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ABSTRACT

Traditional methods of measuring well logs are expensive, error-prone and time-consuming, which
has led to the development of machine learning models that can predict well logging based on well-
log data. This study aims to determine the most effective metrics of model evaluation for predictive
log by machine learning models for predicting of well logging based on available well-log data. The
study covers a detailed explanation of the data-gathering and pre-processing techniques used.
trained and evaluated based on their performance, namely linear regression, support vector machine
(SVM), Neural Network (NN) and decision Trees (DT) models. The models were evaluated based
on their Mean Squared Error, R squared, Mean Absolute Error and RMSE values, confusion matrix
and ROC. Our results showed that the Decision Trees (DT) for MSE value of 10.86, achieving
(RMSE) value of 3.29, (MAE) value of 2.225 and (R square) value of 0.92. These findings suggest
that machine learning models can be a powerful tool for predicting of best training from well-log
data, in particular, holds great promise for future modelling efforts in this area.
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1. Introduction

Many real-world situations might benefit from the use of machine
learning (ML) approaches due to recent advancements in ML and
rising computational capacity [1]. With its abundance of data, the
petroleum sector is well-positioned to take advantage of these
strategies and provide major benefits. The measurements of physical
attributes that are obtained during the drilling of exploratory boreholes
and documented in well logs sequential recordings of features
collected at regular depth increments usually make up the accessible
data.

The features of the surrounding geology are inferred from the well logs
using a variety of modelling methods. In the end, these help with
commercial decision -making about the well's further development or

the development of whole oil fields, depending on the hydrocarbon
content estimate.

Well log interpretation is a time-consuming and costly process that
transforms raw data into information that is useful to the commercial
world. It calls for a large amount of human labor as well as a high level
of skill and experience. Inaccurate hydrocarbon content estimation
also has a big financial impact as it can lead to lost chances or high
drilling expenses for a producing well with poor hydrocarbon return
[2].

The well logs, which are inherently noisy and imperfect, include raw
measurements taken with a variety of instruments. Petro-physicists
were assigned the duty of correcting incorrect readings and guessing
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missing data in order to "condition," or clean, the well logs. Only once
this has been completed can they proceed with the interpretation of the
rock properties.

In this work, we determine the relationships among several physical
characteristics measured within a borehole using supervised machine
learning approaches. One of these attributes is then used as a
dependent or target variable, while the other attributes are used as
independent or input variables. Each well log record corresponds to a
single observation, and we use a subset of these observations to train
the models while keeping an evaluation-ready disjoint set. We only
use data if the desired attribute has been recorded for training and
evaluation purposes, utilizing the measured value as the ground truth.
Petro-physicists will no longer need to label the data in advance, and
our theory is that this will lead to more consistent data values and
prevent human intervention.

2. Background

Using a collection of existing training data, supervised machine
learning (ML) automatically determines a functional link between
input and output variables. Each input comprises an ordered vector of
values, referred to as independent variables or features, that
characterize different aspects of the issue [3]. Through the evaluation
of the learnt function across the input vector, the output values also
referred to as dependent or target variables are predicted [5].
Regression is used for goals with a continuous, possibly infinite
domain, whereas classification is used for targets where the target
values constitute a (often small) finite set. This distinction is based on
the domain of the target variables.
We used neural networks, Support Vector Machines and gradient tree
boosting as two regression models to approximate the missing data in
the logs. Both models are essentially different, even though they both
take a vector of characteristics as input and output a goal value.

A neural network (NN) is made up of many layers, each of which has
a variable number of neurons.

A neural network with one hidden layer is shown in Figure 1, and the
network’s exact design is determined by the issue it is meant to solve.
Each neuron shown in Figure 2, the first input layer represents a single
value from the input vector. In the training phase, these weights are
learnt. The values of neurons in subsequent layers are computed as a
weighted sum of their predecessors modified by an activation function.
The last layer, called the output layer, shows the inferred value, which
is derived from the vector of features supplied to the network, the
activation functions (which specify a node's output based on its input),
and the weights. At a neuron's output, the activation function serves as
a decision-making body [8]. Based on the activation function, the
neuron learns either linear or non-linear decision limits. Additionally,
because of the cascading effect, it exerts a levelling impact on neuron
output, preventing neurons' output from growing excessively big after
several layers [6].

