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ABSTRACT : The use of genetic algorithms for solving geophysical inverse problems has become popular because of the
availability of high performance computers. AVA (Amplitude variation with angle) inversion is increasingly used in oil and gas
industry for estimation of elastic parameters from prestack seismic data. In this article we present an inversion algorithm based
upon real coded genetic algorithm (RCGA) for estimating compressional and shear wave velocities and densities from angle gathers.
The forward modeling uses the concept of elastic impedance for calculation of synthetic angle gathers. The starting model for
inversion is derived from the velocity analysis on CMP gathers. The CMP gather is converted to angle gathers for comparison of
observed and synthetic data. A one-dimensional variation of elastic parameters is assumed at the given CMP location. The
usefulness of the algorithm is demonstrated by applying it to some complex synthetic data sets. Parallel implementation of the
code is carried out on teraflop computer of Centre for Development of Advanced Computing (C-DAC), called PARAM Padma.

INTRODUCTION

Many geophysical inverse problems are nonlinear
optimization problems. Therefore, local optimization
techniques e.g. generalized linear inversion, steepest descent
etc. do not provide a satisfactory solution since they normally
converge  to  a local  minima, depending upon the choice of
the starting model. Global optimization methods, like Genetic
Algorithms are therefore suitable for solving these problems.

Amplitude variation with offset (AVO) analysis is
commonly and increasingly used in the oil industry for direct
detection of hydrocarbons (Sen and Stoffa 1992, Castagna
and Smith 1994, Mallick  1995, Cambois 2000). The amplitude
information contained in the prestack seismic records can be
directly related to lithology. Structural details of the subsurface
can be obtained by the migration of seismic data. However to
estimate the physical properties of the geological formations
a seismic inversion method is necessary.  Inversion of
geophysical data to obtain material properties is critical for
increasing our quantitative understanding of geologic
structures and lithology and has direct application in
hydrocarbon exploration and exploitation. Seismic waveform
inversion seeks to determine compressional wave (P-wave)
velocity, shear wave (S-wave) velocity and density by
minimizing the differences between observed and synthetic
seismic data based on proposed subsurface structures and a
particular type of wave propagation.

A typical inversion algorithm begins with an initial
estimate of the structure of the subsurface and of seismic

velocities and densities of the layers. Synthetic data are then
generated by a forward modeling algorithm and is compared
with the observed data. Structural information, velocities and
densities are then updated using some preset criterion. The
new model parameters are then used to generate new synthetic
data. This iterative process of updating the model parameters,
generating synthetic data and comparing it with the observed
data continues until there is a good match between the
observed data and the synthetic data. Modeling algorithms
use more than 90 percent of the CPU time in an inversion run.
Fast and efficient modeling algorithms are therefore necessary
for generating synthetic seismograms. In this paper we cast
the AVA inversion in terms of a global nonlinear optimization
problem and use genetic algorithm for its solution. The method
is then applied to a synthetic data set consisting of a large
number of layers. For speed and efficiency the inversion
algorithm is implemented on a distributed memory parallel
computer.

FORWARD MODELING

The calculation of synthetic data for each
chromosome or model of the population in each generation is
required for the evaluation of the fitness function. A fast and
efficient algorithm is necessary for this purpose because more
than 90 percent of the computational time is spent in forward
modeling calculations. For inversion of AVA data we have
implemented a forward modeling algorithm based upon the
concept of elastic impedance proposed by Connolly (1999).
With this formulation the elastic impedance at each interface
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is calculated as a function of the angle of incidence. The
resulting elastic impedance series for each angle is convolved
with the source wavelet to get an angle gather section. Within
the limitations of the elastic impedance theory, this technique
provides us a fast and efficient way to calculate synthetic
data.

GENETIC ALGORITHM

In setting up a Genetic Algorithm (Goldberg 1989),
one must first make a choice for parameter representation and
genetic operators. This choice is problem dependent. The
two choices available for parameter representation are binary
coding or real coding. Recent results have shown that real
coded genetic algorithms outperform the binary coded
algorithms in most applications (Boschetti, et al., 1996, Qing,
et al., 2001). Therefore, a real coded genetic algorithm was
implemented. Here an individual is represented by an array of
real values, which in the application presented here
corresponds to compressional wave velocity, shear wave
velocity, density and thickness for each layer. The first step is
to define a search width for each of the model parameters,
which can be obtained from a priori information. Each model is
represented by a string of real numbers called chromosome.
At the start a finite population of chromosomes are generated
at random. Using forward modeling procedure the synthetic
data is generated for each chromosome / model of the
population and a fitness function is evaluated. Then three
operators of GA namely, selection, crossover and mutation
are applied to the population in a sequence and the population
is modified.

The genetic algorithm involves three basic operators
corresponding to the biological processes of selection,
crossover and mutation. Selection involves the choice of the
individuals for the generation of offspring. It produces an
intermediate population in such a way so that the individuals
with higher fitness usually have a greater chance of
contributing copies to the intermediate population.
Researchers have proposed a number of selection mechanisms
in GA literatures. Here, we have adopted the tournament
selection, which is very simple as well as very efficient.

Crossover is the method of combining (mating) two
individuals to produce an offspring. The crossover operator
is believed to be the main search operator in the working of a
genetic algorithm as an optimization tool. The purpose of a
crossover operator is two-fold. Initial random strings
representing the problem variables must be searched

thoroughly in order to create good strings. Thereafter, good
portions of these strings must be combined together to form
better strings. A number of crossover operators exist for real
coded genetic algorithm in the literature; however the search
power to achieve both the above aspects differs from one
crossover to another. Here, in this case, we have used the
blend crossover (BLX-α , α=0.5) operator suggested by
Eshelman and Schaffer (1993).

