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ABSTRACT	 Entropy-based descriptors extracted from geophysical well logs are effective for lithology 
discrimination, but their performance strongly depends on sliding-window design, defined 
by window size (W) and step size (S). This study proposes a data-richness-driven workflow 
that combines four entropy measures, i.e. approximate entropy, permutation entropy, 
singular value decomposition entropy, and fuzzy entropy, with multiple machine learning 
models, including random forest (RF), gradient boosting (GB), multilayer perceptron 
(MLP), K-nearest neighbours, and decision tree. We introduce the informational richness 
indicator (IRI) and its normalised form (IRI%) to quantify the effective information 
density induced by W and S. Using a large, heterogeneous well-log dataset, results show 
that accuracy, precision, recall, and the F1-score increase monotonically with IRI% and 
stabilise beyond a high-information threshold. Three regimes are identified: low IRI% 
regime (<5%) with high variance and poor performance, mid IRI% regime (5–50%) with 
rapid improvement, and high IRI% regime (>50%) where performance plateaus. RF 
achieves the most robust results (≈93–96%), followed by MLP and GB. Targeting IRI% ≥ 
50%, typically achieved with W = 60–100 and S ≤ 3, provides a practical and transferable 
rule for optimising entropy-based lithology discrimination while balancing accuracy and 
computational cost.
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1. Introduction

Geophysical well logs are fundamental tools for the detailed characterisation of petroleum 
reservoirs, widely applied across geophysical and geological disciplines. They offer continuous, 
high-resolution subsurface data that are critical for evaluating lithological and petrophysical 
properties such as rock type, porosity, permeability, and fluid saturation (Bosch et al., 2002; 
Dewhurst, 2015). Compared to core samples, which are limited to specific intervals, and seismic 
methods, which often lack the resolution to detect fine-scale variations, well logs provide a more 
consistent and comprehensive view of the reservoir (Gilbert et al., 2004; Mikes et al., 2006; Ren 
et al., 2019; Imran et al., 2020; Sun et al., 2020).
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In lithology discrimination, well logs are particularly valuable, as they record a range of 
physical properties including acoustic velocity, resistivity, natural gamma radiation, and bulk 
density (RHOB), along the entire wellbore. These measurements enable geoscientists to delineate 
lithological boundaries, infer mineral compositions, and reconstruct depositional environments 
with high accuracy (Kim et al., 2020; Fagbemi et al., 2024; Li et al., 2024). Such analyses are 
essential not only for identifying rock types but also for assessing reservoir quality, structural 
complexity, and the presence of hydrocarbon-bearing zones (Lai et al., 2024). 

To fully harness the potential of geophysical well logs (especially in complex geological 
environments) advanced analytical techniques are essential. Traditional interpretation methods 
often fail to capture subtle yet meaningful features embedded in the data. In this context, entropy-
based approaches have emerged as powerful tools due to their ability to quantify uncertainty 
and reveal complexity in time-series datasets. Initially conceptualised in thermodynamics 
(Clausius, 1865), entropy has since found broad application in domains such as information 
theory (Mohseni et al., 2024), statistical mechanics (Mageed et al., 2022), biomedical signal 
analysis (Borowska, 2015), and civil engineering (Amezquita-Sanchez, 2021). Their relevance 
to analysis of data across a wide range of disciplines lies in their effectiveness at identifying 
patterns, detecting anomalies, and enhancing interpretability (Amigó et al., 2018; Zhang et al., 
2021).

Recent research highlights the adaptability of entropy-based techniques. For example, 
Huang et al. (2024) utilised a combination of entropy measures such as the Shannon entropy 
and approximate entropy (ApEn) to improve the analysis and privacy protection of neurological 
time-series data. Likewise, entropy metrics have been successfully applied to structural health 
monitoring, enabling the detection of subtle dynamic changes (Amezquita-Sanchez, 2021). In 
geoscience, as emphasised by Hristopulos and Varouchakis (2023), maximum entropy methods 
have become valuable tools for uncovering structure in complex datasets. They are particularly 
effective for estimating the spectral content of stationary random processes and constructing 
probabilistic models that account for spatial and temporal dependencies in geological systems.

In geophysics, machine learning (ML) has become an indispensable tool for analysing 
complex subsurface datasets and uncovering nonlinear patterns that often elude conventional 
interpretation methods. Applications range from seismic horizon tracking with deep convolutional 
neural networks (Yang and Sun, 2020) to shear-wave velocity prediction in tight reservoirs using 
deep learning compared with rock physics models (Fang et al., 2024). Simultaneously, ML has 
transformed reservoir characterisation by integrating diverse geophysical and petrophysical 
datasets and detecting complex patterns that often remain inaccessible to traditional statistical 
approaches (Yu and Ma, 2021; Wang and Chen, 2023; Boulassel et al., 2026). A wide spectrum 
of ML techniques, spanning supervised algorithms, unsupervised clustering, and deep learning, 
have proven particularly effective in modelling petrophysical properties and enhancing 
predictions of lithology, porosity, and permeability. For instance, Singh et al. (2020) demonstrated 
that integrating geophysical well-log data with optimised ML algorithms significantly improves 
lithology classification accuracy.