Neural networks can detect complex patterns in extremely non-linear
data sets, such as well logs, since the activation function does not have
to be linear to its parameters.
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Fig. 2. A neuron showing the input (x1-xn), their corresponding
weights(wl1-wn), a bias (b) and the activation function f applied to the
weighted sum of the input.
Gradient Tree Boosting (GB) is a term used to describe the widely
used machine learning method called Gradient Boosting. Gradient
Boosting is an ensemble learning technique that builds a powerful
prediction model by combining several weak prediction models, often
decision trees. Regression, classification, and ranking issues are just a
few of the fields in which it has been effectively employed in machine
learning. They frequently perform better than other conventional
models and are strong algorithms for handling intricate forecasting
jobs.
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Fig. 3. The first tree (T) is a decision tree providing a rough estimation
of the value to be predicted. The second tree (Tel) predicts and
corrects the error of T, leading to a reduced overall error [4].

The accuracy of these regression decision trees is severely constrained
since they can only reliably forecast the values that are represented by
their leaves. Gradient Tree Boosting gets around this restriction by
building an ensemble of trees, as shown in Figure 3, where each tree
that follows after the first corrects the error of the one before it,
improving the prediction until the error converges or the model begins
to overfit.

3. Methodology

A massive data analysis and testing were undertaken, consistently,
with the aid of metrics evaluation, testing and training, as well as,
methods of machine learning. Furthermore, the raw data, have been
elaborated and harvested, from well documented data, at Kaggle, data
library, for data log. Alternatively, Excell sheets were utilized to
represent data, after processing. Consequently, metrics of data models
have been considered, for the Predictive purposes (RMSE, R_square,
MAE, MSE).

Inpat Layer Midden Layer Outpat Layer . . . . . .
: Alternatively, machine learning techniques were applied in terms of
Variable - #1 decision trees (DT), support vector machines (SVM), neural networks
J (NN), and classification in terms of confusion matrix, in order to reach
to realistic level of confidence. However, the methodology will be
Variable - #2 taken to gain insights analysis and more than adequate
Y o decisions ruling.
Variable - 83
Varlable - 84
Fig. 1. Neural Network with one hidden layer (3 neurons)
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Fig. 4. model flowchart use supervised machine learning
4. Theoretical Background
Basic ideas and techniques form the theoretical basis for an extensive
comparative analysis of several machine learning models in well log
prediction and evaluation [4]. An important component of subsurface
exploration is well logging, which procedures a variety of
characteristics of rocks and fluids, as well as gamma-ray, resistivity,
porosity, and acoustic logs [9]. By analyzing the physical and chemical
characteristics of the materials that make up the Earth's subsurface, the
field of petrophysics is important to the interpretation of well log data.
Regression models such as support vector regression, decision tree
regression, and linear regression are frequently used in supervised
learning to make predictions, whereas classification models are used
to handle discrete outcomes such as petrology classes [12].
Log transformations and depth-related features are two feature
engineering strategies that improve the model's capacity to represent
geological patterns.
Normalization, scaling, and filling in missing data are examples of
data pre-processing procedures that guarantee the constancy of
machine learning algorithms, various complexities in geological
datasets in [4] are accommodated by model selection procedures such
as decision trees, support vector machines, and neural networks. While
classification metrics calculate accuracy, precision, recall, and F1-
score for classification tasks, evaluation metrics like Mean Absolute
Error (MAE), Mean Squared Error (MSE), and R-squared assistance
analyze prediction accuracy. By dividing the dataset into many folds,
cross-validation techniques such as K-Fold Cross-Validation ensure
robust model evaluation [11-12]. The models are further refined
through ensemble approaches, hyperparameter tuning, and concerns
for interpretability and integration of domain knowledge. Specialized
strategies are needed to address imbalanced data, particularly in
situations where certain lithologies are less common investigation.
5. Metrics for Model Evaluation
Define evaluation measures according to the type of task being
predicted. Metrics like Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), R Square (R?) and Mean Absolute Error
(MAE) are frequently employed for regression jobs [7-10-13].

Table 1. Definition of the measurements of MSE, R square, RMSE
and MAE

RMSE Root mean squared error. The RMSE is
always positive and its units match the units
of your response.

