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ABSTRACT

Accurate prediction of porosity and permeability is very important for reservoir characterization and hydrocarbon extraction.
Traditional workflow in the form of empirical correlations is usually difficult, time-consuming, spatially limiting, and entirely
dependent on formation geology. The current study examines a different approach, which uses machine learning (ML) regression
models based on well-log and core data. Three regression architectures including Random Forest, CatBoost, and K-Nearest
Neighbors (KNN) were trained and validated based on a dataset consisting of 340 samples of shaly sand gas reservoirs. The
gamma ray (GR), resistivity (RLLD), spontaneous potential (SP), bulk density (RHOB), neutron porosity (NPHI), and depth
were used as the input variables with the core-derived porosity (CPHI) and permeability (CKHG) being used as the targets. The
quantitative measures of performance of the models included R?, Mean Absolute Error (MAE), and Root Mean Squared Error
(RMSE). The findings indicated that KNN regression was better than its counterparts as it achieved R? = 0.8933 and R? = 0.9340
in terms of porosity and permeability prediction, respectively, and more acceptable metrics of errors showed. Comparatively,
the traditional empirical methods showed a significantly lower accuracy rate. The findings highlight that machine learning has
the potential to provide precise, scalable, and low-cost predictions of the reservoir properties which could lead to better choices
for exploration and production activities.
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1. Introduction

In studying the potential geological formation, reservoir
porosity and permeability are known as the fundamental rock
properties that represent the amount of fluid present in a
reservoir and its ability to flow easily through a rock [1].
These properties need to be assessed because they help to
make effective reservoir characterization, well location
optimization, and enhanced oil recovery (EOR) techniques.
Thus, an accurate evaluation of these properties can enhance
the production performance of the reservoir [2]. Usually, the
porosity and permeability are estimated using conventional
methods such as core analysis and log interpretation. The
main problem with the core analysis technique is that precise
measurements are difficult and costly techniques that are
also time-intensive and limited to specific depths [3].
Several correlations have been developed between porosity
to wireline readings, including the sonic transit time and
density logs. Porosity estimation can also be possible with a
combination of two or three porosity logs. However, the
equivalent porosity is not trivial, which is measured from the
sonic transit time and density log [1]. Porosity derived from
well logs often needs to be corrected due to various factors
(especially shale volume) can affect the porosity raw value
[4].
Permeability is a complex function of porosity, lithology,
and pore-fluid composition. Besides the core analysis,
several traditional methods have been offered to estimate
permeability from well log data [5]. All of the traditional

methods contain different coefficients which is most likely
dependent on the formation geology. Deep-seated rock
structure is usually distinct and rife, and it is difficult to apply
conventional approaches to determine permeability
effectively [6]. The Geology may be oversimplified with
these older methods, and the results are not always accurate.
As well, other traditional methods such as core analysis are
costly and as well as time-consuming [7].

Recently, machine learning (ML) has emerged as a driving
engineering resource in reservoir engineering because it
provides a data-driven approach to forecast petrophysical
properties with greater accuracy. ML models can explore
intricate relationships within extensive datasets, lessening
reliance on empirical correlations and augmenting predictive
capabilities. ML techniques can be used as a quick and cost-
effective solution to evaluate reservoir parameters from
complex coupled relations to indirect measurements, in this
case represented by well logs [8].

This study aims to utilize different machine learning models
to predict porosity and permeability, to compare those
models' performance with traditional methods based on
model evaluation metrics, and to determine the most
appropriate predictive model.

2. Literature Review

In previous times, many studies have been done to predict
porosity and permeability by applying various machine
learning methods. These techniques consistently exceed the
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performance of conventional empirical correlations and
regression analyses, particularly in complex reservoirs such
as shaly sand and carbonate formations. Aminian & Ameri
[2] and Aifa et al. [6] indicated that hybrid neuro-fuzzy
models and ANN-based flow unit classification enhance the
accuracy of permeability predictions. Another author, Trisna
et al. [8] showed that the XGBoost and Random Forest
models improve the precision of predictions, while Aifa et
al. [6] effectively combined electrofacies classification with
nonparametric regression methods. Comparative research,
like that of Lim et al. [7] and Tam et al. [9], validated that
ANNSs are more effective than linear regression in capturing
the complexities of reservoir behavior. The results highlight
the significance of ML models, which include greater
accuracy in  reservoir characterization, diminished
dependence on expensive core analysis, and improved
strategies for hydrocarbon recovery. Moreover, these ML
models facilitate quicker and more efficient decision-making
regarding well completions and water injection initiatives.
Nevertheless, issues such as overfitting, limitations posed by
small datasets, and challenges in feature selection persist.

