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Summary 

 

The goal of this paper is the blind prediction of reservoir property from seismic attributes for well tops guided zones. Diverse 

variation in the reservoir properties, vertically and laterally, shows the nonlinear and complex nature of the reservoir system. 

In this context, use of a single network for the prediction of reservoir characteristic for a complete well may not be good in 

achieving target property. This study implements a modular neural network to predict sand fraction between the well tops 

where three seismic attributes (Amplitude, frequency and inverted impedance) are taken as input characteristics. Total depth 

range of the wells has been divided into three different units separated by well tops which are analyzed from the log data. 

Eight wells are used to model sand fraction from seismic attributes. In the process of modeling, the connecting pattern between 

inputs and target are trained with three different networks from seven wells and then trained networks are applied to blindly 

predict reservoir characteristic for remaining well which was not used in the training process. Target characteristic has been 

obtained from three different networks and in three depth ranges; and then the results obtained from three different networks 

can be merged to represent the predicted log for a complete well. It is envisaged that horizon or well tops based prediction of 

reservoir characteristics has enhanced the prediction accuracy and hence modular based neural networks can be applied to 

characterizes reservoir parameters where input are seismic attributes. 
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Introduction 

 

Estimation of petrophysical characteristics from well log 

and seismic data is an important research area in the 

reservoir evaluation studies. Nonlinear and heterogeneous 

characteristics of reservoir variables associated with 

petroleum systems are the major concerns while 

understanding and integrating well log and seismic data. It 

is also equally difficult to spatially quantify the 

relationship between reservoir variables obtained from 

both the data sources. Statistical techniques, such as linear 

multiple regression and neural networks, are commonly 

used to predict reservoir properties from well logs and 

seismic attributes (Nikravesh and Aminzadeh, 2001; 

Bosch et al., 2005). In recent years, many computer-based 

artificial intelligence methods such as Neural Networks, 

NeuroFuzzy, Self-Organize Maps, and Learning Vector 

Quantization have gained significant interest as the 

potential tools to solve nonlinear and complex problems, 

especially in the modeling of reservoir characteristics 

(Fung et al., 1997; Nikravesh et al., 1998; Nikravesh and 

Aminzadeh, 2001; Nikravesh and Hassibi, 2003; Hamada 

and Elshafei, 2010; Bosch et al., 2010).  Permeability, 

porosity, fluid saturation and, sand and shale volume 

(fraction) are the fundamental characteristics of reservoir 

systems that are typically distributed spatially in a 

nonuniform and non-linear manners. Extraction of 

lithological information from available data sets is an 

important step in the reservoir characterization process. 

Further, it is important to characterize how 3D seismic 

information is related to production, lithology, geology, 

and well log data. It is suggested that the use of 3D seismic 

data along with well logs can provide better insights while 
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extrapolating of reservoir properties away from the 

existing wells (Bosch et al., 2010).  

   

Recent developments in this field have been focused to 

predict reservoir properties from well log data; like using 

five log properties as inputs and predict a petrophysical 

property. However, very few have been emphasized on 

well guided prediction of reservoir characteristics using 

seismic attributes. In the last decade many research papers 

have been documented on different nonlinear modeling 

approaches with special emphasize on estimation of well 

log properties (Fung et al., 1997; Nikravesh and Hassibi, 

2003; Bosch et al., 2010). It has been observed that, 

sometimes, most of these techniques have been used for 

the same purpose although they are different in the theory 

and computation. In particular, artificial neural networks 

have been applied in many fields of science and 

technology for different purposes. However, in the field of 

reservoir prediction and modeling, use of a single network 

for complete well may not be able to achieve an acceptable 

prediction output as large intrinsic heterogeneity and 

complexity are involved with the reservoir parameters. 

Therefore, dividing a well into different depth zones based 

on the lithological understandings of the well log data, and 

carrying out the target estimation after training several 

models using zone wise divided training patterns would 

attain better prediction accuracy.   

  

The present study demonstrates the application of modular 

artificial neural network (MANN) to predict sand fraction 

from seismic attributes through a representative case. 

Correlation of observed and predicted values reflects the 

applicability of the proposed technique. In particular, two 

well tops are marked in the well log data. Based on these 

tops all the wells are divided into three depth wise units. 

Seismic traces are extracted from 3D seismic cube at the 

well locations. The seismic and well log data are integrated 

using time-depth relationship at the available well 

locations.  Then, the integrated dataset is divided into three 

zones based on the well tops information such as 1st 

available patterns to Top 1, Top 1 to Top 2, and Top 2 to 

last available data pattern. Three networks have been 

designed for three different zones separately. Sand fraction 

and three seismic attribute correspond to eight wells are 

used for training and testing. This study demonstrates the 

blind prediction of sand fraction from seismic attribute for 

the well which is not included in the training dataset.   