Recent studies have further expanded the role of ML in lithology and fluid characterisation. 
Multifractal and clustering approaches, such as K-means and agglomerative hierarchical 
clustering, have been successfully applied to reservoir fluid typing (Boulassel et al., 2021), while 
fractal attribute-based ML workflows have enabled robust fluid prediction in clastic reservoirs 
(Boulassel et al., 2025a). Ensemble-based regression methods and deep learning models have 
been developed for predicting or reconstructing dynamic shear wave slowness (Boulassel et 
al., 2025b, 2025c), and long short-term memory networks have been employed for saturation 



3

Entropy-based well-log analysis	 Bull. Geoph. Ocean., XX, XXX-XXX

prediction from well logs (Cheddad et al., 2025). Additionally, wavelet-based multifractal 
attributes combined with ML have shown strong potential for oil–gas discrimination (Boulassel 
et al., 2025d). In lithology studies, feedforward and convolutional neural networks have been 
widely adopted for facies classification, with promising results (Noroozi and Riahi, 2025).

Moreover, advances in measures of signal complexity and ML frameworks have further 
enhanced the ability to extract meaningful insights for reservoir evaluation. Entropy and 
multifractal-based attributes, when integrated with ML classifiers, have been shown to improve 
fluid typing and lithology discrimination (Ferreira et al., 2009; Hernandez-Martinez et al., 
2013; Boulassel et al., 2021; Figiel et al., 2022). These approaches not only strengthen feature 
extraction but also increase interpretability, thereby providing a more reliable delineation of the 
lithological boundaries and fluid properties.

Building on this foundation, the present study focuses on optimising sliding parameters 
for entropy-based analysis of geophysical well logs to enhance lithology discrimination. Using 
overlapping sliding windows, a common strategy in signal processing, we analyse how variations 
in window size (W) and step size (S) affect classification performance. We apply ML classifiers to 
model lithological patterns based on entropy analysis, aiming to identify the optimal combination 
of parameters (W, S) and algorithms for improved predictive accuracy.

To support the statistical generalisability and robustness of the proposed entropy-based 
lithology discrimination approach, this study employs a large and diverse dataset. From over 
130 wells initially analysed, 117 were selected based on the availability of comprehensive and 
high-quality data. This resulted in the extraction and utilisation of 1,170 geophysical well logs 
encompassing a wide range of measurements, including gamma ray (GR), sonic travel time 
(DTC), neutron porosity (NPHI), RHOB, photoelectric factor (PE), and multiple resistivity logs 
[RT10 (micro-resistivity), RT20 (very shallow resistivity), RT30 (shallow resistivity), RT60 (medium 
resistivity), and RT90 (deep resistivity)]. The extensive dataset provides a solid foundation for 
reliable model training, validation, and interpretation.

This paper is structured as follows: Section 2 outlines the materials and methods, including 
dataset selection, preprocessing, and modelling approaches. Section 3 presents the results and 
discusses the impact of sliding parameters on classification outcomes. Ultimately, Section 4 
concludes the study, summarising key findings and suggesting avenues for future research. 

2. Materials and methods

This study is grounded in data from 117 wells distributed across Algeria’s major producing 
basins, capturing a wide range of geological, lithological, and petrophysical contexts. Tectonically, 
Algeria is divided into two primary domains by the South Atlas Fault. To the north lies the Alpine 
domain, shaped by Alpine orogenic processes, while to the south extends the Saharan Platform, a 
stable geological province underlain by a Precambrian basement and overlain by thick Palaeozoic 
to Mesozoic sedimentary successions hosting prolific petroleum systems (Zeroug et al., 2007).

From a lithological perspective, Algeria’s stratigraphy is characterised by thick Palaeozoic 
successions dominated by alternating sandstone and shale formations, with additional carbonate 
and evaporitic intervals. Cambrian to Carboniferous units include extensive sandstone reservoirs 
interbedded with shale, while the Silurian shale represents a major regional source rock. The 
Mesozoic succession comprises Triassic red beds and evaporites, Jurassic carbonates, and 
Cretaceous clastic–carbonate sequences, overlain by Tertiary deposits of mixed lithology. This 
vertical organisation of reservoir, seal, and source rocks governs the petrophysical responses 
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observed in the studied well logs (Zeroug et al., 2007).
The hydrocarbon domain is subdivided into three petroleum provinces (eastern, western, and 

northern) each containing multiple sedimentary basins with distinct structural and stratigraphic 
settings (Fig. 1). Within this framework, the dataset includes wells from Illizi (13 wells), Berkine 
and Oued Mya (12 wells each), as well as the Amguid–Messaoud, Hassi Messaoud, Ahnet, Hassi 
R’Mel, Béchar–Oued Namous, Reggane, Tindouf, and Sbâa basins, which are evenly represented. 
Although the wells are not confined to a single field-scale work area, all are located within the 
Saharan Platform petroleum province and share comparable depositional environments and 
petrophysical characteristics.

