 74.6(9.2) 70.5(11.11) 70.5(11.11) 70.5(11.11) 73.6(9.3) 67.4(13.6)
700 91.4(7.5) 91.4(7.5) 90.5(10.5) 86.1(8.7) 89.6(8.5) 74.3(10.0) 87.2(10.0)

FEE 83.64 82.86 81.98 81.81 81.86 80.13 78.81
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Table 3 Classification accuracies of feature selection with different algorithms based on CART %
B SPFC Laplacian CFS ChiSquare FCBF NRS Relief
AC 84.2(4.5) 83.6(3.3) 82.6(7.3) 81.1(4.5) 82.4(7.5) 83.4(4.7) 80.5(4.0)
crx 83.9(16.9) 82.0(13.4) 80.1(14.4) 79.5(13.6) 79.9(14) 82.4(15.4) 80.1(12.8)
heart 81.1(7.9) 76.3(6.8) 77.0(6.9) 76.6(7.4) 77.7(7.4) 75.1(9.2) 77.7(7.8)
ICU 92.1(2.3) 90.5(7.9) 90.5(7.9) 90.5(7.9) 90.5(7.9) 85.3(17.5) 92.6(2.3)
rice 83.9(9.4) 83.9(9.4) 83.0(10.0) 83.0(10.0) 83.0(10.0) 82.0(11.7) 80.8(7.5)
Ve 70.6(10.7) 70.6(10.7) 70.6(10.7) 70.6(10.7) 70.6(10.7) 68.7(11.5) 70.7(1.5)
wpbc 73.2(8.8) 69.0(12.9) 72.6(9.5) 72.6(9.5) 72.6(9.5) 67.0(8.4) 64.4(20.3)
700 96.9(9.8) 96.9(9.8) 93.6(10.1) 88.6(10.2) 89.6(8.5) 84.3(6.9) 87.7(10.5)
S 83.24 81.6 81.25 80.31 80.79 78.53 79.31
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Table 4 Different algorithms under the two classifiers the mean of sorting table
B tE SPFC Laplacian CFS ChiSquare FCBF NRS Relief
KNN 2.13 3.13 4.44 4.06 4.56 4.38 5.31
CART 1.63 3.44 3.81 4.81 4.13 5.63 4.44
CD [3] ZHANG C, ARUN K, CHRISTOPHER R. Materialization
6 5 4 3 2 1 optimizations for feature selection workloads[J]. ACM
Relief = |I i —— lSPFC transactions on database systems, 2016, 41(1); 2.
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FCeBE AE3E 48 50 3% (). 9 R 4% #2015, 10 (2):
(a) KNN 732688 215-220.
CD CAO Jin , ZHANG li, LI Fanchang . A feature selection
? i5 L} 3] l2 I1 algorithm based on support vector data description [ J].
) 1 1 || 1 | 1 ) ) )
R%J 1 CAAI transactions on intelligent systems, 2015, 10(2):
NRS ;Lap aPcFign
ChiSquare CES 215-220 .
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(b) CART 4328
2 7£ KNN #1 CART 4328 SPEC 5EME Xm0t

Fig.2 SPEC compared with other algorithms Under

the CART and KNN classifier
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2017 Workshop on SAR in Big Data Era: Models,
Methods and Applications

During the last decade a series of SAR satellites has been launched, including Chinese Gaofen-3, providing great
amount of SAR data with varied modes to meet the varieties of applications. It becomes a challenge to retrieve information
from these big data. The main objective of this workshop is to share models, methods and applications of SAR data
exploration in the big data era.

The workshop includes different subjects, such as big SAR data modeling, large-scale intelligent SAR processing,
SAR applications in big data frameworks. It will feature keynote presentations by distinguished researchers on this topics,
most of them are IEEE GRSS members.

Website ; http : //www.radi.ac.cn/BIGSARDATA2017/