Mutation is the random changing of some
individuals within the population by altering one or more
variables, called genes, of a selected chromosome or model so
as to increase the diversity in the population. The role of
mutation in GA is that of restoring lost or unexplored portions
of the search domain into the population to prevent premature
convergence of GA to suboptimal solutions. It insures that
the probability of reaching any point in the search space in
never zero. Among the available mutation operators for RCGA,
the non-uniform mutation seems to be very efficient and is
implemented here.

By applying these genetic operators, the population
is updated so that the average fitness of the population
improves from generation to generation and this finally leads
to the convergence. A hybrid Island model (Chipperfield and
Fleming, 1996) is adopted for the parallel implementation of
the genetic algorithms. Here, the whole population is
generated in the master processor and then the population is
distributed among the available number of worker processors
for the successive generation. In the successive generations
the sub-population on each worker processor is updated by
genetic operators, fitness is evaluated for each individual in
the sub-population and some good members of the sub-
population are exchanged among the worker processors. This
continues till the average fitness of the whole population
improves.

NUMERICAL EXAMPLE

The developed inversion scheme based upon the
genetic algorithm was applied to a synthetic data set. Figure 1
shows the synthetic CDP gather used as observed data to the
inversion scheme. This CDP gather is response of a 2D finite
difference algorithm for elastic wave propagation for a 59-
layer model. The model is depicted in the Figure 2b as blue
lines. However, the elastic impedance based convolution
technique is used as the forward modeler in the inversion
scheme. An angle gather was calculated from this CDP gather
for comparing it with the elastic impedance generated
synthetic data. Normalized cross-correlation of synthetic and
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observed angle gathers provides a good measurement of
fitness. Figure 2a illustrates the improvement in fitness value
as a function of number of iterations (generations). The fitness
is calculated using the normalized cross-correlation function
between the input and output datasets (Sen and Stoffa, 1992).
The red lines in Figure 2b show the P-wave velocity, S-wave
velocity and density of the inverted model obtained after 150
generations with a population size of 800 on 8 processors i.e.
100 individuals or models per processor. The probabilities of
crossover and mutation, in this case, are used as 0.9 and 0.1
respectively. For this job it took about 45 minutes on 8
processors of PARAM Padma. The parameters for the exact
model are also shown on the same graph in blue for
comparison. One can observe that the GA based inversion
algorithm has been able to predict the correct elastic
parameters. Figure 3 shows the comparison of the input data
with the synthetic data for the inverted model in the form of
angle gathers. One can see a good match between the two
data sets. It is also evident from the final fitness value.

CONCLUSION

Inversion of seismic reflection data using real coded
genetic algorithm is an excellent tool for estimation of the
physical parameters. The inversion algorithm is highly compute
intensive, because synthetic seismograms must be calculated
for thousands of models. The code is implemented on a
distributed memory parallel computer, because the

Figure 1: A CDP gather for a 59 layer model used as input to the
GA based inversion scheme.

Figure 2 (a) The graph showing the fitness as a function of number of iterations. (b) A comparison of
the physical parameters obtained from inversion (red line) to the exact parameters (blue lines).
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computational load can be easily divided amongst the available
processors. The efficiency and speed is achieved by properly
restructuring the code and by keeping the compute to
communication ratio high. Here, in case of parallel genetic
algorithm, the hybrid Island model is found to be very efficient,
as the compute to communication ratio is very high. The
application of the inversion algorithm to a synthetic data set
clearly shows its ability to converge to a global minimum.
Prior knowledge regarding physical parameters (well logs) can
help in constraining the model parameters and hence speed
convergence.

ACKNOWLEDGEMENT

Authors wish to thank ONGC for funding this
research work and C-DAC for providing computational facility
on PARAM Padma and permission to publish this work.

Authors would like to state that the views reflected
in this paper are of their own, and do not necessarily reflect
the views of the organization they belong to.

Figure 3:  A comparison of (a) the observed angle gather with (b) the synthetic angle gather for the inverted model.

REFERENCES

Boschetti, Fabio, Dentith, M. C., and List, R. D., 1996, Inversion of
seismic refraction data using genetic algorithms,
Geophysics, 61(6), 1715–1727.

Cambois, G., 2000, AVO inversion and elastic impedance, Expanded
Abstracts, Society of Exploration Geophysicists.

Castagna, J. P., and Smith, S. W., 1994, Comparison of AVO
indicators: A modeling study, Geophysics, 59, 1849-1855.

Chipperfield, A.  and Fleming, P., 1996,  “Parallel Genetic
Algorithms,” in Parallel & Distributed Computing
Handbook by A. Y. H. Zomaya, McGraw-Hill, pp. 1118-43.

Connolly, P., 1999, Elastic impedance, The Leading Edge, 438-452.
Eshelman, L. J. and Schaffer, J. D. (1993). Real-coded genetic

algorithms and interval schemata. In D. Whitley (Ed.),
Foundations of Genetic Algorithms, II (pp. 187 - 202).

Goldberg, D. E., 1989, Genetic algorithms in search optimization
and machine learning, Addison-Wesley Publishing
Company Inc.

Mallick, S., 1995, Model-based inversion of amplitude-variations-with-
offset data using a genetic algorithm, Geophysics, 939-54.

Qing, A., Lee, C. K. and Jen, L., 2001, Electromagnetic Inverse
Scattering of Two-Dimensional Perfectly Conducting
Objects by Real-Coded Genetic Algorithm, IEEE Transactions
on Geoscience and Remote Sensing, 39(3), 665-76.

Sen, M. K., and Stoffa P. L., 1992, Genetic inversion of AVO,
Geophysics: The Leading edge of exploration, 27-29.

Observed Trace with source correction Predicted Trace with source correction


