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Abstract

In this research, we have developed ensemble combination of ANNs for prediction of neutron log in
Kangan zone of South Pars field. 5 simple three-layer back-propagation ANNs, which in a long trial and
error process had best generalization performance, were selected to establish ensemble combination
systems. By using two methods, simple averaging and MSE-OLC algorithm, 26 possible ensemble
combinations of this 5 networks were made. Their results were compared with the results of the best
individual network. Best ensemble combination reduced MSE to 12.8 % in the generalization process
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No. | Ensemble |“:Method (T:‘;ill/;)l)lg) (Tll'\;[ii]izng) (V;li(d:;i)on) (Vall\i/{lsal;:ion) in MSE of
validation
1 34 MSE-OLC 93.03 4.9830 87.72 5.1293 11.6 %
’ averaging 93 5.0188 87.72 5.0588 12.8 %
) 234 MSE-OLC 93.13 4.9127 87.56 5.2386 9.7%
o averaging 92.49 5.3756 86.90 5.2944 8.8 %
3 123.4 MSE-OLC 93.32 4.7856 87.49 5.2629 9.3 %
T averaging 92.02 5.6928 86.63 5.3744 7.4 %
4 12345 MSE-OLC 94.06 4.2688 86.55 5.5238 4.8 %
e averaging 92.77 5.1867 86.91 5.2726 9.1 %
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