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Mutual information estimation based on Copula entropy

HAN Min', LIU Xiao-xin
(Faculty of Electronic Information and Electrical Engineering, Dalian University of Technology, Dalian Liaoning 116023, China)

Abstract: Mutual information is commonly used in the measure of dependency between variables. However, in the
estimation of mutual information, the estimation of joint probability density function is always a hard problem. To avoid
the estimation of joint probability density function and to improve both the effectiveness and efficiency of the estimation
of mutual information, we propose a novel mutual information estimation method based on the entropy of the Copula
density function. The estimation of mutual information is transformed into the estimation of Copula entropy by taking
advantages of their relationships. Parameter estimation method based on Kendall’s rank correlation coefficient is used for
the estimation of the parameters in Copula function. The proposed method is compared with the following four methods:
histogram method, kernel method, & nearest neighbor method and maximum likelihood method. Simulation results on the

two dimensional Gaussian distribution data substantiate the effectiveness and efficiency of the proposed method.
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Table 1 Comparison of absolute errors for mutual information estimation
based on four different Copula functions
PearsonfX % %( Gaussian Copula Clayton Copula Frank Copula Gumbel Copula
0.0000 1.3096e-005 1.9074e-004 0.0002 0.0017
0.1000 0.0004 0.0073 0.0027 0.0140
0.2000 0.0001 0.0107 0.0012 0.0208
0.3000 0.0032 0.0081 0.0116 0.0292
0.4000 0.0025 0.0186 0.0204 0.0305
0.5000 0.0021 0.0226 0.0318 0.0389
0.6000 0.0054 0.0398 0.0545 0.0442
0.7000 0.0058 0.0468 0.0711 0.0521
0.8000 0.0127 0.0329 0.1144 0.0500
0.9000 0.0245 0.0989 0.0947 0.0626
k2 BAZAAE I B s Rrdt
Table 2 Comparison of estimated results for different mutual information estimation methods
Pe\arso‘r/l i HOE BOrE KNN *LU‘( Gaussian  Clayton
A HREL I3 AT i#ki%L  Copula  Copula
0.0000 0.0000 0.0029  0.0096 0.0161 0.0000 0.0000 0.0002
0.1000 0.0050 0.0120 0.0153 0.0156  0.0000 0.0054 0.0123
0.2000 0.0204 0.0285 0.0281 0.0264 0.0172 0.0205 0.0311
0.3000 0.0472 0.0608 0.0594 0.0378 0.0398 0.0440 0.0553
0.4000 0.0872 0.1091 0.1005 0.0962 0.0841 0.0847 0.1058
0.5000 0.1438 0.1865 0.1586 0.1422 0.1345 0.1459 0.1664
0.6000 0.2231 0.2677 0.2381 0.2240 0.2091 0.2177 0.2629
0.7000 0.3367 0.3954 0.3544 0.3472 0.3064 0.3425 0.3835
0.8000 0.5108 0.5686 0.5200 0.5218 0.4642 0.5235 0.5437
0.9000 0.8304 0.8515 0.8313 0.8314 0.8048 0.8059 0.9293
1.0 . . . . 0.10 . . . .
— M s
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Fig. 1 Comparison of estimated curves for different mutual

information estimation methods
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5 45 (Conclusions)
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