Stratigraphically, approximately 55% of the logs correspond to Palaeozoic formations, 35% to 
Mesozoic units, and 10% to Cenozoic deposits. Lithologically, the dataset is dominated by shale 
(~61%), followed by sandstone (~20%) and siltstone (~13%), while carbonate lithologies form a 
minor component (~5%, mainly limestone with minor dolomite). Accordingly, the target formations 
investigated in this study correspond to heterogeneous siliciclastic reservoirs dominated by shaly 
sandstones, with shale and siltstone interbeds and limited carbonate contributions. The study, 
therefore, focuses on lithology discrimination within clastic reservoir systems rather than purely 
carbonate reservoirs, reflecting typical Palaeozoic–Mesozoic petroleum systems of the Saharan 
Platform (Zegagh et al., 2025).

Building on this geological and dataset framework, the methodology adopted in this study 
(Fig. 2) is grounded in a systematic and data-driven approach to optimise entropy-based lithology 
discrimination models using geophysical well logs. The process begins with the collection 

Fig. 1 - Geological map of the sedimentary basins of the Saharan Platform, Algeria (Ministry of Hydrocarbons and 
Mines; n.d.). The current official ministry site contains the sedimentary-basins/petroleum-provinces information and 
map.
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Fig. 2 - The adopted workflow for enhancing entropy-based lithology discrimination through sliding parameters. 
This figure illustrates the systematic workflow adopted in this study to optimise the sliding parameters, S and W, for 
improved lithology discrimination using entropy-based analysis. The methodology outlines a sequential approach, 
beginning with the collection of geophysical well-log data, followed by comprehensive data preprocessing, entropy 
computation, and the application of ML algorithms. The workflow is designed to fine-tune the sliding parameters, 
thereby maximising the effectiveness of entropy measures in distinguishing lithological variations.
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and preprocessing of well-log data, where over 130 wells were initially analysed. From these, 
117 wells were selected based on the availability of comprehensive and high-quality data, 
resulting in the extraction and utilisation of 1,170 geophysical well logs in total. The selected 
logs encompass a wide range of geophysical measurements, including GR, DTC, NPHI, RHOB, PE, 
and the five resistivity logs (RT10, RT20, RT30, RT60, RT90). These raw logging data underwent 
rigorous preprocessing (i.e. cleaning, normalisation, and structuring) to form a high-dimensional 
database (Database_A), which serves as the foundation for all subsequent entropy-based feature 
extraction and classification analyses.

Entropy-based techniques provide a powerful way to quantify the complexity, irregularity, 
and information content embedded within geophysical signals. When applied to well-log 
data, these methods capture subtle variations and hidden patterns that are often difficult to 
detect using traditional statistical measures, thereby offering valuable insights into lithological 
heterogeneity. Building on this foundation, the next phase of the workflow involves the 
application of entropy techniques to the preprocessed well-log data through custom Python 
scripts and tools such as NeuroKit2, a Python toolbox for signal processing (Makowski et al., 
2021). The analysis specifically focuses on exploring the impact of varying sliding parameters (W 
and S) on the quality and informativeness of the generated entropy profiles. The entropy-based 
features extracted during this stage were systematically stored in Database_B, which serves as 
an organised repository for managing and analysing the generated profiles. Multiple entropy 
techniques, including ApEn, permutation entropy (PermEn), singular value decomposition 
entropy (SVDEn), and fuzzy entropy (FuzzyEn), were systematically applied to the well logs using 
a range of sliding parameter combinations. This iterative process allowed for the generation 
of diverse entropy profiles, enabling a comprehensive evaluation of how different Ws and Ss 
influence the extraction of meaningful geological features. By analysing these profiles, the study 
aimed to identify the optimal sliding parameters that maximise the discriminative power of the 
entropy-based features for lithology distinction.

To determine the most appropriate sliding parameters, the study employed a suite of ML 
models, including DT, RF, GB, MLP, and KNN. These models were trained and evaluated using the 
entropy-based features derived from the well logs and sliding parameters, with performance 
metrics such as accuracy, precision, recall, and F1-score used to quantify their effectiveness. 
The results of these evaluations were systematically compiled into a structured database 
(Database_C), which facilitated comparative analysis and optimisation. This database enabled 
the ranking of different sliding parameter combinations based on their performance, ensuring 
that the selected parameters were not only optimal for the current dataset but also generalisable 
to other well-log analyses.

The final stage of the methodology involved the optimisation and selection of the best-
performing ML models and their corresponding sliding parameters. By systematically sorting 
and analysing the results in Database_C, the study identified the Ws and Ss that yielded the most 
informative and discriminative entropy profiles. These optimal parameters were validated to 
ensure their robustness and applicability across diverse geological settings, providing a reliable 
framework for generating entropy-based features in similar applications.

This methodology combines rigorous data preprocessing, entropy-based feature extraction, 
and ML optimisation to identify the most appropriate sliding parameters for generating highly 
informative and generalisable entropy profiles. By leveraging statistical analysis and performance 
metrics, the study ensures that the resulting entropy-based features enhance lithology 
discrimination and can be effectively applied to a wide range of geophysical well-log analyses, 
advancing the accuracy and reliability of subsurface reservoir characterisation.



