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Summary 

 

In recent years, with the advancement in technology, 

machine learning has found practical applications in 

various arenas of science. Advanced statistical and 

machine learning algorithms have the potential to 

decipher information and relationships present in 

variety of geo-data. The data driven approach makes 

machine learning algorithm statistically robust. In 

current study, various supervised machine learning 

algorithms have been successfully used to predict 

both compressional and shear sonic logs in those 

wells where they have not been acquired. Machine 

learning algorithms demand compressional and shear 

sonic logs in few wells for predicting them in other 

wells. The approach is more time efficient than 

predicting logs through a calibrated rock physics 

model. One of the efficacies of predicting these 

elastic logs is to facilitate an improved seismic data 

inversion.  

 

A suite of machine learning algorithms such as 

Linear Regression, Neural Networks, k-NN, 

Adaptive Boosting and Random Forest was used to 

predict compressional and shear sonic logs (target 

variables). The features (inputs) for the machine 

learning algorithm were carefully chosen using 

stepwise regression technique. The recorded 

compressional and shear sonic logs were affected due 

to borehole rugosity and/or mud filtrate invasion at 

some depth intervals. Hence, the machine learning 

algorithms were trained using the output from rock 

physics model in wells with available compressional 

and shear information. k-fold (k=5 in current study) 

cross validation technique was used to test the 

effectiveness of the machine learning models. 

Thereafter, the performance indicators viz. root-mean 

square error, mean absolute error and R
2
 of the 

validation dataset were compared to pick the most 

suitable algorithm for prediction in wells missing 

compression and/or shear information (test wells). 

Before applying the algorithm on test wells, a 

similarity analysis was carried out to ensure 

similitude between training and test dataset. Machine 

Learning not only allows envisaging compressional 

and shear sonic logs in a time efficient manner but 

also captures and unfolds the subtle information 

present within the dataset. The predicted logs were 

then compared with the equivalent output from rock 

physics model. Adaptive Boosting was found to be 

the most suitable machine learning algorithm to 

predict elastic logs in OCS formation of Linch field. 

 

Introduction 

 

Elastic properties such as density, P-wave and S-

wave velocities, along with their relationship to 

various rock properties such as lithology, porosity or 

fluid content is extremely crucial in reservoir 

characterization. P-wave and S-wave velocities could 

be of immense help in identifying fluids type in 

porous reservoir rocks. However, in numerous cases 

there is sparse availability of shear information in the 

field. Rock-physics modeling is widely used as an aid 

to supplement the missing shear information in rest 

part of the field or in the same well for depth 

intervals where data has been affected due to 

borehole rugosity and/or invasion.  

 

For clastic sedimentary rocks, Xu-White (1995) 

model is one such rock physics model which 

attributes the effect of clay content and pore aspect 

ratio differences between shale and sandstone pores 

on sonic velocity. Aspect ratio refers to the ratio 

between the minor and major axes of an ellipsoidal 

pore.  

 

However, modelling shear wave velocity can be both 

tedious and time consuming. Machine learning 

algorithm can be used to train the model and predict 

the shear log information in wells with absent shear 

information. This technique will incorporate all the 

statistical information embedded within the training 

data. 



A machine learning approach to predict compressional and shear sonic log 

The current study (Fig.1) is focussed for Linch pays 

developed within OCS formation of Linch field in 

Western Onshore basin, India. Linch field is located 

on the western rising flank of Warosan low in south-

east part of Mehsana sub-block in the Mehsana-

Ahmedabad block of Cambay Basin. It is an 

anticlinal structure trending in NW-SE direction and 

lies between two very prominent tectonic elements, 

Mehsana Horst in the west and Jotana Fault in the 

east. Mehsana Horst remained a positive area 

throughout during deposition of Cambay Formation 

and did restrict the deposition of OCS sediments to 

the west. Hydrocarbon presence has been established 

in Kalol, Chhatral, Mehsana, Mandhali and OCS 

(Linch pay). Various arenaceous units within OCS, 

designated as Linch pays occur as discreet lensoid 

sand body having limited aerial extent. 

