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Summary

A novel approach based on the concept of Bayesian neural network learning theory is developed and applied to 
German Continental Deep Drilling Program (KTB) well log signal for classification of lithofacies boundaries. We 
parameterized different combination of synthetic model to match with the published histogram lithofacies succession. A
Multi Layer Perceptron (MLP) network model (with four layers e.g. input, output and two hidden layers) is found 
suitable for the present pattern recognition problem. Objective function is optimized following scaled conjugate 
gradient optimization technique and uncertainty about the relationship between input and output domain is 
appropriately taken care of by assuming Gaussian prior distribution of networks parameters. Posterior distribution of 
network parameter is estimated following the Bayesian probability theory. The stability and effectiveness of the new
approach is also tested on “noisy” data mix with different level of colored noise. We show that Bayesian neural 
network approach outperformed conventional neural network approach in terms of uncertainty, over fitting and under 
fitting problem which remains the serious problem with conventional neural network approach. Our analyses 
demonstrate that the Bayesian Neural network based approach renders a robust mean for the classification of complex 
litho facies successions from the KTB borehole log signal and thus provide useful guide for understanding the crustal 
inhomogeneity and structural discontinuity in many other tectonically critical and complex regions.
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Introduction

Classification of lithology/lithofacies boundary from 
geophysical well log signal is a complex and nonlinear
geophysical problem because of several factors, such 
as pore fluid, effective pressure, fluid saturation, pore 
shape, grain size etc nonlinearly affect the geophysical 
well log signals. Geophysical nonlinear problem is
characterized by nonlinearity of physics and by 
statistical nature of the solutions, latter being partly 
due to the physics and partly due to noise in the 
geophysical measurements. Geoscientist has been 
engaged in classifying litho-facies units from the 
recorded well log signal using the conventional 
method like graphical cross-plotting and other 

statistical techniques (Rogers et al. 1992). In the 
graphical cross-plotting technique (Pickett 1963; 
Gassaway et al. 1989), two or more logs are cross-
plotted to yield lithologies. Multivariate statistical 
methods such as principle component and cluster 
analyses (Wolff & Pelissier-Combescure 1982) and
discriminant function analysis (Delfiner et al. 1987; 
Busch et al.1987) have invariably been used for the 
study of borehole data. These techniques are, however, 
semi-automated and require a large amount of data, 
which are costly and not easily available every time 
.Further the existing methods for well log analysis are 
also very tedious and time-consuming, particularly 
when dealing with large number of noisy and complex 
borehole data. Recently, Maiti & Tiwari (2005) have 
developed skilled algorithm based on Walsh transform
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technique for automatic detection of litholog boundary
and, more recently, Maiti & Tiwari (2005) and Maiti
et al. (2007) have developed neural network modeling 
and classification of lithology/lithofacies unit using 
conventional neural network and network stability in 
presence of correlated color noise. However, there are 
major limitations in the conventional neural network 
approach (Coulibaly et al. 2001a, Aires 2004). One of 
the main limitations is that the network is trained by 
maximizing a likelihood function of the parameters or 
equivalently minimizing an error function in order to 
obtain the best set of parameters starting with a initial 
random set of parameters. Sometimes a regularization 
term with an error function is used to prevent 
overfitting. In that method, a complex model can fit 
the training data well but it does not necessarily mean 
that it will provide smaller errors with respect to new 
data. This happens because of the uncertainty about 
the relationship between input and output mapped by 
the network during training. It is, therefore, imperative 
to search for a more appropriate nonlinear technique, 
which could evade these difficulties. Here, we develop 
a neural network program on Bayesian frame to 
classify litho-facies boundaries and apply the method 
to well log data from German Continental Deep 
Drilling Project (KTB).

The KTB Borehole Data

The German Continental Deep Drilling Project (KTB) 
explores a metamorphic complex in northeastern 
Bavaria, southern Germany. Lithologically, the 
continental crust at the drill site consists of three main 
facies units: paragneisses, metabasites and alternations 
of gneiss-amphibolites, with minor occurrence of 
marbles, calcsilicates, orthogeneisses, lamprophyres 
and diorites (Berckhemer et al. 1997; Emmermann
and Lauterjung J. 1997;Peching et al. 1997;Leonardi 
and Kumpel 1998,1999) .Visual inspection indicate
these KTB bore hole data show non linear signal 
characteristics (Figure-1).  We, therefore, generate a 
suitable parameterized Bayesian neural network 
training model to match the published histogram 
model of three sets of recorded well log signal (viz, 
gamma ray, density and neutron porosity). (Table 1,
see Maiti et al. 2007).