7

Entropy-based well-log analysis	 Bull. Geoph. Ocean., XX, XXX-XXX

2.1. Data collection, preprocessing, and selection

The dataset used in this study is derived from geophysical well logs collected from an initial 
set of over 130 wells, from which 117 wells were selected based on the availability of high-
quality and comprehensive data. These wells contain 1,170 geophysical well-logging curves, 
capturing a diverse range of geophysical and petrophysical properties essential for characterising 
the subsurface, identifying lithological variations, and estimating hydrocarbon potential.

2.1.1. Data collection

The initial stage of this study involves collecting geophysical well-log measurements from 
multiple wells across various sedimentary basins. These wells represent diverse geological 
contexts and petrophysical characteristics. By incorporating data from a wide range of sources 
and origins, the approach aims to enhance the statistical robustness and generalisability of the 
results obtained.

2.1.2. Preprocessing

The preprocessing stage ensures that the geophysical well-log data is clean, standardised, 
and reliable before entropy feature extraction and ML model training. Given the variability in 
geophysical well-log measurements, preprocessing is essential to eliminate errors, normalise 
scales, and improve data integrity.

•	 Feature normalisation. Since well-log values can vary significantly in scale, normalisation 
techniques such as min-max scaling or z-score standardisation are applied to ensure 
uniformity across all features.

•	 Outlier detection and removal. Anomalies in the dataset are identified and filtered using 
a combination of statistical and ML-based approaches. The preprocessing methods listed 
are the z-score, Isolation Forest, One-Class Support Vector Machine, Local Outlier Factor, 
and density-based spatial clustering of applications with noise methods. The results from 
these methods are aggregated to ensure data reliability and retain only high-quality data 
for analysis.

2.1.3. Selection of geophysical well-log types

From the 117 wells, a subset of 1,170 geophysical well-logging curves, representing key 
properties, is chosen. These include:

•	 GR: measures the natural radioactivity of rock formations, helping distinguish between 
different lithologies, such as shale and sandstone;

•	 DTC: provides acoustic velocity data, which is useful for estimating porosity and identifying 
lithology characteristics;

•	 NPHI: estimates rock porosity by analysing neutron interactions with hydrogen atoms, 
often used alongside density logs for more accurate assessments;

•	 RHOB: measures rock density, a key factor in determining porosity and classifying lithology.
•	 PE: helps assess lithology composition by analysing how rocks absorb X-rays;
•	 resistivity logs: measure the electrical resistivity of rock formations at different depths, 

crucial for distinguishing between hydrocarbon-bearing and water-filled zones.
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2.2. Structured database (Database_A)

The geophysical well-log data is structured in Database_A (Table 1) to improve accessibility, 
maintain consistency, and support future expansion, forming a strong basis for entropy-based 
feature extraction and ML modelling.

Table 1 - Sample of preprocessed geophysical well logs from Database_A. This table presents selected geophysical well 
logs from Database_A after preprocessing, including cleaning, normalisation, and formatting. Featured logs include 
GR, DTC, NPHI, RHOB, PE, and resistivity logs (RT10, RT20, RT30, RT60, RT90).

2.3. Application of entropy techniques to well-log data

2.3.1. Sliding window segmentation 

Following preprocessing and data selection, each geophysical well log is partitioned into 
overlapping depth intervals using a sliding-window scheme. Two parameters govern this 
segmentation: W, which sets how much contextual information from the signal is captured within 
each interval, and S, which controls the advance between consecutive windows and, therefore, 
the degree of overlap and the vertical resolution of the resulting attribute profiles (Fig. 3).

Because these parameters directly shape the density, stability, and interpretability of the 
entropy-based attributes, we deliberately explored a wide range of W and S configurations and 
systematically evaluated them using performance indicators from ML models for lithological 
characterisation and distinction based on the entropy attributes. The rationale was twofold: i) 
to identify parameter combinations that yield the best predictive performance and ii) to ensure 
robustness by covering all practical scenarios, i.e. high W–high S, high W–low S, low W–high 
S, and low W–low S. This exhaustive screening represents the most rigorous methodological 
path to minimise bias from arbitrary choices and to generalise across diverse geological 
conditions.

The final set of parameter combinations was, therefore, guided by both theory and evidence. 
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From a theoretical perspective, larger windows capture broader depositional context but smooth 
fine features, while smaller windows accentuate thin beds and sharp transitions. Likewise, 
smaller steps produce denser, higher-resolution profiles at the cost of greater sensitivity to noise, 
whereas larger steps yield smoother, more conservative profiles. To avoid bias and to reflect 
best practices in signal investigation, time-series analysis and geophysical well-log processing, 
we examined a broad and balanced range of values so that both fine-scale (small W, small S) and 
coarse-scale (large W, large S) characterisations were represented.

Operationally, windows were required to be fully contained within valid data; entropy 
attributes were computed only when a minimum proportion of in-window samples was available 
to avoid artefacts from gaps. Each window’s attribute value was assigned to the window centre 
depth to produce continuous profiles. To make the impact of the sliding parameters explicit, 
Table 2 reports representative (W, S, IRI%) combinations, and Fig. 2 illustrates how these choices 
control the number and displacement of overlapping segments along the depth axis. In total, 
about 136 configurations were applied to 1,170 well logs to compute four entropy profiles 
per log, providing a comprehensive basis for comparison. Because larger W and S reduce the 
number of extracted samples, a careful selection of sliding parameters is essential to preserve 
informativeness and ensure meaningful geological interpretation. The resulting sampling density 
is summarised by the informational richness indicator (IRI) or its normalised form (IRI%), which is 
developed further in the next subsection.