 

 
Figure 1: Location Map of Cambay basin (left top), tectonic blocks 
of Cambay basin (right top), Linch Field within Mehsana-

Ahmedabad Block (right bottom) and Training & Test Wells (left 

bottom) 

 

RPM was carried out in three wells where shear data 

was already acquired. The output of RPM viz. 

compressional slowness, shear slowness and density 

was used as a target to train the ML algorithm. The 

trained model was then used to predict the 

compressional and shear sonic logs in three nearby 

wells after carrying out similarity analysis. Fig. 1 

(left bottom) displays the basemap showing wells A, 

B and C (highlighted in orange color) as training 

wells which have shear log data and wells D, E and F 

(highlighted in blue color) as test wells where the 

shear logs were to be predicted. 

 

Theory, Workflow and Methodology 

 

Machine Learning gives an insight into the dataset 

without being explicitly programmed. Broadly it can 

be classified into Unsupervised (based on input data) 

and Supervised (based on both input and output data) 

Learning. Unsupervised involves grouping or 

clustering the dataset based on similarity, patterns or 

differences. Supervised learning can be further 

classified into classification (discrete outcome) or a 

regression problem (continuous outcome).  

 

Three wells with shear log data were available for 

Linch pays within OCS formation. The adopted 

workflow is shown in Fig. 2 which describes the 

steps that were sequentially carried out for prediction. 

 
Figure 2: Workflow and Methodology for predicting Vp or Vs 

using ML 
 Firstly, all the well logs were conditioned (depth 
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etc.) and petrophysical evaluation was carried out to 

compute effective porosity, total porosity, saturation 

and mineralogical volumes. Since this is a sand-shale 

sequence, Xu-White model was adopted to model the 

compressional and shear logs in wells with available 

shear log data. It is a velocity model for Clay–sand 

mixtures developed in terms of the Kuster and 

Toksöz (Kuster and Toksoz, 1974), effective medium 

and Gassmann theories.  

 

Stepwise regression was used in current study (Fig. 

3) for feature selection which allows us to find best 

combination of attributes for predicting the target log. 

The features/attributes for stepwise regression were 

all conditioned log data along with processed 

petrophysical outputs viz. porosity, saturation and 

volume of shale. For predicting shear log, stepwise 

regression (Fig. 3) shows a combination of five 

attributes viz. Log(DT), 1/RT, 1/(PHIT), Sqrt(NPHI) 

& Vcl**2 to be taken for best prediction in test wells. 

Similarly, stepwise regression was carried out for 

compressional log as well.  

 

 
Figure 3: Stepwise regression for predicting shear slowness. 

 

 

Then, five different machine learning algorithms 

namely, Linear Regression, Neural Networks, k-NN, 

Adaptive Boosting and Random Forest were 

examined to fit the dataset and predict shear and 

compressional logs. A brief description of each 

algorithm is mentioned below. 

 

Linear Regression: It is used to estimate real values 

based on continuous variable. A linear relationship is 

established between independent and dependent 

variable. It can either be simple linear regression 

characterized by one variable or multiple linear 

regressions characterized by more than one variable. 

 

Neural Network: The Neural Network used here is a 

Multi-layer Perceptron algorithm that can learn both 

non-linear models as well as linear. A multilayer 

perceptron (MLP) is a class of feed-forward artificial 

neural network which consists of at least three layers 

of nodes: an input layer, a hidden layer and an output 

layer. Except for the input nodes, each node is a 

neuron that uses a nonlinear activation function. MLP 

utilizes a supervised learning technique called back-

propagation for training. 

 

k-Nearest Neighbour (k-NN): It is used for both 

classification and regression. The k-NN algorithm 

searches for k closest training examples in feature 

space and uses their average as prediction. This 

algorithm is also used for classification. 

 

Adaptive Boosting: This algorithm is an ensemble 

meta-algorithm that combines weak learners and 

adapts to the „hardness‟ of each training sample. It is 

adaptive in the sense that subsequent weak learners 

are tweaked in favor of those instances misclassified 

by previous classifiers. It is sensitive to noisy data 

and outliers.  

 

Random Forest: It predicts using an ensemble of 

decision trees. Each tree is developed from a 

bootstrap sample from the training data. When 

developing individual trees, an arbitrary subset of 

attributes is drawn (hence called “Random”), from 

which the best attribute for the split is selected. 