Table 1: Showing the significant limits to generate 
forward model for neural network training indicating 
that gamma ray intensity value most crucial factor to 
categorize litho-facies unit in metamorphic area
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Artificial Neural networks:

Artificial Neural networks (ANN) is a powerful tool 
for performing nonlinear functional mapping between 
a set of input variables (geophysical data) and a set of 
output or source parameters, together with particular 
procedures for optimizing the mapping  (Bishop
1995).The importance of ANNs in this context is that 
they can function as universal approximators and are 
able to map nay continuous function to arbitrary 
accuracy(Yarger et al. 1978).This is achieved through 
adopting a massively parallel connectionist 
architecture of simple processing units
(Perceptrons),the basic functioning of which was 
inspired originally by the biological neuron. The
processing unit produces an output or is activated at a 
certain threshold determined by the value of its 
weighted input (Fig.1). The neural network optimizes 
the mapping by using a data set of training data, which 
contains examples of the functional mapping that the 
network is to learn (Raiche 1991). However, the main 
advantage of using neural networks to solve the 
inversion problem is that they effectively provide 
nonlinear mapping of the geophysical phenomena 
without assuming an explicit physical model of the 
process(Williams 1993).Therefore, the total time 
necessary for a neural network solution depends on the 
dimensions of the space of unknown parameters rather 
than the physical dimensions of the modeled 
area.(Spichak and Popova 2000).This makes ANNs 
very computationally efficient tools if multiple 
inversions are required, because once a network has 
been optimized or trained ,it effectively remembers the 
inversion solutions(Spichak and Popova 2000).It can 
therefore be applied easily to new or spatially 
extensive survey data with almost  instantaneous 
results. However, for the effective processing of new 
data, it is important that the parameters of the training 
data used to train the original network be comparable 
with the new data. In this respect, the training data set 
must be designed carefully for maximum flexibility 
(Bescoby et al. 2006).
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Figure 1: Topology of neural network and response function 
of a node (left), and the Perceptron representation of input 
and target vector clearly shows nonlinearity (right)(Maiti et 
al. 2007).

Artificial neural network (ANN) is also referred to
Multi Layer Perceptron (MLP) network.
Computational details of ANN could be made clearer 
by using some simple mathematics. In conventional 
approach of neural network learning a network is 

trained using a data set   1,  j
N

jj DxS by adjusting 

network parameters w (weight and biases) so as to 
minimize an error function, such as (Aires 2004, Khan 
and Coulibaly  2006),
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This objective function is a sum of terms, one for each 
input/target pair  Dx, , measuring how close the 

network output );( wxO  is to the target D . The 
minimization of the error is based on iterative process 
of gradient SE  using “back propagation” (Rumelhart 

et al. 1986) .Often regularization is also included to 
modify the objective function:
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, w  is total 

number of weights and biases in the network. 
Experimental study suggests that the regularization 
term favors small values for network weight and 

biases and decreases and tendency of a model to “over 
fit” noise in the training data. Here  and  , which 
control other parameters (synaptic weight and biases), 
are known as hyper parameters. In this traditional 
approach, the training of a network starts with a initial 
set of weights and biases and ended up with the single 
best set of weights and biases given the objective 
function is optimized.

Bayesian Neural Network Paradigm:
  
In the Bayesian approach, a suitable prior distribution,
say )(wP of weights is considered before observing 
the data instead of single set of weights. Bayes 
theorem is used for writing an expression of the 
posterior probability distribution for the weights, say 

)|( SwP as below (Aires 2004, Khan  and Coulibaly
2006),
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Where, )|( wSP  is the data set likelihood function, 

and the denominator, )(SP ), is a normalization factor.
Integrating over the weight space we can obtain

 )4...(....................)()|()( dwwPwSPSP

The above equation (4) ensures that the left hand side 
of (3) gives unity when integrated over all weight 
space. Once the posterior has been calculated, every 
type of inference is made by integrating over that 
distribution. Therefore, in implementing Bayesian
method, expressions for the prior distributions )(wP , 

and likelihood function )|( wSP  is needed. The prior 

distribution )(wP which is not related with data can be 

expressed in terms of weight decay regularizer, RE of 

the conventional learning method. For example, if a 
Gaussian prior is considered, the distribution can be 
written as an exponential of the form (Bishop 1995)
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Where, )(RQ  is a normalization factor and can be 

given by 

  )6...(....................)exp()( dwEQ RR 
The equation (6) ensures that   1)( dwwP .The 

hyperparameter   can be fixed or could be optimized 
as part of the training process .Here Gaussian prior is 
preferred because it simplifies the calculation of the 
normalization coefficient )(RQ  using equation (6) 

and gives
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Alternative choices of prior )(wP  have been 
discussed by Buntine and Weigend (1991); Neal 
(1993) and Williams (1995).
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The data dependent likelihood function in Bayes 
theorem can be written in terms of error function, SE

of the conventional method. For instance, if   the noise 
(error) model is Gaussian, the equation for the 
likelihood function can be written as (Aires 2004, 
Khan and Coulibaly 2006),
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The function )(SQ is a normalization factor given by

