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Estimation of water saturation using seismic attributes and neural network

Bahareh Fereidooni 1, Mohammad Mokhtari 2

! Graduate of Master of Science in Petroleum Exploration Engineering, Shahrood University of Technology
’Director of earthquake prediction center, International Institute of Earthquake Engineering and Seismology

Abstract

The Estimation of water saturation has been carried out in one of the hydrocarbon field in Persian Gulf, aimed at
recognition of area with high potential for hydrocarbon. This has been done by integrating the multiple seismic
attributes and seismic data to estimate the water saturation in the area without well. For this purpose, after
selecting the appropriate attributes using the stepwise regression method, the degree of water saturation in wells
is estimated using the PNN and MLFN neural network methods that correlation coefficients of these two
methods are 0.97 and 0.94, respectively. By choosing the PNN neural network method, the distribution of water
saturation at distances away from the wells is estimated on a 3D seismic data. The results indicate low water
saturation in member of Khatiyah in the Sarvak Formation, which indicates the presence of higher hydrocarbon
in this member.

Keywords: water saturation, multiple seismic attributes, neural network, stepwise regression, correlation
coefficient, 3D seismic
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