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Input Data Attribute Train. Error | Valid Error | u  Redlog curve: Predicted GR log
TargetLog I _ Initial 3D Volumes P-impedance 22 1 29 5 GR (API) x{ig
P-Impedance Correlation =93%
GR Logs at Spectral Components RA Quadrature ) -
19 Wells ST(EZE e Relative Impedance(RA) | Coherent Energy Relative Acoustic 20.5 21.0 Error=11 API
Vp/VS N Imp. 300
!v Sweetness 20.0 20.5
Multi Attribute Stepwise Linear Regression Quadrature 19.5 20.2
Decide convolution operator length & number of attributes
I, S-impedance 19.2 20.1
. Vp/Vs 18.5 19.5
Train Neural Network (PNN) i T il
i' Coherent Energy 18.2 19.3 Actual Gamma Ray L
Apply Trained Neural Network on Volume I Spectral Mag 20Hz 18.1 19.4 Figure 4: DiSl‘I’ibUl‘iOI? of Wells. used for Figure 5: The plot showing actual (well log) vs Figure 6 Wells showing | . . . o . | . . i
', Figure 3: Table showing training and validation neural network analysis, approximate area predicted gamma ray, the high correlation  gamma ray logs obtained in Figure 8: A: In the lower Barnett high gamma ray values are possible zones of high TOC, indicated by orange to red in the figure; relatively low gamma zones are areas of high frackability. Hence, wells are
Validation error; with 7 attributes the validation error is min-  of study 30 sq. miles. indicates good prediction. neural net validation needed to be placed in the zones with relatively low gamma ray, and are closely associated with high gamma ray, so that the fracture can be initiated in the rock drilled and then fractures can propagate into
c e orediction at wells not used in traini imum. the high TOC zones so that the well can produce hydrocarbon.
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e Few attributes like Instantaneous Phase. were avoided. moderate gamma ray (Silica rich) shale , the correlation can is indicated by arrow pointing high gamma ray( high TOC) value shale.
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gamma ray volume from seismic attributes. e Correlation obtained Multi attribute analysis was 82 % with 7 attributes shown in the Figure 3.
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Figure 7: Gamma ray section over arbitrary line (on map view) passing through wells, the wells highlighted with yellow arrow (well B , well E and Well F) were not used in neural CODCIUSIOHS and leltatlonS:
network analysis at any stage. A very good match can be seen with actual gamma ray log and the predicted gamma ray volume. « Gamma ray can be related to frackability (or brittleness index); high silica rich facies has high Bl, and high TOC shale is more ductile.
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