  )9(....................)exp()( dSEQ SS 
Where,   NdDdDdS ........1 represents an integration 

over the target variables. if it is assumed that the  
target data is generated from a smooth function with 
additive zero mean Gaussian noise, the probability of 
observing a data value D  for a given input vector x 
would be.
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Where );( wxO represents a network function 

governing the mean of the distributions, w  represents 
the corresponding weight vector and the parameter 
controls the variance of the noise. Provided the data 
points are drawn independently from this distribution, 
we have the expression for the likelihood as (Aires 
2004, Khan and Coulibaly. 2006),
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The expression (9) for the normalization factor 
)(SQ  is then the product of N  independent 

Gaussian integrals, which have been evaluated by 
Bishop (1995) and can be expressed as 
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After deriving the expressions for the prior and 
likelihood functions, the posterior distribution of 
weights can be obtained using those expressions in eq
(3) (Aires 2004, Khan and Coulibaly 2006),
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In equation (13), the objective function in the 
Bayesian method corresponds to the inference of the 

posterior distributions of the network 
parameters w .After defining the posterior 
distributions, the network is trained with a suitable 
optimization algorithm to minimize the error function 

)(wE or to maximize the posterior 

distribution )|( SwP .Using the rules of conditional 
probability, the distribution of outputs for a given 
vector, x ,can be written in the form (Aires 2004, 
Khan  and Coulibaly 2006),
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It may be noted that ),|( wxDP is simply the model 
for the distribution of noise on the target data for a 
fixed value of the weight vector MLPW  and is given 

by (10), and )|( SwP  is the posterior distribution of 
weight. If the data set is large, the posterior 
distribution )|( SwP  may be approximated to a 
Gaussian distribution (Walker 1969).After some 
simplification, the integral in (16) can be written after 
Bishop (1995) as
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and mean and variance  is given by ),;( MLPwxO and 
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Where   is a hyper parameter, which is actually the 
inverse variance of the noise model, and g  denotes 

the gradient of );( wxO  with respect to the weights w

evaluated at MLPw and H is the Hessian matrix of the 

total(regularized) error function with elements given 
by (Aires 2004, Khan  and Coulibaly 2006),
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Where, I is identity matrix. The standard 
deviation i  of the predicted distribution for the target 

D  can be interpreted as error bar on the mean value 
);( MLPwxO .This error bar represents contributions 

from two sources, one is from the intrinsic noise on 
the target data, which is represented by the first term 
(18) and the other one is from the width of the 
posterior distribution of the network weights, 
corresponds to the second term in (18)( Aires 2004, 
Khan  and Coulibaly 2006).The practical numerical  
experiment has been conducted  following Nabney
(2004).
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Examples

Bayesian Neural Network are successfully applied to 
three sets of German Continental Deep Drilling 
Program (KTB) bore hole data e.g. density, neutron 
porosity and gamma ray log to classify the lithofacies 
succession and then was  compared with our earlier 
results based on SSABP neural networks (see Maiti et 
al. 2007). The comparative results of both neural 
network based techniques for the pilot bore hole data
are displayed in figures 2. Figure (2) exhibits the 

posterior probability distribution in a 3-coloumns 
gray-shaded matrix with black representing 1 and 
white representing 0. The maximum likelihood value 
corresponds to the class with maximum posterior 
probability: in ideal case, if the lithofacies of a 
particular class exists, the output value of the node in 
the last layer is 1 or very close to 1 and if not, it is 0 or 
very close to 0.
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Figure 2: Comparision of ANN and BNN results with published lithofacies section of KTB pilot hole (KTB-VB)

Conclusions

Neural network program on Bayesian paradigm is 
developed and successfully applied to classify the 
litho-facies boundaries by using the well log data from 
the German Continental Deep Drilling Project (KTB). 
The Bayesian neural network (BNN) technique is an 
efficient and cost-effective tool to interpret large 
amount of borehole log data. The BNN based 
technique is also robust to analyze modestly correlated 
noisy data. A comparative study of the present model 
results with the published result suggests that the BNN

method is also able to model the succession of some 
finer structures, which were hitherto not recognized. 
Such findings may have implications in understanding 
the crustal inhomogeneity. Because of its 
computational efficiency of Bayesian learning, in 
terms of uncertainty analysis, capability to inherently 
taken care of overfitting and underfitting problem, it is 
proposed that the present methods can be further 
exploited for analyzing large number of borehole data 
in other areas of interest. Finally, some deviations 
observed in BNN neural network analysis from the 
prior knowledge seem to be interesting and should 
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provide a basis for more detailed examination of the 
geological significance of finer structures intervening 
bigger geological units.
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