2.3.2. Informational richness indicator

To quantitatively assess the amount of information extracted from a signal using a sliding 
window approach, we introduce the IRI. This metric captures the number of segments generated 
when systematically partitioning the signal, thereby reflecting the level of detail and granularity 
embedded in the transformed dataset.

When a sliding window of size W is applied to a signal of length N, moving forwards by a step 
S, the number of resulting segments (or samples) can be calculated as:

.                  (1)

Eq. (1) provides the absolute count of extracted segments. However, because signals may 
differ in length, it is useful to express this measure in relative terms. Normalising by the total 
number of original samples yields the percentage-based form of IRI:

.                     (2)

By substituting Eq. (1) in Eq. (2), a more compact formulation emerges:

(3)

where N is the total number of original signal samples, W is the window size, S is the step size, 
and IRI equals the total number of extracted samples (NExtracted_samples). IRI% is the proportion of 
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extracted samples relative to the original signal, expressed as a percentage.
This formulation explicitly captures the relationship between the original signal and the 

sliding window parameters. The logic is straightforward:
1.	 windowing the signal. A window of size W scans the signal, starting at the first sample, 

shifting forwards by S samples at each time;
2.	 counting the windows. The total number of valid positions for the window is determined 

by how many full windows can fit into the signal length N, considering the S;
3.	 quantifying informational richness. The resulting IRI reflects the number of segments, 

and, thus, the effective resolution, produced under the chosen configuration.

Table 2 - Example of sliding window configurations used in this study for well logs with N = 519. The table shows 
combinations of W, S, and the resulting IRI%, which defines the degree of overlapping segmentation of the dataset. 

Fig. 3 - Effect of sliding window parameters on geophysical well-log segmentation and IRI. This figure illustrates the 
impact of varying sliding window configurations on the segmentation of GR well log (N = 200 samples). The GR log 
is displayed on the left, followed by four panels showing displacement patterns resulting from different W and S 
combinations. Specifically, the configurations include W = 10, S = 2 (IRI = 96; IRI% = 48.0%), W = 20, S = 5 (IRI = 37; IRI% 
= 18.5%), W = 50, S = 10 (IRI = 16; IRI% = 8.0%), and W = 100, S = 20 (IRI = 6; IRI% = 3.0%). As the W increases and the 
S becomes coarser, the number of segments decreases and the overlap between windows reduces. This visualisation 
highlights how parameter choices influence data partitioning, which is critical for entropy-based analysis and ML-
driven lithology classification.
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A higher IRI value indicates that more segments are extracted, leading to finer-scale 
informational granularity. Conversely, a lower IRI reflects coarser sampling, where fewer 
segments summarise the signal. Thus, the IRI offers a simple yet rigorous means of assessing the 
richness of information derived from sliding window transformations.

In our workflow, the IRI plays two complementary roles:
•	 design metric: guiding the construction of parameter grids that span from fine- to coarse-

scale signal characterisations;
•	 diagnostic metric: contextualising ML performance indicators in lithological characterisation 

tasks.
By explicitly defining the IRI and its properties, we ensure that parameter choices are 

transparent, reproducible, and comparable across different wells and studies. Configurations 
achieving a balance between a sufficiently high IRI (to capture target features) and strong 
predictive performance are prioritised, thereby enhancing both methodological robustness and 
interpretability.

2.3.3. Entropy-based feature extraction

After segmentation, the next essential step is extracting entropy features from each sliding 
window to enhance the dataset’s ability to capture geological variations. By applying entropy 
measures, we quantify the complexity, randomness, and predictability of geophysical well-log 
signals, ensuring a more detailed representation of subsurface properties. The entropy measures 
utilised in this study include:

A. ApEn: ApEn is a statistical measure that quantifies the unpredictability or regularity of time-
series data. It was introduced by Pincus (1991) initially to analyse chaotic dynamics and later 
applied to assess complexity in physiological, financial, and other types of data. The fundamental 
idea behind ApEn is to evaluate the probability that patterns in a given time series remain similar 
at the next incremental data point. Lower ApEn values indicate more regular and predictable 
data, while higher values suggest greater irregularity. ApEn is defined as: 

(4)

where φm(r) quantifies the probability of similar runs of length remaining similar at m + 1, m is 
the embedding dimension, r is the similarity threshold, and N is the length of the time series;

B. PermEn: PermEn was introduced by Bandt and Pompe (2002) as a method to quantify the 
randomness of a time series by analysing the frequency of ordinal patterns. It is particularly 
useful for detecting dynamical changes in nonlinear and chaotic systems and is given by:

(5)

where pi is the probability of each permutation pattern in the time series;

C. SVDEn: SVDEn is a quantitative measure that captures the complexity of a dataset by analysing 
the distribution of its singular values (Roberts et al., 1999; Strydom et al., 2021). By decomposing 
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a data matrix into its singular components, SVDEn assesses how information is distributed across 
different dimensions, with higher entropy indicating a more uniform and complex structure. It 
is defined as:

