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1

ˆMSE(f (x))

 ) 0%10000

n 

  0.3 0.5 0.8 -0.3 -0.5 -0.8 

2
1

  1 1 2 1 1 2 1 1 2 1 1 2 1 1 2 1 1 2 

2
2

  1 2 5 1 2 5 1 2 5 1 2 5 1 2 5 1 2 5 

50 

MLf̂  4.212 2.02 0.43 15 7.16 1.68 370 174 34 4.23 2.15 0.41 16 7.79 1.57 333 174 35 

Hdf̂  7.65 3.3 0.55 11 4.64 0.71 43 18 2.41 7.58 3.19 0.535 11 4.71 0.698 42 18 2.37 

Hff̂  7.8 3.37 0.56 12 4.86 0.75 45 20 2.76 7.73 3.26 0.545 11 4.95 0.738 45 19 2.72 

100 

MLf̂  2.19 1.03 0.22 11 5.26 1.1 291 142 30 2.11 1.15 0.21 10 5.45 1.01 289 146 29 

Hdf̂  6.57 2.74 0.393 9.67 3.95 0.54 40 16 2.11 6.63 2.70 0.383 9.79 3.93 0.532 40 17 2.14 

Hff̂  6.73 2.82 0.41 10 4.22 0.59 43 18 2.58 6.79 2.77 0.396 10 4.21 0.583 43 19 2.61 

200 

MLf̂  1.18 0.629 0.61 8.09 4.18 0.82 296 133 27 1.29 0.59 0.808 8.19 4.13 0.841 269 136 27 

Hdf̂  5.63 2.24 2.27 8.44 3.41 0.43 36 15 1.86 5.62 2.29 0.426 8.402 3.42 0.423 36 15 1.87 

Hff̂  5.80 2.33 2.36 9.07 3.73 0.48 40 17 2.39 5.79 2.37 0.483 9.03 3.74 0.498 40 17 2.40 
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  0.3 0.5 0.8 -0.3 -0.5 -0.8 

2
1

  1 1 2 1 1 2 1 1 2 1 1 2 1 1 2 1 1 2 
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2

  1 2 5 1 2 5 1 2 5 1 2 5 1 2 5 1 2 5 

50 

MLf̂  32 16 3.21 34 17 3.35 33 16 3.21 32 16 3.21 33 17 3.33 32 16 2.99 

Hdf̂  23 11 1.66 30 14 2.17 81 37 6.15 23 11 1.65 30 14 2.18 81 37 6.095 

Hff̂  23 11 1.67 30 14 2.21 80 37 6.27 23 11 1.66 30 14 2.21 81 37 6.22 

100 

MLf̂  34 17 3.40 35 18 3.57 30 15 2.86 34 17 3.38 36 18 3.55 29 15 2.90 

Hdf̂  22 10 1.59 29 13 2.1 78 36 5.92 22 10 1.60 29 13 2.10 78 36 5.90 

Hff̂  22 10 1.61 29 13 2.14 78 36 6.11 22 10 1.61 29 13 2.14 78 36 6.097 

200 

MLf̂  35 17 3.45 36 18 3.63 29 15 2.98 34 17 3.44 37 18 3.64 29 15 2.945 

Hdf̂  21 9.56 1.52 28 13 1.99 75 35 5.64 21 9.59 1.51 28 13 2.01 74 34 5.64 

Hff̂  21 9.61 1.53 28 13 2.05 75 35 5.89 21 9.64 1.53 28 13 2.06 75 35 5.89 
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  0.3 0.5 0.8 -0.3 -0.5 -0.8 

2
1

  1 1 2 1 1 2 1 1 2 1 1 2 1 1 2 1 1 2 

2
2

  1 2 5 1 2 5 1 2 5 1 2 5 1 2 5 1 2 5 

50 

MLf̂  33 16 3.28 35 17 3.48 38 19 3.68 32 16 3.21 35 18 3.479 36 19 3.676 

Hdf̂  25 11 1.86 32 15 2.41 78 37 6.30 24 11 1.84 32 15 2.402 78 37 6.32 

Hff̂  25 11 1.87 32 15 2.43 78 37 6.39 24 11 1.85 32 15 2.426 78 37 6.404 

100 

MLf̂  34 17 3.38 37 18 3.64 38 19 3.80 33 17 3.36 36 18 3.635 38 19 3.847 

Hdf̂  24 11 1.81 30 14 2.33 76 36 6.15 23 11 1.818 30 14 2.337 77 36 6.157 

Hff̂  24 11 1.82 30 14 2.36 76 36 6.29 23 11 1.83 30 14 2.368 77 36 6.295 

200 

MLf̂  34 17 3.40 37 19 3.73 39 20 3.93 34 17 3.40 37 19 3.70 39 20 3.84 

Hdf̂  23 10 1.74 29 13 2.25 74 35 5.96 23 10 1.74 29 13 2.247 74 35 5.938 

Hff̂  23 10 1.75 29 14 2.29 75 35 6.15 23 10 1.75 29 14 2.285 74 35 6.127 
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Abstract: 
 

In this paper we demonstrate three 

methods that deal with multivariate probability 

density estimation. We concentrate on 

Bivariate normal and contamination 

distributions. The comparisons were by using 

of simulation, where we compare three 

estimators (Maximum likelihood, Kernel with 

full bandwidth matrix and Kernel with 

diagonal bandwidth matrix). 

 

 

 

 


