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Summary 

 

This paper represents multiple seismic attributes such 

as seismic amplitude, frequency and impedance using 

information filtering and machine learning to 

improve the prediction of sand fractions. The 

conjugate-gradient learning algorithm with artificial 

neural network (ANN) has been used to model the 

sand fraction. The data available from well logs have 

very high-resolution than the low-resolution seismic 

attributes. Therefore, Fourier transform (FT) as a 

regularization scheme has been proposed to shape the 

high-resolution sand fraction data for machine 

learning. Then input data sets have been segregated 

into validation, testing and training sets. The results 

used to check different network structures and 

function performances. Once the test passes with an 

acceptable performance, the validation phase follows. 

Then prediction model is tested against unseen data. 

The network gives satisfactory performance in the 

stage validation is used to predict lithological 

properties from seismic volume. Finally a 3-D spatial 

filtering is implemented using post-processing 

scheme for smoothing the sand fraction in the 

volume. This gives the predictions of lithological 

properties for reservoir characterization. 

 

Introduction 

 

Hydrocarbons migrate from source rock through 

porous medium to reach reservoir rock for temporary 

preservation [1]. Finally, the mobile hydrocarbons 

get seized in the cap rocks. As such, the identification 

of hydrocarbon enriched formations by 

characterization of each layer in the borehole is of 

enormous importance to the explorers. Recognition 

of potential hydrocarbon-enriched zones in a 

prospective oil exploration field can be carried out 

using well logs which can categorize layers into 

different sections such as dry, water-containing, and 

hydrocarbon-bearing layers. The lithological 

properties in the neighborhood of a borehole can be 

estimated from well logs, whereas their distributions 

become difficult to predict away from the wells. In 

such cases, avail- able seismic attributes can be used 

as a guidance to predict lithological information at all 

traces of the area of interest [2]. Well logs and 

seismic attributes are integrated at available well 

locations to design a reservoir model with the least 

uncertainty. However, mapping between well logs 

and seismic attributes is governed by nonlinear 

relationship and characterized by mismatch in 

information content. Such nonlinear problems can be 

approached using state-of-art computer-based 

methods like hybrid systems [3], [4], multiple 

regression, neural networks [5], neuro-fuzzy systems 

[6]-[9], Support Vector Data Description (SVDD) 

[10]-[11], etc. 

 

This  paper  proposes  a  novel  preprocessing  

scheme  and demonstrates  the  use  of  the  said  

scheme  in  an  appropriately  designed  framework,  

consisting  of  three  stages— preprocessing, 

modeling, and post processing, to estimate sand 

fraction (SF) from multiple seismic attributes. Here, 

the target variable SF represents per unit sand volume 

within the rock. 

 

Methodology 

 

The workflow starts with preprocessing stage, which 

uses three alternative approaches for target variable 

regularization based on FT. Next, a functional 

relationship between the regularized target SF and the 

seismic attributes is calibrated using ANN. In this 

study, a simple network structure consisting of a 

single hidden layer is selected over relatively 

complex networks. The network parameters and 

training algorithm are decided empirically. The 

results obtained are evaluated in terms of four 

performance indicators—correlation-coefficient 

(CC), root mean square error (RMSE), absolute error 



 

means (AEM), and scatter index (SI) [12]. The 

inclusion of the preprocessing stage in the workflow 

is found to produce remarkable improvement in the 

prediction results as opposed to use of the original SF 

using the same ANN structure.  

 

First, the ANN is trained with the original SF as 

target variable without involving any preprocessing. 

The same procedure is repeated with the regularized 

SF as target variable of the ANN. This is helpful to 

reassure the improvement in ANN performance while 

using the regularized target variables [13]. ANN has 

been used by to model single or multiple target 

properties like reservoir characterization (RC) [14]. 

The validated network is used to obtain SF over the 

study area from the three seismic attributes. The post-

processing stage includes further smoothing and 

filtering of the estimated output to remove unwanted 

predictions. In this way, a complete workflow is 

devised for modeling a lithological property (here, 

SF) from given seismic attributes. 
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Study Area 

 

In this study, the working dataset has been acquired 

from a western onshore hydrocarbon field in India. 

The hydrocarbon field is located at an intracratonic 

basin, spread along the western periphery of central 

India. It is surrounded by the Aravalli range. Deccan 

craton and Saurashtra craton are located in the east–

west direction along the basin. Structurally, the field 

is located as a broad nosing feature, thus housing the 

hydrocarbons between two major synclines. The 

hydrocarbon is present within a series of vertically 

stacked sandstone reservoirs individually separated 

by intervening shale. The average thickness of a sand 

layer is in the order of 5–6 m. 