R-Squared Coefficient of determination. R-squared is
always smaller than 1 and usually larger
than 0. It compares the trained model with
the model where the response is constant
and equals the mean of the training
response. If your model is worse than this
constant model, then R-Squared is negative.

Mean squared error. The MSE is the square
of the RMSE

Mean absolute error. The MAE is always

positive and similar to the RMSE, but less
sensitive to outliers.

6. Results and Discussion

The regression leaner and classification trains models to predict data.
we used training to search for the best regression model type, including
linear regression models, regression trees, Gaussian process regression
models, support vector machines,

ensembles of regression trees, and neural network regression models.
6.1. regression learner

The regression learner performs hyperparameter tuning by using
Bayesian optimization. The goal of Bayesian optimization, and
optimization in general, is to find a point that minimizes an objective
function a point is a set of hyperparameter values, and the objective
function is the loss function.

Table 2. Describe the measurements of MSE, R square, RMSE

and MAE
Tree Regression
53.6 123

11.2

0.91 0.59 0.91
Square
RMSE 3.34 7.32 3.59

Table 3. Describe the measurements of optimizable MSE, R
square, RMSE and MAE

Optimizable Optimizable SVM
Decision Tree

10.8 49.6

AE

RMSE 3.29 7.04
In these models, the best validation in model of Decision Tree then we

make to test of this model and the result show in table 4.
Table 4. Test results for testing model of decision tree

_ Testing Model of Decision Tree

MSE (test 1.547

0.99
1244

0818

6.2. CLASSIFICATION LEARNER

We used the same models that used in Regression Learner, and
calculate Accuracy that was the best resulte of Accuracey equale to
when apply the models of Decision Tree, plot confuion Matrix %99.9
and Receiver Operating Characteristic ROC as shown in figures.

2.225 4121
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Fig. 6. Confuion matrix of Decision Tree.
where:
TPR= true positive rates. FNR=false negative rates.
PPV=positive predicative values. FDR=false discovery rates.
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Fig. 7. Confuion matrix of Decision Tree
The Area Under Curve (AUC)value under a ROC curve,
corresponds to the integral of a ROC curve true positive rate (TPR
values) with respect to false positive rate (FPR)
fromFPR=0to FPR=1. The AUC values are in the range
fromOtol, and larger AUC values indicate better classifier
performance. It used to compare classes and trained models to see if
they perform differently in the receiver operating characteristic (ROC)
curve.
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Fig. 8.. ROC of Decision Tree Model
Best Validation Performance is 2.6049e-07 at epoch 12
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Fig. 9. Best validation performance.
W e calculate of Anomaly Detection using euclidean distance for
scatter plot to visulize the clustermean and new sample as showen in
follow figuer

Anomaly Detection using Euclidean Distance

Fig. 10. Anomaly detection using Euclidean distance.
And calculate median absolute deviation (MAD) for normal and
anomaly data for measure to Mahalanobis distance. Mahalanobis
distance is a measure of the distance between a point and a
distribution to visulize in follow figuer 11. It is useful in identifying
outliers and in classification problems
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Fig. 11. Anomaly detection using Mahalanobis distance.

7. Conclusion
Finally, in an effort to get beyond the drawbacks of conventional
measuring techniques including expense, inaccuracy, and time
consumption, this study investigated the use of machine learning
models for well logging prediction based on well-log data. The study
concentrated on assessing the effectiveness of several machine
learning models, including decision trees (DT), support vector
machines (SVM), Neural Network (NN) and linear regression.
The decision trees (DT) model beat the other models during the
assessment process, as evidenced by its mean squared error (MSE)
value of 10.86, root mean square error (RMSE) value of 3.29, mean
absolute error (MAE) value of 2.225, and R-squared value of 0.92.
The best resulte of Accuracey in classification learner equale to
when applay the models of Decision Tree %99.9.
Based on the available well-log data, these findings demonstrate how
effectively the DT  model  predicts  well logging.
The study's conclusions demonstrate the potential of machine learning
models as effective instruments for forecasting well logging and
determining which well-log data makes for the best training and good
predication. The industry may gain from increased well logging
forecast accuracy, efficiency, and cost-effectiveness by utilizing these
models, which will eventually enhance decision-making procedures
and maximize resource exploration and production.
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