(6)

where σ2
i are the normalised singular values;

D. FuzzyEn: FuzzyEn, introduced by De Luca and Termini (1972), quantifies uncertainty in systems 
with imprecise or noisy data using fuzzy logic principles. By employing gradual membership 
functions, it captures subtle variations that traditional entropy measures might overlook. FuzzyEn 
is widely applied in physiological signal analysis for its robustness and sensitivity. Mathematically, 
it is defined as:

(7)

Table 3 - Example of entropy-based features extracted from Database_B. This table showcases a sample of entropy-
derived attributes calculated from geophysical well logs in Database_B, including PerEn, ApEn, FuzzyEn, and SVDEn. 
Each entry is accompanied by the corresponding well identifier, log type, lithology label, and the sliding window 
parameters (W, S, IRI, and IRI%) used during feature extraction. These features form a key part of the input for 
subsequent lithology classification and pattern analysis.
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2.3.4. Entropy-based feature database (Database_B)

As a critical step in the workflow, Database_B (Table 3) was constructed to store the entropy-
based attributes derived from the segmented geophysical well-log data (Fig. 4). Each entry in this 
database includes multiple entropy measures, i.e. ApEn, PermEn, SVDEn, and FuzzyEn, calculated 
over sliding windows defined by specific W and S parameters. In addition to the entropy values, 
Database_B integrates essential contextual information such as well identifiers, log types, 
depth, IRI, IRI%, and lithology. This curated dataset serves as a robust foundation for training and 
evaluating ML models.

Fig. 4 - Example of entropy-based complexity profiles of some geophysical well logs. This figure presents entropy-
based complexity profiles derived from geophysical well-log data, utilising four distinct entropy measures: ApEn, 
FuzzyEn, PermEn, and SVDEn. The analysis spans multiple geophysical logs, including GR, DTC, NPHI, and RHOB. The 
resulting profiles highlight subtle variations in signal complexity with depth, providing valuable insights into subsurface 
heterogeneity. The lithological classification is shown on the far right for correlation with the complexity profiles.
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2.3.5. ML model applications

Entropy profiles were used as input features (X), while lithology classes constituted the 
target variable (Y). Five widely used supervised ML models were employed to evaluate lithology 
discrimination performance: KNN, RF, GB, MLP, and DT. Only a concise description of each 
method is provided here, as these algorithms are well established in the literature.

KNN classifies samples based on the majority class of their k nearest neighbours in feature 
space, enabling flexible modelling of nonlinear patterns without explicit training (Cover and 
Hart, 1967). RF is an ensemble method that aggregates predictions from multiple DTs trained on 
randomly selected subsets of data and features, improving robustness and reducing overfitting 
(Breiman, 2001). GB constructs predictive models sequentially by minimising a loss function 
through additive weak learners, typically DTs (Friedman, 2001). The MLP is a feedforward 
neural network composed of multiple hidden layers that model complex feature interactions 
using nonlinear activation functions (Rosenblatt, 1958; Goodfellow et al., 2016). DTs partition 
the feature space using recursive splits that maximise information gain, providing interpretable 
classification rules (Quinlan, 1986).

Model performance was evaluated using standard classification metrics derived from the 
confusion matrix, including accuracy, precision, recall, and the F1-score. The confusion matrix 
(Fig. 5) summarises correct and incorrect predictions across classes and forms the basis for all 
reported metrics (Sokolova et al., 2009; Powers, 2020). Accuracy measures the proportion of 
correct predictions, precision quantifies the reliability of positive predictions, recall evaluates the 
ability to detect true lithologies, and the F1-score provides a balanced measure that accounts 
for both false positives and false negatives. These metrics collectively offer a comprehensive 
assessment of classification effectiveness, particularly in the presence of class imbalance.

Fig 5 - Standard layout of a 2×2 confusion matrix.

2.3.6. Performance storage and comparative analysis (Database_C)

Following the training and evaluation of ML models, all classification performance metrics 
were systematically stored in Database_C (Table 4). This database served as a structured 
repository for key evaluation parameters, including:

•	 classifier type (e.g. RF, MLP, GB, KNN, DT);
•	 sliding W; 
•	 sliding S; 
•	 accuracy, precision, recall, and F1-score.
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Table 4 - Example of classification performance metrics on Database_C, this table showcases the performance metrics 
of various ML models evaluated on Database_C, across a range of sliding window parameters (W, S, IRI, and IRI%). The 
reported metrics (accuracy, precision, recall, and F1-score) were systematically assessed to facilitate optimal model 
selection and parameter tuning. This comparative analysis provides valuable insights into how different configurations 
impact classification effectiveness.

By organising the results in Database_C, we enabled a direct comparison of model effectiveness 
across different configurations, providing a robust foundation for selecting optimal parameters.

