
9

THEORIES AND APPLICATIONS IN GEOMATHEMATICS

 
LithoLogy prediction by artificiaL 
neuraL networks and preparation 
of input data on upper Miocene 
sediMents

Marko Cvetković, Josipa Velić

Faculty of Mining, Geology and Petroleum Engineering, Department of Geology and Geological Engineering, 
Zagreb, Croatia

e-mail: marko.cvetkovic@rgn.hr 

AbstrACt

Well logs of spontaneous potential and of shallow and deep resistivity were pre-processed for the purpose of lithol-
ogy prediction. several artificial neural networks were trained on data from one well for the purpose of lithology 
prediction in a second. Data were taken from Upper Miocene intervals from two wells in the Kloštar field. two learning 
approaches and three methods of prediction were applied. the results show that the best approach for inter-well 
lithology prediction is by training the neural network on an entire well interval, instead of training a separate neural 
network for each interval and subsequently employing them as an ensemble for the prediction. 
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1. Introduction

Well log data from the Kloštar oil and gas 
field, located in the southwest part of the 
Pannonian Basin, in the Sava Depression 
(Fig. 1), were used to test the application 
of neural networks for lithology 
prediction in the sandstone and marl 
intervals of Upper Miocene sediments. 

One dimensional  (1D) l i thology 
prediction, e.g., training of the artificial 
neural network (ANN) and prediction, 
has been proven successful only if both 
are made in the same well and on the 
same formation (Cvetković et al., 2009). 
However, for practical purposes this is 
unsatisfactory and hence, the success 
of two dimensional (2D) prediction 
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is presented, which is performed on a 
much larger depth interval and on two 
wells. Additionally, two types of learning 
procedures are introduced: one for the 
entire well interval and the other for each 
clastic Neogene formation individually. 

2. basic geological settings

Analysis with the ANN is limited to just 
the clastic Upper Miocene intervals (Fig. 2). 
These are represented by the sediments of 
the Prkos, Ivanić-Grad, Kloštar Ivanić and 
Široko Polje Formations. 

The lithology can be described as an 
interchange of marls and sandstones in 
the Prkos, Ivanić-Grad, Kloštar Ivanić and 
Široko Polje Formations with sporadic 
occurrences of breccias and biogenic 
limestones in the oldest parts of the Prkos 
Formation. Furthermore, lignites, sand and 
clays can found in the youngest interval of 
the Široko Polje Formation.

The youngest clastic 
interval of the Lonja 
Formation (Pl iocene, 
Pleistocene and Holocene) 
was not included in the 
analysis because of its small 
thickness (<150 m) in the 
selected locations. 

3. Artificial neural 
networks

The basic architecture of 
ANNs consists of neurons 
that are organised into 
layers. A neuron is a basic fig. 1 –  Location of kloštar oil and gas Field (velić et al., 2011)

fig. 2 –  Formal lithostratigrapic and chronostratigraphic 
units and E-log markers valid for the Sava Depression (velić, 
2002) with pointed out Formations used for ANN prediction of 
lithology
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element of a network that is mathematically 
presented as a point in space towards which 
signals are transmitted from surrounding 
neurons or inputs (Fig. 3).

The value of a signal on the activity of a 
neuron is determined by a weighting factor 
multiplied by a corresponding input signal. 
The total input signal is determined as a 
summation of all products of weighting 
factors multiplied by the corresponding 
input signals, given by 
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where n represents the number of inputs 
for the neuron i. If the total input signal 
has a value greater than the sensitivity 
threshold of a neuron, then it will 
have an output of maximum intensity. 
Alternatively, if a neuron is inactive, it 
has no output. The value of the output 
is given by

)( iii tuFoutput ⋅=   (2)

where F represents the activation 
function and ti is the targeted output 
value of neuron i. One can find detailed 
descriptions of the basics of neural 
networks and methods in McCulloch 
and Pitts (1943), Rosenblatt (1958) and 
Anderson and Rosenfeld (1988).