3. Methodology

Data pre-processing is an important step in machine
learning and data-driven reservoir characterization. It is the
process of converting raw data into a format suitable for ML
modelling. It involves data handling, data cleaning, feature
selection, and dataset splitting[10].Effective data pre-
processing enhances the precision, dependability, and
generalization capability of ML models. A flowchart of the
functioning of ML algorithms is given in Fig. 1. In this study,
80% of the dataset is considered as training dataset, which is
used to train the model. The rest of the data is used to model
evaluation for predicting porosity and permeability.
Hyperparameters tuning are required when the desired
performance is not achieved, and this process continues until
meets the desired performance.
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Fig.1 Workflow diagram of ML model

3.1 Random Forest Regression

The random forest regression is a supervised learning
approach that is based on bootstrap aggregation (bagging) .
It involves the creation of multiple regression trees based on
a variety of bootstrapped samples that form part of the
original data. The trees are trained separately as well, and the
results of them are averaged to get the final prediction. Key
stages of the Random Forest model are bootstrap sampling,

random feature choice, tree construction, and prediction
aggregation [11]. The forest makes T predictions f;(x)
based on single trees given an input X. This ensemble is the
average of the predictions of all trees:

=¥ f(2) (1)

where T is the number of trees in the forest and f; (x) is the
prediction from t™ decision tree.
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Fig. 2 Basic structure of Random Forest Regression

3.2 Categorical Boosting (CatBoost Regression)

CatBoost regression relies on Gradient boosting concepts,
where the learning approach is to collect the predictions of
many weak learners and then compose them to make a strong
predictor [12]. Any split condition is equally used at all
levels of the tree to all data points characterized by oblivious
trees so that the tree is balanced and symmetric. And this is
done by each tree in the ensemble has an effect in the
eventual prediction, and the trees are grown in sequence [13].

Prediction

Accurate
prediction Error

Averaze All Predictions

Fig. 3 Basic structure of CatBoost Regression

The model during each of the steps, attempts to reduce the
residual error of preceding ensemble. Combine all trees to
form the final prediction:

Y =Fo(x) + ZZ=1 1. f¢(x) 2
where, 1= learning rate and f, (x)= output of the t'" tree
3.3 K-Nearest Neighbors (KNN) Regression

K-Nearest Neighbors (KNN) regression is a non-
parametric model-based technique that uses local learning,
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where the algorithm predicts a value of the target variable
based solely on the k most similar data points in the train data
[14]. In KNN regression, the estimation of a new input point
is done by evaluating the outputs of the k nearest neighbors

of the input point in the feature space. Sui X et al. [14]
describe KNN regression in following way:

A distance is computed between the new observation and
every one of the training points, the Euclidean distance being
most frequently selected as the criterion.

2
d(xi: xnew) = \/Zj'i=1 wj (xnew,j - xi,j) (3)

Here, x,.,; and x; ; is the jt feature of the new and training
samples respectively, and w; is the weight assigned to that
respective feature. After the identification of the k closest
neighbors, a kernel function can be used in unsupervised
learning tasks as well as in semi-supervised and map every
neighboring instance to a sparse weight with regard to its
distance to the query point.

A

Fig. 4 Basic structure of KNN Regression

The predicted response is then computed as a weighted
average of the neighbors’ responses:

$roy = 2K K (new ()Y (1) )
new Z{‘czl K(xnew,x(i))

where, K(Xpew, X)) = kerel function, y; = known
response of the i™ neighbor, 9,,,,, = new predicted value.

3.4 Model Evaluation Metrics

Model evaluation is the process of comparing a machine
learning model’s performance by applying different
evaluation metrics. In this study, we used coefficient of
determination (R?), mean absolute error (MAE), and root

mean squared error (RMSE) as evaluation metrics.

2 =1 ZimGi9?
R7=1 T i=9)? ©)
1 ~
MAE = i=1l yi = 3l (6)
1 ~
RMSE = |- X, (vi = 91)? ()

4. Results and Discussions

In this study, 340 data points of a reservoir collected from
an open-access platform were used to predict porosity and
permeability [15]. This dataset contains well log parameters,
including gamma ray (GR), spontaneous potential (SP),

resistivity laterolog deep (RLLD), neutron porosity (NPHI),
bulk density (RHOB), core porosity (CPHI), and core
horizontal permeability (CKHG) by depth.
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Fig. 5 Comparison between CPHI, PHI_D, and PHI_N

Fig. 5 shows that the estimated porosity from traditional
methods always varies with actual core data. This difference
indicates that the estimated porosity is not willing to have
more shale effect is not corrected for the assessment of shaly
formation.
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Porosity from the neutron method is further used in
estimating permeability by Wyllie & Rose method. The
results obtained from this method are shown in Fig. 6. This
suggests that estimating permeability from traditional
method is not reliable in this case, as permeability value is
different from most of the core permeability.
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Fig. 7 Correlation heatmap of input parameters

In Fig. 7, a heat map is provided, which is a visual
representation of the Pearson correlation coefficients
between every possible pair of variables with the span
between -1 to +1. The correlation matrix shows that CPHI is
strongly and positively correlated with NPHI (0.75) and SP
(0.75), and also demonstrates a significant negative
correlation with RHOB (-0.80). In the case of CKHG, there
is a moderate positive relation with DEPTH (0.52), SP
(0.52), and NPHI (0.49), which denotes that the formation
depth, porosity, and electrochemical properties are related to
compressive strength at CKHG.
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Table 1: Performance evaluation of each model

Random Forest

Parameter Metrics . CatBoost Regression KNN Regression
Regression

R? 0.8670 0.8772 0.8933
Porosity RMSE 10.61 8.95 3.43
MAE 7.38 6.98 2.90

R? 0.9273 0.9224 0.9340
Permeability RMSE 5.83 6.03 3.33
MAE 3.18 3.33 2.44

In the following, Table 1 shows a comparative analysis of
three machine learning models in terms of their porosity and
permeability prediction performance.