3. Results

This section presents the quantitative outcomes obtained from the classification experiments 
conducted under varying W, S, and IRI% configurations

3.1. Effect of window size on classification performance

3.1.1. Accuracy 

Classification accuracy increases with W for all classifiers (Fig. 6). Small windows (W = 10) 
produce lower accuracy values, ranging from approximately 0.65 for DT to 0.73 for RF. Accuracy 
improves markedly between W = 10 and W = 60, reaching values above 0.80 for the best-
performing classifiers. Beyond W ≈ 100, accuracy gains become marginal and tend to stabilise. 
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RF consistently achieves the highest accuracy across all Ws, with peak accuracy exceeding 0.85, 
followed by GB and MLP. KNN shows moderate improvement, while DT exhibits the lowest 
accuracy and highest variability.

Fig. 6 - Effect of W on classification accuracy. This figure illustrates the variation in classification accuracy for different 
ML models as a function of sliding W. The shaded regions represent confidence intervals, highlighting the stability and 
generalisation of each model.

3.1.2. Precision

Precision improves steadily as W increases (Fig. 7). At small Ws (W ≤ 30), all classifiers show 
relatively low precision, typically below 0.75. A pronounced increase occurs between W = 30 and 
W = 60, after which improvements diminish. For Ws above 100–150, precision curves plateau, 

Fig. 7 - Effect of W on classification precision. This figure illustrates the variation in classification precision for different 
ML models as a function of sliding W. The shaded regions represent confidence intervals, highlighting the stability and 
generalisation of each model.
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with maximum values approaching 0.85. RF consistently attains the highest precision, followed 
closely by MLP and GB. KNN and DT remain less stable, with DT showing the largest variability. 

3.1.3. F1-score 

The F1-score exhibits a clear upward trend with increasing W (Fig. 8). The most significant 
improvement occurs between W = 10 and W = 60, where the F1-score increases from values 
near 0.70 to above 0.82 for the strongest classifiers. Beyond W = 100, F1-score values stabilise, 
indicating diminishing returns. RF achieves the highest and most consistent F1-scores, with 
peak values exceeding 0.85, while GB and MLP remain competitive. KNN and DT perform less 
favourably, with DT displaying substantial variability.

Fig. 8 - Effect of W on classification F1-score. This figure illustrates the variation in classification F1-score for different 
ML models as a function of sliding W. The shaded regions represent confidence intervals, highlighting the stability and 
generalisation of each model.

3.1.4. Recall

Recall increases with W for all classifiers (Fig. 9), particularly between W = 10 and W = 60, 
where values rise from approximately 0.68 to above 0.80. After W ≈ 100, recall curves flatten. 
RF maintains the strongest recall throughout, with values exceeding 0.85, followed by MLP and 
KNN. GB and DT show lower recall and greater variability.

3.2. Effect of step size on classification performance 

3.2.1. Accuracy

Accuracy decreases as S increases (Fig. 10). The sharpest decline occurs between S = 1 and S 
= 3, where accuracy drops by approximately 5–8% across classifiers. RF consistently outperforms 
other classifiers, maintaining accuracy above 0.80 at small Ss, while DT exhibits the most 
pronounced degradation and variability. 
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Fig. 9 - Effect of W on classification recall. This figure illustrates the variation in classification recall for different ML 
models as a function of sliding W. The shaded regions represent confidence intervals, highlighting the stability and 
generalisation of each model.

3.2.2. Precision

Precision declines with increasing S (Fig. 11). The most rapid decrease occurs between S = 
1 and S = 5, where precision drops from values above 0.80 to approximately 0.72–0.75, after 
which the curves level off beyond S ≈ 10. RF performs best at small steps, while MLP becomes 
dominant at moderate steps. KNN and DT show substantially lower precision at larger Ss.

3.2.3. F1-score

The F1-score decreases as S increases (Fig. 12). The steepest reduction is observed between 
S = 1 and S = 3, with the F1-score decreasing by approximately 6–9%, followed by stabilisation 

Fig. 10 - Effect of S on classification accuracy. This figure illustrates the variation in classification accuracy for different 
ML models as a function of S. The shaded regions represent confidence intervals, highlighting the stability and 
generalisation of each model.
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Fig. 11 - Effect of S on precision. This figure illustrates the variation in precision for different ML models as a function 
of S. The shaded regions represent confidence intervals, highlighting the stability and generalisation of each model.

beyond S = 10. RF performs best at very small steps, while MLP becomes dominant at larger 
steps. DT shows the largest performance degradation. 

Fig. 12 - Effect of S on F1-score. This figure illustrates the variation in F1-score for different ML models as a function 
of S. The shaded regions represent confidence intervals, highlighting the stability and generalisation of each model.

3.2.4. Recall

Recall declines steadily with increasing S (Fig. 13), with the most significant drop between S = 
1 and S = 3, where recall decreases from values above 0.82 to approximately 0.75. RF maintains 
the most stable recall, whereas DT experiences the strongest decline. 
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3.3. Effect of the informational richness indicator

The effect of the IRI% on classifier performance is summarised using three regimes: low IRI% 
regime (<5%), mid IRI% regime (5–50%), and high IRI% regime (>50%). Across all classifiers and 
metrics, performance improves with increasing IRI% values and, then, stabilises at higher values. 
Periodic local dips are observed near transitions between (W, S) bands, most notably around IRI% 
values ≈ 58–62%.