For this analysis, only a multilayer 
perceptron (MLP) network was used. The 
MLP network is based on a backpropagation 
algorithm that has one or more hidden 
layers. In addition, the network can use two-
phase learning with algorithms, such as the 
conjugate gradient descent (Gorse et al., 1997), 
quasi-Newton (Bishop, 1995), Levenberg-
Marquardt (Levenberg, 1944; Marquardt, 
1963), quick propagation (Fahlman, 1988) 
and delta-bar-delta (Jacobs, 1988), all of 
which use a program of packages that allow 
such training. The MLP is most successfully 
applied in classification and prediction 
problems (Rumelhart et al., 1986) and is the 
most often used neural network in solving 
geological problems. Neural networks have 
been successfully applied in petroleum 
geology problems, such as determining 
reservoir properties (e.g., lithology and 
porosity) from well logs (Bhatt, 2002) and 
well-log correlations (Luthi, Bryant, 1997). 
In the Croatian part of the Pannonian Basin, 
only a few research projects on petroleum 
geology have been performed. In these 
studies, clastic facies were determined from 
well logs (Malvić, 2006, Cvetković et al., 2009) 
and porosity was predicted based on well 
and seismic data (Malvić, Prskalo, 2007).

4. Preparation of well log data for 
ann analyses

Any analysis with geomathematical 
or statistical methods requires that the 
numerical values for the same variables 
have a constant interval. The main problem 
is the use of spontaneous potential (SP) 
values for the ANN analysis, or more 
precisely, the inconsistency in mV values 
for the sandstone variable. Values of the 
SP curve can differ by more than 70% for 
the marl line, which determines the border 

fig. 3 –  basic architecture of an artificial neuron
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between the sandstones and marls (Fig. 4). 
Such differences can be caused by:
– heat distribution in the 

subsurface,
– the salinity ratio between 

mud and formation water 
and, 

– settings on the logging 
tool.

To solve the issue, a 
normalised SP curve (SPN) 
should be made prior to 
performing any ANN 
analysis. 

5. Methodology and analysis results

Initially, for the purpose of the ANN 
training, the lithology was manually 
determined in one well (Klo-105) 
based on well log curves of normalised 
spontaneous potential (SPN), shallow 
resistivity (R16) and deep resistivity 
(R64). These were also used as input data 
for the ANN analysis. 

Two types of data preparation were 
used. In the first approach, the data were 
split for each formation and training was 
performed for each formation individually. 
In the second, the entire well interval was 
used for ANN training. 

The ANN learning process splits the input 
data into two groups: the test and validation 
groups. The first set of data is used for 
learning purposes and the second is used 
for testing the prediction possibilities of 
the trained ANN. Accordingly, two sets of 
performance values are given, one for the 
training and one for the test. Performance 
values range from 0–100, where 100 
represents a perfect match or a prediction 
accuracy of 100%.

The ANN that was most successful for 
each formation and for the entire well 
interval, together with its properties, is 
presented in Table 1. 

fig. 4 –  Presentation of the differences SP values along with 
the representation of the presumed position of the marl line in 
SP and SPN logs

table 1 –  Overview of the most successful neural networks for each formation and for 
the whole Miocene clastic interval
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The data presented in Table 1 show that 
all neural networks had very low training 
and test errors; less than 7% of maximum 
training error in the case of the Kloštar 
Ivanić Formation. The next step was to 
employ the trained networks on a new set 
of data; in this case, on the Miocene clastic 
interval of well Klo-106. Three types of 
lithology predictions were applied:

Prediction by a single ANN for the entire 
clastic Miocene interval, labelled LITH A 
in Fig. 5

Prediction by a single ANN individually 
for each formation, labelled LITH B in Fig. 5

Prediction by an ensemble of ANNs 
trained on each formation for the prediction 
for the entire clastic Miocene interval, 
labelled LITH C in Fig. 5.

Even though all the ANNs had very 
low training errors, only the one that was 
trained with the entire Miocene clastic 
interval (LITH A in Fig. 5A) successfully 

predicted the lithology in well Klo-106. The 
individual networks for each Formation, as 
well as the ensemble, were only partially 
successful in the Kloštar Ivanić Formation 
(LITH B and C in Fig. 5B).

6. Conclusions

For any possibility of the employment 
of ANNs for 2D lithology prediction, 
the SP curve for the input data has to 
be normalised. Inter-well prediction 
of lithology via ANNs is possible and 
successful only in cases where the ANN is 
trained on a large interval. Possibly, ANNs 
trained on each formation were over-
trained and lost their ability to successfully 
predict lithology on new data, even though 
their training and testing errors were 
minimal. 
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