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Summary 

 

Stochastic inversion has been employed  to the post-

stack seismic data using fractal-based initial model to 

enhance the resolution by integrating with high 

resolution well log data. A synthetic initial model of 

reflectivity series has been developed using statistical 

parameters like mean, standard deviation and the 

Hurst coefficient of well log data. Further, the initial 

model is globally optimized using Genetic algorithm 

with reflectivity series obtained from both seismic 

and well log data simultaneously. The final synthetic 

reflectivity series of three CDPs (1661, 1662 and 

1663) adjacent to well log (at CDP 1662) show high 

correlation and less error, exhibiting the  higher 

frequency components or enhanced resolution. 

 

Introduction 

 

Inversion of seismic data plays a vital role in 

reservoir characterization. The reflectivity series 

derived from low frequency seismic section has very 

poor resolution as the high frequency content gets 

attenuated. On the other hand, well log data have 

high vertical resolution, but lacks horizontal 

resolution. And due to the high cost of drilling, well 

log data are limited. Thus, a stochastic inversion to 

integrate seismic and well data to produce higher 

resolution seismic data helps in reservoir 

characterization (Srivastava et al., 2010). 

 

Theory and Method 

 

The whole exercise has been carried out on the 2D 

seismic reflection data and well log data of NGHP-

01-9A well in the Mahanadi offshore basin (Sain et. 

al., 2012) (Figure 1). Workflow given in Figure 2 has 

been followed. The Post-stack seismic data has been 

used in our study. Statistical deconvolution on the 

seismic data has been used to find the reflectivity 

series. The reflectivity series has been calculated 

using the sonic and density log data. The log data 

provides high frequency content.  

 

 
Figure 1. Seismic section of Mahanadi Basin 

 

Computation of the mean, variance, and the Hurst 

coefficient of the reflectivity series has been done 

from the log data.The Hurst coefficient is the scaling 

exponent for the power law (scaling) behavior which 

is followed by power spectrum, variogram and 

covariance of well logs (Hewett, 1986; Emanual et 

al., 1987; Hardy, 

1992; Dimri, 2000; Dimri, 2005). Several methods 

are available for computing the Hurst coefficients 

(Caccia et al., 1997; Turcotte, 1997; Chamoli et al., 

2007). To compute the Hurst coefficient, R/S analysis 

(Hurst et al. 1965) was used.  

Initial synthetic reflectivity series is created by 

generating random numbers, keeping the mean and 

variance same as the reflectivity series obtained from 

the well log data. This synthetic reflectivity series is 

then globally optimized using the genetic algorithm 

(Sen, Stoffa, 1995) with both the reflectivity series 

obtained from seismic data at each CDP and well log 

data simultaneously. 

 

The objective function for the optimization is: 

 

E = a*Σ| dobs - dcal| + b*Σ|µobs - µcal| + c*Σσobs - σcal| + 

 d*Σ|Hobs - Hcal| 
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Figure 2. Computational Workflow 

 

where dobs, µobs, σobs, Hobs are the reflection coefficient 

obtained from seismic section, mean, standard 

deviation and Hurst coefficient from well log data. 
dcal, µcal, σcal, Hcal are reflection coefficient, mean, 

standard deviation and Hurst coefficient from 

synthetic reflectivity series. The values a, b, c and d 

are weighting factors, |.| represents absolute data 

value and the sum is over the number of data points. 

For optimization problem, a, b, c and d are obtained 

by trial and error. 

 

Results 

 

After having applyed the stochastic inversion to the 

2-D seismic data (Figure 3(a)), we generate a high 

frequency reflectivity section (Figure 3(b)).  

 

High correlation coefficient is found between well 

log data at CDP 1662 (Figure 4) and synthetic 

reflectivity series for three adjacent traces of CDP 

1661 (Figure 5a), 1662  (Figure 5b), 1663  (Figure 

5c) respectively using above given methodology. 

