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An Improved SMOTE Algorithm Based on Probability Density Estimation

Li Tao,Zheng Shang,Zou Haitao, Yu Hualong
(School of Computer Science, Jiangsu University of Science and Technology ,Zhenjiang 212003, China)

Abstract ; Class imbalance problem is one of the main problems in the fields of machine leaming and data mining. To address
this problem,the researchers have proposed lots of methods,in which instance sampling is the simplest,the most effective
and the most used approach. As a popular instance sampling algorithm, SMOTE ( synthetic minority oversampling
technique ) tends to be influenced by the noise instances and has poor generalization ability. To deal with this problem,
an improved SMOTE algorithm which considers the probability density information is presented in this paper. Firstly,
we assume that the instances in each class satisfy Gaussian mixture distribution, hence the Gaussian mixture model is
adopted to estimate the probability density of each instance. Then the noisy instances could be removed by comparing
rankings of the intra-class and inter-class probability density information. Next,the probability density information would be
calculated again on the filtered data set,and then the instances belonging to the minority class could be divided into three
groups as below :boundary,safety and outlier. Finally, for the instances in different group, different SMOTE strategies are
used to generate the new instances. In addition,to further promote the generalization,the neighborhood calculation rule in
SMOTE has also been modified. The experimental results on several binary-class imbalance data sets indicate that the
proposed algorithm is effective and feasible. Moreover, it also shows that the proposed algorithm is significantly better than
multiple previous algorithms.
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Table 1 The data sets used in this paper

T I
KHIAF

e/ S ERRIRA AL A LR e/ S FAHIEER AL A LR
glassl 9 214 2.06 abalone9_18 8 731 16.40
new_thyroid1l 5 215 5.14 haberman 3 306 2.78
vehiclel 18 846 2.90 wisconsin 9 683 1.86
pima 8 768 1.87 ILPD 10 583 2.50
yeast_2_vs_4 8 514 9.08 seeds2v13 7 210 2.00
ecolil 7 336 3.36 vowelO 13 988 10.00
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SN-SMOTE" ") #1 SMOTE-IPF!™*) . 4325 280K F 5t M o FH R SR AL (SVM ,support vector machine ) 7324,
T eREICH A2 1) R B, RS A 538 i A48 R (Grid Search ) 1977 U &

SIS 2R E% A « Intel Core 15-2467M AbFHER ; CPU 451 1.60GHz; NAF 4GB ; #:4/E &2 4t & Windows 7;
ZiFEEABE Matlab2014a.

PDE-SMOTE B35 1A 80 ARYE LI 25 R  20g—I B F SR S A S B M 42—
BEEAN 5,0 5 BB 0.1,A, BUEH 0.8,A, 5 Ay BIAE Dy 0.1, WX T HA AT B TR A S48,
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H F-measure & G-mean 33X 9/~ FH AP REIN BE SR ITH 45 B A Bk O PR RE 7200, AL, o T BLSCH S
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Table 2 F-measure results of various comparison algorithms on the 12 used data sets

Data-set ORI ROS SMOTE BSO1 BS02 SL-SMOTE SN-SMOTE SMOTE-IPF PDE-SMOTE

glass] 0.5929+0.0482  0.607 2+0.013 6  0.633 8£0.0208  0.625 7+0.0139  0.634 8+0.015 1 ~ 0.622 4£0.033 7 0.635 7+0.006 2  0.637 6+0.022 3  0.644 1+0.008 0
new_thyroidl  0.905 9+0.036 5 0.941 820.014 0 0.893 8+0.020 7  0.901 3+0.021 5 0.860 6+0.035 9  0.865 9£0.040 2 0.903 4+0.0339  0.906 5+0.014 8  0.921 8=0.006 6
vehiclel  0.440 4£0.021 4  0.655 5£0.0102  0.662 9+0.0012  0.673 6+0.0053  0.622 5£0.006 7  0.659 6+0.0122 0.664 8+0.013 5  0.658 5£0.001 8  0.672 1+0.015 8
pima 0.617 1£0.009 1 0.631 3+0.007 0  0.645 1x0.006 5  0.634 8+0.008 5 0.637 7+0.004 0 0.645 9+0.020 0 0.641 4£0.001 7  0.627 2+0.009 4  0.663 1+0.002 2
ecolil 0.750 9+0.018 0 0.778 1+0.014 7  0.753 8+0.004 6  0.757 0+0.0020  0.758 0+0.021 2 0.774 70.008 6  0.786 7+0.0123  0.757 1+0.006 1 ~ 0.789 1+0.016 0
yeast 2 vs_4 0.744 4+0.031 1  0.731 6£0.021 4  0.728 7+0.0140  0.703 3£0.0129  0.703 3£0.0129  0.791 4+0.0428 0.768 1+0.024 5 0.745 9£0.016 6  0.783 5£0.021 0
abalone9_18  0.138 0+0.030 1  0.404 5£0.027 6  0.408 80.013 8 0.447 1+0.013 1  0.101 6+0.053 6 0.391 60.009 1  0.389 3+0.030 7 0.446 0+0.0172  0.416 0£0.027 5
haberman ~ 0.225 5£0.016 3 0.466 8+0.0127 0.458 7+0.011 5 0.464 60.017 5  0.301 2+0.028 8  0.4559+0.0253  0.441 2+0.011 5  0.460 5+0.009 5  0.478 7+0.025 4
wisconsin 0947 3£0.000 9 0.955 4+0.0019  0.950 3+0.000 2 0.953 3x0.002 6  0.953 1+0.0002  0.956 7+0.001 4  0.955 4+0.000 3  0.951 3+0.002 7  0.962 5+0.001 9
ILPD 0.010 0£0.005 4  0.557 6+0.005 1  0.524 6+0.002 8 0.539 4+0.011 1 0.445 4+0.0199  0.5322+0.002 8 0.451 2£0.0252 0.549 3+0.006 3  0.556 5+0.004 9
seeds2vl3  0.955 4£0.001 4  0.9554+0.0029 0.949 0+0.007 1  0.950 1£0.003 4  0.955 4+0.0029 0.964 6+0.006 2 0.951 4£0.0029  0.955 4+0.006 5 0.959 4+0.006 5
vowel0  0.978 9+0.008 6  1.000+0.0000  1.000£0.0000  1.000+0.000 0  0.949 5+0.034 7 0.978 9£0.007 0  0.964 5+0.007 2 0.974 7+0.0025  1.000+0.000 0