 

 
Figure 1: Location of four wells in the study area in 

terms of inlines and crosslines (x-lines). 

 

Fig. 1 represents the placements of the four wells 

across the study area.  These wells will be hereafter 

referred to as A, B, C, and D in terms of inlines and 

crosslines (x-lines). Additionally, Well A (XXX3645, 

XXX7387), Well B (XXX2107, XXX7285), Well C 

(XXX2768, XXX7073), and Well D (XXX0916, 

XXX7807) are the locations in terms of Universal 

Transverse Mercator (UTM) coordinates. The depth 

of the each well is around 3000m from ground, 

whereas the zone of interest is from 2750 to 2975m 

in subsurface for Well A. The zones of interests are 

2720–2950m for Well B, C, and D. The borehole 

dataset contains basic logs such as gamma ray, 

resistivity, and density along with derived geo-

scientific logs such as sand fraction, permeability, 

porosity, and water saturation. These well logs are 

treated as one-dimensional (1-D) signals for further 

processing in this study. On the other hand, the 

seismic dataset contains seismic impedance, 

amplitude, and instantaneous frequency throughout 

the volume. 

 

 

 

 

 

 

2 2

1 1 1

(( )( )) / ( ) ( )
N N N

i i i i

i i i

CC X X Y Y X X Y Y
  

      

2

1

( ) /
N

i i

i

RMSE X Y N


 

1 1

1 1N N

i i i

i i

AEM X Y e
N N 

   

/SI RMSE Y

Correlation Coefficient (CC) 

Root Mean Square Error (RMSE) 

Absolute Error Mean (AEM) 

Scatter Index (SI) 



 
 

Figure 2: The proposed workflow to predict sand fraction from seismic attributes with information filtering 

 

 

Preprocessing 

 

A. Signal Reconstruction 

The borehole data are recorded at specific well 

locations along depth with a high vertical resolution. 

Conversely, the seismic data are collected spatially in 

time domain with a sampling interval of 2 ms. Signal 

reconstruction is an important preprocessing step and 

has been discussed in existing literature. In [15] the 

up-scaling of an acoustic impedance log has been 

carried out by a wavelet transform-based method as 

well as a geostatistical technique. The acoustic 

impedance log is computed from the recorded logs of 

the P-wave velocity and the density at the 

corresponding well location. The reconstructed 

acoustic impedance logs obtained from the raw 

impedance log by wavelet transform and 

geostatistical methods have turned out to be similar. 

 

Fig. 3 shows the three seismic attributes and the Sand 

Fraction, along Well A. The red dots on the seismic 

attributes represent their original values at a time 

interval of 2 ms and the green curves represent the 

corresponding reconstructed signals at the time 

instants marked on the well logs. The blue high- 

frequency curve in Fig. 3(d) represents SF along the 

same well. 

 
Figure 3. Seismic attributes and SF along Well A (the red dots 

on the seismic attributes are the original values and the green line 

is the reconstructed signal). (a) Seismic impedance. (b) Seismic 

amplitude. (c) Instantaneous frequency. 

(d) Sand fraction. 

 

B. Signal Regularization 

Again, it can be observed from Fig. 3 that the 

frequencies present in seismic signals are much 

lower compared to that of the sand fraction. In other 

words, the SF carries much more information as 

compared to the seismic attributes. According to 

laws of information theory, a higher information- 

carrying signal cannot be modeled using single or 

multiple lower information-carrying predictor 

signals [16]. Only a part of the target variable that is 

dependent on the predictor variables can be 

modeled. For the present case, the spatially 

distributed seismic attributes have low vertical 

resolution, whereas the high-resolution borehole 



 

data are recorded at the specific well locations and 

carry high information content. Hence, the 

estimation of subsurface lithological properties from 

seismic attributes deals with uncertainty due to the 

mismatch in the information content [17]. In order 

to circumvent this disparity, the seismic attributes 

are resampled at each time instants corresponding to 

the well logs to integrate with the lithological 

properties. 

In this paper, regularization is carried out by 

information filtering based on FT. The parameters 

belonging to this stage are tuned following the 

changes in entropy before and after filtering along 

with visual inspection of the output signal with 

respect to that of the original. 