 

Next, a k-fold cross validation (k=5 for current case) 

was carried out to choose the most appropriate 

algorithm out of the five algorithms. It first splits the 

entire dataset into k folds/section. Then it fits the 

model using k-1 folds and validates the model using 

the remaining k
th

 fold. This process gets repeated 

until every k-fold serves as test data. Then the 

average of the scores is taken as performance metric 

for the model. Fig. 4 shows the root mean square 

error, mean absolute error and R
2
 for the five 

algorithms in validation dataset. Post analyzing the 

validation error, Adaptive Boosting algorithm was 

selected as the most suitable algorithm for log 

prediction in current study. 
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Figure 4: Root mean square error, mean absolute error and R2 for 

five ML algorithms 

 

Before applying on test wells, a similarity analysis 

was carried out to evaluate similarity between the 

training dataset and test dataset to successfully 

propagate the model. Fig. 5 shows that all three test 

wells have good similarity (green colored fill) with 

the wells used to train the model. 

 

Figure 5: Similarity analysis on wells D, E & F 
 

Finally, the Adaptive Boosting (AdaBoost) algorithm 

was applied to the three test wells. For all these three 

wells, RPM was also carried out in parallel. A 

comparison between the two is discussed in 

subsequent paragraphs. 

 

Results & Discussions 

 

The output has been analyzed both in log display as 

well as on crossplots to comprehend the behavior of 

reservoir (both hydrocarbon and water bearing) and 

non-reservoir zones. 

 

Fig. 6 shows the cross plot of compressional 

slowness predicted from ML algorithm (Adaptive 

Boosting) and RPM (Xu White, 1995). A cross 

correlation of 92.8% is observed between the two. 

 

 
Figure 6: Cross-plot of P-wave slowness predicted from ML 

algorithm (AdaBoost) and RPM (Xu-White) 

 

A cross plot of shear slowness predicted from ML 

algorithm (Adaptive Boosting) and RPM (Xu White, 

1995) is shown below in Fig. 7. A cross correlation 

of 90.4% is observed between the two. 

 
Figure 7: Cross-plot of S-wave slowness predicted from ML 

algorithm (AdaBoost) and RPM (Xu-White) 
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Figure 8: A typical paralog (for Well: F) comparing the predicted P-wave slowness, S-wave slowness & Vp/Vs from RPM (Xu-White) and 

Machine Learning algorithm (Adaptive Boosting) 

A typical paralog for test Well: F is shown in Fig. 8. 

P-wave slowness was recorded in this well. Track-5 

shows recorded and rock physics modeled P-wave 

slowness. Track-6 shows recorded and predicted 

(using ML algorithm) P-wave slowness. Track-7 

shows overlay of shear log predicted from RPM and 

machine learning algorithm. Track-8 shows overlay 

of Vp/Vs predicted from RPM and machine learning 

algorithm.  

Track 6 and Track 7 depict a pretty good correlation 

between the predicted compressional and shear 

slowness from machine learning algorithm and rock 

physics modeling. Track 7 shows a good contrast in 

Vp/Vs between the pay (2248-2251m) and non-pay 

zones in both the logs (predicted using ML algorithm 

and modeled using RPM).  

 

Ødegaard and Avseth, 2004 had proposed a 

technique where rock physics template (RPT) was 

used to estimate fluid and mineralogical content of a 

reservoir using cross plot of Vp/Vs ratio against 

acoustic impedance. Fig 9 shows a RPT which 

describes the effect of clay content, porosity, 

saturation, cementation and pressure. 
 

 
Figure 9: Rock Physics Template (after Odegaard and Avseth, 

2004) 
 

Fig. 10 shows the comparison of results from 

Machine Learning and RPM (Xu-White) using RPT. 
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Figure 10: Vp/Vs vs P-Impedance predicted using ML algorithm 
(Adaptive Boosting) & Rock Physics Modeling (Xu-White model) 

for Wells D, E & F 

 

Conclusions 

 

 The logs predicted using machine learning 

algorithm mimic the rock physics modeled logs 

prodigiously.  

 The procedure proves to be time efficient and 

statistically robust. 

 Rock Physics Template prepared using ML 

predicted Vp and Vs logs clearly distinguishes 

between pay zones and non-pay zones. 

 The algorithm can be directly trained using the 

recorded log as target, provided the data quality is 

reasonably good. 

 Feature selection (selecting inputs which 

contribute most to the predicted output) and 

similarity analysis (between training and test 

wells) play very vital role in model‟s performance. 

 Adaptive Boosting was found to be the most 

suitable ML algorithm for prediction of elastic 

logs within OCS formation of Linch field. 

 Predicted elastic logs can be used in further G&G 

studies viz. geomechanics, seismic inversion etc. 

 Similar approach using machine learning can be 

applied in log conditioning, facies prediction and 

other expanses of petrophysics. 
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