Actual vs Predicted: CPHI (CatBoost Regression)
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Fig. 8 Scatter plot of actual vs predicted porosity (Random
Forest Regression Model)
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Fig. 9 Scatter plot of actual vs predicted porosity (CatBoost
Regression Model)
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Fig. 10 Scatter plot actual vs predicted porosity (KNN
Regression Model)

KNN recorded the best R? = 0.8933 in the porosity prediction
with lowest RMSE of 3.43% and MAE of 2.9%. KNN
regression also emerged as the best in predictions of
permeability. It had the highest value of R? =0.9340, the
lowest RMSE (3.41%), and the lowest MAE (2.44%).

Fig. (8-10) shows all three models’ capability to predict
porosity accurately. Each blue dot represents a single data

sample, plotting the actual CPHI value (x-axis) against its
corresponding predicted value (y-axis) from each machine
learning model. The red line represents linear regression best
fit to the data points. which indicates how well the predicted
value matches the actual value. The close concentration of
the blue dots on the red line indicates that the KNN

regression model has a strong approximation of CPHI
values.
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Fig. 11 Scatter plot of actual vs predicted permeability
(Random Forest Regression Model)
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Fig. 12 Scatter plot of actual vs predicted permeability
(CatBoost Regression Model)

Similarly, Fig. (11-13) demonstrates the correlation between
actual and predicted CKHG and indicates that three models
predict permeability very accurately. The KNN Regression
yields the highest prediction accuracy for CKHG among all
the models, demonstrated by the highest R? value (0.9340),
closely followed by Random Forest (R? = 0.9273) and
CatBoost (R? = 0.9224), as seen by how closely the predicted
values align with the actual ones in each plot.

Fig. 14 and Fig.15 demonstrate a 2D line plot comparing the
actual data and the predicted data for porosity and
permeability. These two figures show that the predicted data
closely matches with actual data in many points. KNN
Regression shows good relationships between actual and
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predicted values for both parameters (porosity and
permeability) due to the high R? value.
Fig. 16 and 17 provide a comparison of the machine learning
model in terms of evaluation metrics for porosity and
permeability prediction. It shows KNN model performs
better than its competitors in both cases.

Actual vs Predicted: CEKHG (KENN Regression)
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Fig. 13 Scatter plot of actual vs predicted permeability
(KNN Regression Model)
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Fig.14 Comparison of actual vs predicted porosity
(KNN Regression Model)
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Fig.15 Comparison of actual vs predicted permeability
(KNN Regression Model)

Three machine-learning models were compared with
empirical methods of their effectiveness in predicting the
reservoir properties based on a multidimensional dataset
indicating the well-log records. Fig. 18 shows that these three
machine learning models have good predictive scores
compared with traditional empirical methods like neutron
porosity and density porosity methods. In Fig. 19, a
comparative analysis of the predictive abilities of Wyllie and
Rose correlation method and three different machine
learning models in the prediction of permeability of well log
data is systematically provided. It is seen that the Wyllie and
Rose correlation approach is weaker than the more advanced

machine learning models, which means that in most
situations, data-driven approaches are not only resilient but
even competitive with the standard traditional correlation
methods.
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Fig. 16 Comparative analysis of the predictive porosity
model based on evaluation metrics
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Fig. 17 Comparative analysis of the predictive permeability
model based on evaluation metrics
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Fig. 18 Comparison of R? between traditional empirical
methods and ML model for porosity prediction
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Fig. 19 Comparison of R? between traditional empirical
methods and ML model for permeability prediction

682



M A. Islam, B. Zaman and S. N. Ahmed. /SCSE Vol. 4, 2026, pp 678-683

5. Conclusions

This study demonstrates the potential of machine-
learning (ML) methods to predict major reservoir
characteristics such as porosity and permeability directly
based on the well-log data, which is a faster, cheaper, and
more reliable alternative to the traditional core-based
processes. Traditional empirical correlations often do not
capture the complex, nonlinear interactions that are dictated
by the geological heterogeneity, with the ML model used,
specifically the K -Nearest -Neighbors (KNN) regression,
achieving high predictive or precision with a R? score of
0.8933 and 0.9340 of porosity and permeability respectively.
Random forest achieved lowest R? for porosity prediction,
while catboost regression is responsible for lowest
permeability prediction accuracy compare with others.
Despite the limitations of the study due to a small sample
size, the restriction to one lithological context (shaly sand),
and the absence of hybrid or deep-learning architectures, the
study results highlight the strength of ML when it comes to
handling sparse or incomplete data. Future research must
expand the data to include many wells, consider hybrid or
deep-learning networks and include dynamic shale-volume
corrections to optimally generalize models and draw the
spatial boundaries of the characteristics of the reservoirs,
thus aiding in better informed field-development plans.
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