 

This article is structured into the five sections. First section 

presents the literature on different techniques used for 

modeling of reservoir properties from well log and seismic 

data. Limitations, knowledge gap and problem statements 

have also been presented. Second section presents the 

detail description of the proposed methodology in the 

present study. Following the problem statement and 

methodology, the third section is focused on the 

application the proposed method on real well log and 

seismic data.  This section also put sole description about 

the data sets used in this study. Forth section is emphasized 

on the results and their explanation. Finally, fifth section 

concludes the finding of the present study, its application 

and future scope.  

  

Methodology  

  

In the recent years, Artificial Neural Networks (ANN), 

especially back propagation neural networks, have been 

emerged as potential tools for well log analysis and 

predicting reservoir properties. In the present study, a 

modular neural network (MNN) has been used to predict a 

reservoir property from seismic attributes. Modular neural 

network (MNN) is a specific category of ANN used for 

clustering based on similarity in the pattern. However, in 

the present study the data sets are first divided into three 

zones based on well tops. Next, a suitable network module 

is developed for each zone or class making the network 

modular. This modular network is calibrated by adjusting 

the connection weights using suitable supervised learning 

algorithm. The trained network is then used for blind 

prediction of reservoir property. Structure of the network 

and learning algorithm are two most important factors to 

decide the architecture of the network. Several learning 

algorithms have been reported in the literature; however 

back propagation neural network (BPNN) is widely used 

(Haykin, 1999). It is structured in three layers namely input 

layer, hidden layer and output layer. These layers are 

joined together by connecting weights. A schematic 

diagram of modular neural network for the present study 

(three inputs and one output) is presented in Figure 1. Data 

sets are prepared for three zones. Z-1, Z-2 and Z-3 are the 

three depth  wise  zones  for  training  and  testing  of  the  

network.  The learning algorithm and transfer functions are 

same for all the three zones. In this type of studies the main 

aim of the  supervised  learning  algorithms  is  to  minimize  

error between network output and target data. Back 

propagation learning algorithm uses a gradient decent   

method for updating weights and biases. Connecting   
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weights are changed in the back propagation till the global 

minimum error is achieved. Conjugate gradient method is   

an advanced and effective method for error minimization 

(Haykin, 1999). 

  

 
Figure 1:  Schematic diagram of modular neural network (MNN) 

with three inputs and one target, Z-1, Z-2 and Z-3 are three zones. 

 

In the network architecture, two transfer functions are 

used, in the hidden and output layers respectively. In this 

study, hyperbolic tangent sigmoid is used in the hidden 

layer; however, output layer uses log-sigmoid transfer 

function. Hyperbolic tangent sigmoid and log-sigmoid 

transfer functions are represented by equation (1) and (2) 

respectively. 

 

 
where ‘a’ represents the coefficient of transfer function.  

  

Application to real data  

  

Reservoir characterization requires integration of the 

information available from well log, seismic and 

geological data. In this study, three seismic attributes are 

used for the prediction of sand fraction at the well 

locations. The data have been acquired from an oil and gas 

producing area in the western part of India. Three seismic 

attributes (amplitude, instantaneous frequency and 

inverted impedance) are used as predictor variables to 

estimate sand fraction. 

 

 
Figure   2:      Workflow   for   data   integration   and   data 

Preparation 

 

Generally the seismic data are useful to estimate structure 

of the reservoir, but less helpful in predicting spatial 

distribution of reservoir properties. Guidance from well 

log data is absolutely necessary in the reservoir modeling 

despite the availability of high resolution seismic data. 

Seismic data are good in the sense that they are not limited 

to the well location rather they are acquired across a study 

area representing a clear view of subsurface. 3D seismic 

data provide crucial inputs for the estimation of reservoir 

properties between the wells and away from the wells. 

Typical petrophysical properties are sand/shale fraction, 

porosity, permeability, saturation which are required to 

interpret hydrocarbon reserves in detail. Prediction of any 

such petrophysical characteristic is an important objective 

in this field. 
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Figure 3:  Flow chart of Artificial Neural Network used in  

this study  

  

In the process of modeling reservoir properties from well 

log and seismic attributes, the first step is integration of all 

data which are obtained from different domain. 

Identification of well tops and seismic horizons is a main 

interest for zones/horizons wise prediction of reservoir 

characteristics. Figure 2 depicts a workflow for integration 

and zoning of the dataset for further modeling of reservoir 

properties. Three seismic attributes namely amplitude, 

frequency and impedance are used to model sand fraction. 

All the predictor variables are normalized using Z-score 

normalization. In Contrast, min-max normalization is used 

to predict the target variable (here, sand fraction) using 

equation 3 where two constants ‘a’ and ‘b’ represent 

minimum and maximum value of normalized sand 

fraction. 

 

 
 

In the present case, the values of ‘a’ and ‘b’ are taken to be  

0.1 and 0.9 respectively. 