 

 
Figure 3 (a). Wiggle plot of original reflectivity 

section 

 

 
 

Figure 3(b). Wiggle plot of reflectivity section after 

stochastic inversion of poststack seismic data using 

fractal-based initial model 
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Table 1: Absolute Error of mean, variance and Hurst 

coefficient and Correlation Coefficient between 

Synthetic reflectivity series trace and reflectivity 

series trace from well log. 

 

 

-

 
Figure 4. Original Reflectivity Series of well log at 

CDP 1662 

 
Figure 5 (a) Reflectivity series of output trace 1 at 

CDP 1661 

 
Figure 5 (b) Reflectivity series of output trace 2 at 

CDP 1662 

 
Figure 5 (c) Reflectivity series of output trace 3 at 

CDP 1663 

 

Conclusions 

 

We have got  high correlation and low error between 

the synthetic reflectivity series and well log data. 

Stochastic inversion of post-stack seismic data using 

fractal-based initial model helps in increasing the 

resolution of seismic section by incorporating higher 

frequency content from well log data. Thus, this 

approach  helps for  detecting and delineating thinner 

spacial reservoir units.  

 

References 
 

Caccia, D.C., Percival, D., Cannon, M.J., Raymond, 

G. and Bassingthwaighte, J.B., 1997. Analyzing 

exact fractal time series: evaluating dispersional 

analysis and rescaled range methods. Physica A: 

Statistical Mechanics and its Applications, 246(3-4), 

pp.609-632. 

 

Chamoli, A., Bansal, A.R. and Dimri, V.P., 2007. 

Wavelet and rescaled range approach for the Hurst 

coefficient for short and long time series. Computers 

& Geosciences, 33(1), pp.83-93. 

 

 Absolute 

Error 

Correlation 

Coefficient 

Trace 1 (CDP 

1661) 

0.0571 0.9968 

Trace 2 (CDP 

1662) 

0.0730 0.9953 

Trace 3 (CDP 

1663) 

0.0801 0.9984 



Stochastic inversion of Post-stack seismic data using fractal-based initial model 

 

Dimri, V.P., 2000. Fractal dimension analysis of soil 

for flow studies. Application of fractals in earth 

sciences: AA Balkema, pp.189-193. 

 

Dimri V.P., 2005. Fractals in Geophysics and 

Seismology: An Introduction. In: Dimri V.P. (eds) 

Fractal Behaviour of the Earth System. Springer, 

Berlin, Heidelberg. 

 

Emanuel, A.S., Alameda, G.K., Behrens, R.A. and 

Hewett, T.A., 1989. Reservoir Performance 

Prediction Methods Based on Fractal Geostatistics 

(includes associated papers 20011 and 20158). SPE 

Reservoir Engineering, 4(03), pp.311-318. 

 

Hardy, H.H., 1992. The fractal character of photos of 

slabbed cores. Mathematical Geology, 24(1), pp.73-

97. 

 

Hewett, T.A., 1986, January. Fractal distributions of 

reservoir heterogeneity and their influence on fluid 

transport. In SPE Annual Technical Conference and 

Exhibition. Society of Petroleum Engineers. 

 

Hurst, H.E., Black, R.P. and Simaika, Y.M., 1965. 

Long-term storage: Constable. London, United 

Kingdom. 

Sain, K., Ojha, M., Satyavani, N., Ramadass, G. A., 

Ramprasad, T., Das, S.K. and Gupta, H.K., 2012. Gas 

hydrates in Krishna-Godavari and Mahanadi basins: 

new data. Journal of Geological Society of India, 79, 

553-556. 

 

Sen, M. K., and Stoffa, P.L., 2013. Global 

optimization methods in geophysical inversion. 

Cambridge University Press. 

 

Srivastava, R.P. and Sen, M.K., 2010. Stochastic 

inversion of prestack seismic data using fractal-based 

initial models. Geophysics, 75(3), pp.R47-R59. 

 

Turcotte, D.L., 1997. Fractals and chaos in geology 

and geophysics. Cambridge university press. 

 

 

 

 

 