The first regularization approach is based on FT 

(algorithm). Here, the spectrums of target and 

predictor variables are compared and higher 

frequency components of the target signal are 

truncated. Then, the target signal is reconstructed 

using inverse Fourier transform (IFT). 

 

Algorithm: SF regularization Based on Fourier 

Transform. 

 

Input: Predictor signal x(t) and target signal y(t). 

 

a) The sand fraction y(t) extracted from a well log 

by proper depth to time conversion using the given 

velocity profile. Let the seismic amplitude along 

the same well log be x(t). 

b) Compute Fourier Transform of x(t): 

 

 

 

Similarly, FT of target y(t) is  computed  as:   

 

 

 

where ωN  = e−2πi/N  is an N th root of unity. 

c) Compare the spectrums of target and predictor 

signals. 

d) Select the bandwidth parameter ξmax Hz. 

e) The part of the target spectrum exceeding ξmax  

Hz  is truncated to zero. Modified Target: Ymod(k) 

 

 

f) Construct regularized target signal yr(t) by carrying 

out IFT of the truncated spectrum: 

 

 

 

g) Calculate entropies of predictors (seismic 

attributes here) as well as original and regularized 

target signals (sand fraction here). 

h) If entropy of regularized target is comparable with 

that of the predictor signal and the regularization 

result is satisfactory, then regularization is 

completed, else go to step d). 

 

Output: Regularized target signal yr (t). 

 

 

 
Figure 4. Regularization based on FT to reconstruct target signal 
along Well A: (a) SF spectrum; (b) seismic impedance spectrum; 

and (c) superimposed plot of actual and regularized SF. 
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In order to establish the efficacy of the proposed 

regularization method, the task of model building and 

validation stage is carried out using both the original 

and regularized SF as target variable. The training 

dataset is created by aggregating 70% sample 

patterns from each of the wells. The training patterns 

are scrambled to remove any possible trend along the 

depths. The remaining 30% samples from each of the 

four wells are combined and then divided into two 

parts to create the testing and the validation datasets. 

First, the network is trained using training patterns 

with initial parameter values. Then, the network 

structure and activation functions are tuned using 

testing patterns. The testing phase is important for 

evaluating the generalization capability of the trained 

network [8]. 

 

 
Figure 5. Network Structure; Transfer Function (Hidden Layer) : 

Hyperbolic tangent sigmoid, Activation Function : Log-sigmoid 
 

Postprocessing 

 

It can be observed from Fig. 6 that the variation in 

the seismic attributes over the study area is smooth. 

However, the SF across the study area as shown in 

Fig. 7 changes abruptly. The transition of the SF 

values should be smoother and more or less agree to 

the patterns of seismic data, thereby raises the need 

for the post-processing stage to obtain a smoother SF 

variation across the volume. To incorporate this 

rationale, the predicted values are filtered through a 

3-D median filter. In case of order statistics filtering, 

the window size is selected to define the 

neighborhood around the centered pixel. Selection of 

window value is crucial for the degree of smoothing. 

The predicted SF in the volume is used as input to the 

post-processing operation. Every element in the 

volume is considered as a pixel and is smoothened 

using 3-D median filter with respect to its 

neighborhood within a 3 × 3 × 3 window size. The 

missing values along the boundaries are ignored. In 

order to carry out median filtering, the values of the 

pixel and its neighbors within the selected window 

are first sorted. Then, the centered pixel value is 

replaced by the median value determined from the 

sorted pixel values. 

 

 
Figure 6. Variation in the seismic amplitude at inline 136. 

 

 
Figure 7. Variation in the predicted SF at inline 136. 

 

 

 Figure 8. Result of 3-D median filtering with a 3 × 3 × 3  

window on the predicted SF variation at inline 136. 

 

Fig. 8 represents the result of median filtering along 

inline 136. The effect of localizing different levels of 



 

SF values can be observed by comparing Figs. 7 and 

8. 

 

Conclusion 

 

The selection of initial parameters is crucial for 

achieving acceptable performance of ANN. In the 

present work, the ANN structure and activation 

functions in hidden and output layers have been 

empirically adjusted. Also, the initial values of 

weight and bias matrices have been chosen randomly. 

As a possible future extension, the domain of 

metaheuristic algorithms can be explored to automate 

such selections to further strengthen the framework. 

Additionally, while in the post-processing stage, the 

use of spatial filtering has provided a significant 

improvement in the SF variation over the study area; 

adaptive post-processing method can be investigated 

in future. 
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