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Summary 
 
Seismic amplitude inversion is an important and 
widely used tool for reservoir characterization which 
has entered into the modern workflow of any 
exploration and development project. 
Most of the seismic inversion techniques are two 
stage process, in which elastic property volumes are 
first generated from seismic inversion and then 
reservoir property volumes are derived either through 
linear/non-linear transformation or co-simulation for 
reservoir characterization.  
Machine learning, especially its subfield of Deep 
Learning, has been quite popular over the years due 
to its many amazing applications in various fields. 
However, its application in petroleum exploration has 
been limited but it has gained a lot of interests in 
recent times. In the present study, machine learning 
techniques were used for the generation of reservoir 
property volumes (Volume of clay ‘Vclay’, Effective 
porosity ‘Φe’, and Water saturation ‘Sw’) in the 
B12/C26 field of Western Offshore, Mumbai, India. 
 
Introduction 
 
The B-12/C-26 gas field is located in the south-
western part of the Tapti- Daman block within the 
Dahanu depression in an average water depth of 30m 
at a distance of about 160 km WNW of Mumbai and 
80 km north of Mumbai High. Tapti-Daman offshore 
block, located in the north-north-eastern part of 
Mumbai offshore basin at the junction of the Cambay 
rift and the Son Narmada Lineament. The basin 
forms a broad syncline rising towards the north 
against the ENE-WSW trending marginal faults and 
in the east towards the NNW-SSE trending basin 
margin, and in the south against the E-W trending 
Diu fault. The western limit of the Tapti-Daman 
block is represented by the Diu arch. The initial 
extension regime during basin formation was 
obliterated by the younger tectonics resulting in the 

combination of high and low as present day structural 
setup in the area. The trans-tensional regime during 
Miocene, most pronounced in the Late Oligocene & 
younger sequences, has given rise to a number of 
structures.  

 
Figure 1: Location and base maps of B12/C26 area. 
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Widening of structures upwards, faults against the 
slope, shifting of crestal point in different levels, 
variable amplitude of the structures are some of the 
observed common features. The clastic reservoirs 
within Daman Formation (Late Oligocene) are the 
major hydrocarbon bearing zones in the area. 
 
Methodology 
A total number of 20 features were selected for the 
learning of the machine which includes Pre-stack 
Seismic data inversion results (P-impedance ‘Zp’, S-
impedance ‘Zs’, and Vp/Vs ratio), seismic data itself 
and 16 number of trace based seismic attributes for 
the estimation of all three reservoir properties, which 
are called as Target variable in the language of 
machine learning. Therefore, the targets were Vcl, 
‘Φe’, and ‘Sw’ being estimated one at a time. 
For the training and validation of the model, 9 
number of wells were considered in which Rock 
Physics Modelling was performed and these wells 
were used in inversion process as well.  
 

Sl. 
No. 

Name of the seismic/ attributes 

1 Stacked seismic data 
2 Amplitude Envelope 
3 Amplitude Weighted Phase & Frequency 
4 Apparent Polarity, Average Frequency 
5 Cosine of Instantaneous Phase 
6 Derivative, Second Derivative 
7 Dominant Frequency 
8 Integrate 
9 Instantaneous Frequency & Phase 

10 Lambda-Rho & Mu-Rho 
11 Zp, Zs, and Vp/Vs 
12 Poisson’s ratio 
13 Quadrature 

Table1: List of seismic inputs  
 
The top of the zone of interest lies in the range of 
1900-2100 ms and the average time thickness of zone 
is 350ms. The seismic data selected for this study has 
bin size of 25mx12.5m and covers an area of 
approximately 400 SKM. All the input data were 
quality checked and prepared in the required data 
format to be read by spyder module in Python. 
Various regression algorithms were tested to decide 
that AdaBoost algorithm is yielding the best results in 
terms of mean squared error (MSE), root mean 

squared error (RMSE), mean average error (MAE), 
and R2 correlation factor in Stratified 10-folds Cross 
validation. It is to be noted that the best model is very 
much dependent of the dataset. In our case, AdaBoost 
yielding is producing best results for all three target 
variables.  
 

Test and Scores 
Model MSE RMSE MAE R2 
AdaBoost 0.0003 0.0177 0.003 0.959 
Random 
Forest 

0.0004 0.0192 0.004 0.951 

kNN 0.0004 0.0197 0.004 0.948 
Tree 0.0008 0.0291 0.005 0.886 
Neural 
Network 

0.0027 0.0516 0.032 0.643 

Linear 
Regression 

0.0726 0.0726 0.033 0.294 

SGD 0.0184 0.1355 0.105 0.078 
SVM 0.3091 0.5559 0.183 -0.205 

Table2: Test and scores for different algorithms in training model 
of Sw. 
 
All the data samples were normalized and 80% of 
them were selected in random manner for training 
and rest 20% data samples were used for testing of 
the model. The results are displayed through 
following figures. 
 

 
Figure 2: Scatter plot for validation of Sw model on training data. 

R2=0.96 
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Figure 3: Scatter plot for prediction using Sw model on test data. 
 
AdaBoost algorithm gives the following test scores 
for target variables Vcl and PHIE. 
 

Test and Scores 
Target MSE RMSE MAE R2 
Vcl 0.0007 0.0266 0.018 0.931 
PHIE 0.0002 0.0114 0.0062 0.922 

Table3: Test and scores for Vcl and PHIE using AdaBoost. 
 

 
Figure 4: Scatter plot for validation of Vcl model on training data. 
 

 
Figure 5: Scatter plot for prediction using Vcl model on test data. 
 

 
Figure 6: Scatter plot for validation of PHIE model on training 
data. 
 

 
Figure 7: Scatter plot for Prediction of PHIE using trained model. 
 

R2=0.986 

R2=0.92 

R2=0.94 

R2=0.92 

R2=0.92 
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Figure 8: Seismic section (IL=2324) passing through well B1 of 
predicted Sw. 
 

 
Figure 9: Seismic section of predicted Vcl passing through an 
arbitrary line. 
 

 
Results and Discussion 
 
Open source tools like python, spyder, and orange 
were used to carry out this study. The 
petrophysical properties predicted through 
machine learning are giving excellent results. 
Predicted results are matching very well at wells. 
The method is very quick and less prone to 
interpreter’s bias.  
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