®3 BILEBREEE 12 MBEE LR G-mean M EE

Table 3 G-mean results of various comparison algorithms on the 12 used data sets

Data-set ORI ROS SMOTE BSO1 BS02 SL-SMOTE SN-SMOTE SMOTE-IPF PDE-SMOTE

glass] 0.663 9+0.0354 0.6819+0.014 5 0.709 1£0.0174 0.708 8+0.011 5 0.723 0+0.0124  0.720 0£0.0322 0.711 9+0.0072 0.718 5£0.023 0  0.720 9+0.012 7
new_thyroidl  0.917 7£0.0312  0.950 7+0.013 9 0.903 8+0.003 4  0.919 3+0.0024 0.910 9+0.027 8  0.881 0£0.037 5  0.927 3+0.026 0 0.981 2+0.001 0 0.957 6=0.013 7
vehiclel  0.553 6£0.016 5 0.792 4£0.0092 0.801 7+0.001 0 0.814 0£0.003 9  0.752 1+0.005 5 0.7852+0.0109 0.784 6+0.0123  0.795 90.001 1  0.809 4+0.014 1
pima 0.693 3+0.007 6 0.729 0+0.006 4  0.724 2+0.004 2 0.740 0£0.006 9  0.717 1+0.004 5 0.671 1x0.014 8  0.720 1£0.002 7  0.709 4+0.009 0  0.739 4+0.001 7
ecolil 0.809 0+0.020 4  0.855 8+0.008 5 0.865 5£0.006 7  0.864 9+0.007 3  0.853 7x0.019 8  0.865 0£0.009 4 0.857 2+0.013 1  0.874 7+0.004 7 0.888 6=0.005 3
yeast_2_vs_4 0.8329+0.0229 0.8894+0.014 1  0.886 8+0.0130 0.892 30.014 3  0.892 3+0.014 3  0.8924+0.033 8 0.8727x0.011 5  0.909 8+0.014 8  0.899 9+0.005 9
abalone9_18 0.2156+0.040 6  0.7534£0.023 6  0.751 0£0.003 1  0.799 2+0.018 8 0.1524+0.086 0  0.652 4£0.007 7 0.701 8+0.027 1  0.756 3+0.0158  0.770 1+0.029 2
haberman ~ 0.371 8£0.017 7  0.588 3+0.014 9  0.609 8+0.0142  0.613 620.0193  0.446 3£0.023 1  0.624 4+0.036 5 0.599 8+0.007 2  0.601 9£0.014 8  0.635 8+0.022 7
wisconsin ~ 0.969 7+0.000 9  0.969 5£0.001 4  0.967 5£0.000 5 0.970 6+0.001 3  0.967 5+0.000 5 0.967 7+0.001 2 0.968 6+0.000 8  0.967 4+0.001 5 0.972 2:0.002 1
ILPD 0.0327+0.0162  0.6312+0.006 5 0.632 5£0.003 4 0.648 1+0.0133  0.585 6+0.016 6  0.632 5£0.006 2  0.632 3+0.0226  0.667 7+0.006 2 0.668 8=0.002 6
seeds2vl3 0964 4:0.002 6 0.968 3+0.000 8 0.964 7£0.004 0 0.962 5£0.001 8  0.958 3+0.000 8  0.969 6+0.003 3  0.968 3+0.000 8  0.968 3+0.000 7  0.970 3+0.000 7
vowel0  0.9799+0.0082  1.000+0.0000  1.000£0.0000  1.000+0.000 0  0.9529+0.0304 0.979 9£0.006 6 0.997 8+0.0003 0.998 3+0.000 3 1.000+0.000 0
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