 
Figure 4:  Well log data (sand fraction) along with well tops and 

zoning; Zone1: above Top 1; Zone 2: between Top 1 and Top 2; 

Zone 3: below Top 2  

 

Figure 3 represts the complete flowchart for training and 

testting of the network which is same for all the three depth 

zones. There are three inputs and one target, thus the 

structure of the network consists three neurons in the input 

layer and one neuron in the output layer along with one 

hidden layer. Scaled-conjugate-gradient-back-propagation 

is used for the training of the network. This is a fast and 

simple algorithm for training and it does not require any 

user input (Haykin, 1999). Two transfer functions are used 

in the network structure, hyperbolic tangent sigmoid in the 

hidden layer and log-sigmoid transfer function in the 

output layer. As mentioned earlier, the output/target 

variable is normalized between 0.1 and 0.9 to avoid any 

saturation state with the log-sigmoid function. Number of 

neurons in the hidden layer and epochs are initialized with 

small values and increases till good fitting between target 

and network predicted sand fraction is achieved. The 

possibility of over fitting should be avoided while 

increasing the hidden neurons in the network.  

  

Figure 4 represents the variation of lithological properties 

along depth for three wells. Two well tops are marked  in 

the figure named as Top 1 (red line) and Top 2 (green line). 
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Based on these well tops the well log data are divided into 

three zones; Zone1: starting of log to Top 1; Zone 2: 

between Top 1 and Top 2; Zone 3: Top 2 to end of the log. 

In this way, the integrated dataset of seismic attributes and 

sand fraction is divided into three parts according to the 

well tops provided at each well location. Three networks 

are designed and trained for three depth zones, and finally 

used for blind prediction. Then, predicted sand fraction are 

compared  with target. Thus, prediction models have been 

developed to estimate  sand fraction from seismic 

attributes.  In this study, blind prediction results for well 4 

are presented. Here, first, three modular artificial neural 

networks are trained using the dataset of remaining seven 

wells after carrying out zone-wise division. Then, testing 

is carried out using predictor variables of well 4 using three 

trained modular networks according to zone-wise division 

of the testing patterns.   

  

Results and Discussion  

  

In this study, sand fraction values are modeled from 

seismic attributes using modular neural network (MNN). 

We considered eight wells from the area where seismic 

data is available. Combined dataset of seven wells is used 

to train three different neural networks according to depth 

wise zones, then, sand fraction for the remaining well is 

estimated zone wise using the trained network. 

Superimposed plots of target and network predicted sand 

fraction are presented in Figure 5 for Zone 1, 2, and 3 

respectively for well 4 only.  Correlation coefficients 

between actual and estimated sand fraction are also 

computed to statistically analyze the matching between 

target and predicted data. The formula of calculating 

correlation coefficient (R) can be expressed as: 

 
where ‘x’ and ‘y’ represent actual and predicted value of a 

variable, whereas xꞌ and yꞌ represent the mean of the actual 

and predicted values.   

 

Figure 5 indicates a good matching between target and 

predicted sand fraction with high degree of correlation. 

Correlation coefficients for three zones are 0.6477, 0.8264 

and 0.7928 (Table I and II) respectively. Similar results are 

also obtained for other wells. 

 

 
Figure 5:  Predicted and target sand fraction for three zones for 

well 4; correlation coefficient (R) between target and predicted 

data are presented in the text boxes. 

 

 
 

All the computation is this study are carried out in MatLab  

Platform in  a  Intel(R)  core  3.10  GHz  computing  system  

with 8.00 GB RAM and 64 bit OS. Table I shows that 

MNN  outperformed  single  network  in  terms  of  

execution time   and   correlation   coefficient   between   

actual   and predicted  output.  The correlation coefficients 

achieved by MNN in training as well as testing phases are 

reported  in Table  II.  The results confirm that  the  

selection  of  MNN over a single network is judicious. 

 

Conclusions and future scope  

  

Present study has demonstrated blind prediction of a 

petrophysical property (sand fraction) from seismic 

attributes (amplitude, instantaneous frequency, and 

inverted impedance) using modular neural network 

(MNN). Results for a particular well are discussed. Good 
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matching between MNN predicted and target sand fraction 

values demonstrate the potential of the proposed method. 

Comparative analysis in this work established MNN as a 

better approach compared to single network. In similar 

manner, other petrophysical properties such as porosity, oil 

saturation etc. can be estimated from seismic attributes.  

  

Next phase of research may be focused on prediction of 3D 

geo-cellular model using well log and seismic data using 

MNN. More seismic attribute may be included for better 

accuracy of the prediction model. A systematic study on 

the choice of input attributes for the prediction of any 

particular reservoir characteristic is important because it is 

not very clear from the data sets that which predictor is 

more related to the target variables. Predictions between 

well tops or seismic horizon would provide a better 

understanding in the scenes that the reservoir properties 

are varying abruptly, laterally and vertically.  
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