3.3.1. Accuracy

Fig. 14 shows that accuracy increases monotonically with the IRI%. RF achieves the highest 
accuracy across all IRI% bands, while DT exhibits the largest variability at a low IRI%. At a high IRI% 
(>50%), all classifiers reach a stable accuracy plateau.

Fig. 13 - Effect of S on recall. This figure illustrates the variation in recall for different ML models as a function of S. The 
shaded regions represent confidence intervals, highlighting the stability and generalisation of each model.

Fig. 14 - This figure illustrates the variation in accuracy as a function of the IRI%: accuracy increases monotonically, 
shows a small mid-range dip, and levels off high (≈0.9–1.0). RF leads overall; DT is most variable at a low IRI.
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3.3.2. Precision

Precision as a function of the IRI% is presented in Fig. 15. Precision improves rapidly from low 
to mid IRI% values and saturates at high IRI% values. RF, MLP, and GB converge toward similar 
high-precision values in the high-IRI% regime, while KNN and DT remain lower.

3.3.3. F1-score

The F1-score trends shown in Fig. 16 closely follow those of precision and recall. The F1-
score increases steeply from low to mid IRI% values and, then, flattens beyond IRI% values ≈ 50%. 
RF consistently attains the highest F1-scores, followed closely by MLP and GB. DT shows the 
greatest variability at low IRI% values.

Fig. 15 - This figure illustrates the variation in precision as a function of the IRI%: large spread at low IRI values that 
tighten with greater IRI values, with a short boundary dip before stabilising at 0.9. RF and GB dominate; DT shows the 
widest early spread.

Fig. 16 - This figure illustrates the variation in the F1-score as a function of the IRI%: early fluctuations compress as the 
IRI grows, a transient mid-band dip appears, and performance plateaus near 0.9–1.0. RF remains the safest performer, 
with GB close behind.
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3.3.4. Recall

Recall variations with the IRI% are shown in Fig. 17. Recall improves rapidly from low to mid 
IRI% values and stabilises at high IRI% values. RF achieves the highest and most stable recall, while 
DT stabilises at lower recall values and remains the most sensitive to low IRI% values.

Fig. 17 - This figure illustrates the variation in recall as a function of the IRI%: high volatility at a very low IRI, a brief mid-
band dip, then, a plateau near 0.9–1.0 at a high IRI. RF/GB form the upper envelope; DT and KNN are most unstable 
early.

3.4. Representative well-level lithology discrimination

To complement the global performance metrics and provide a qualitative assessment of 
lithology discrimination, a representative well was selected for detailed comparison of predicted 
lithology profiles obtained using different ML classifiers (Fig. 18). The well was chosen based on 
data completeness and the presence of multiple lithological transitions, making it suitable for 
evaluating model behaviour at facies boundaries.

Fig. 18 compares the true lithology log with predictions generated by DT, GB, MLP, RF, and KNN 
using the same entropy-feature configuration and sliding-window parameters. Visual inspection 
shows that ensemble-based models, particularly RF, reproduce lithological boundaries more 
consistently and exhibit fewer spurious class switches. In contrast, simpler models such as DT 
and KNN display increased fragmentation and misclassification near transition zones.

4. Discussion 

This section interprets the experimental results presented above and discusses their 
implications for lithology discrimination from geophysical well logs, with particular emphasis on 
the role of sliding-window parameters and the IRI%.
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Fig. 18 - Comparison of reference and predicted lithology profiles for a representative well using different classifiers. 
The true lithology is shown alongside DT, GB, MLP, RF, and KNN predictions computed with identical entropy features 
and sliding-window settings. RF and GB exhibit the most continuous and stable boundaries, while DT and KNN show 
higher sensitivity to lithological transitions and greater prediction variability.
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4.1. Interpretation of window size effects

Increasing the W improves classification performance up to a threshold (approximately W = 
100). Larger windows provide additional contextual information, reducing prediction uncertainty 
and enhancing the stability of entropy-based descriptors. Small windows (W < 60) offer limited 
contextual coverage, resulting in higher variability and lower accuracy. Medium windows (W = 
60–100) achieve the most favourable balance, preserving local signal variations while providing 
sufficient contextual richness. For larger windows (W > 100), performance gains plateau, 
suggesting increasing redundancy that dilutes localised lithological features.

4.2. Interpretation of step size effects

S controls the overlap between consecutive windows and, thus, directly affects data density. 
Small steps (S = 1–3) generate dense, overlapping segments that preserve fine-scale geophysical 
variations and yield higher performance. Moderate steps (S = 3–10) lead to gradual performance 
degradation as overlap decreases. Large steps (S > 10) produce sparse segmentation, significantly 
reducing classification performance due to the loss of structural detail.

4.3. Interpretation of informational richness indicator effects

The IRI% provides a quantitative measure of data richness produced by the sliding-window 
process. Low IRI% values correspond to sparse segmentation and insufficient contextual 
information, leading to high variance and reduced recall. Mid-range IRI% values (5–50%) mark 
a rapid improvement region, where added overlap introduces meaningful diversity. High IRI% 
values (>50%) correspond to a stable performance plateau, beyond which additional overlap 
yields diminishing returns. Brief performance dips near an IRI% ≈ 58–62% are attributed to 
transitions between (W, S) parameter bands rather than loss of informational value.

4.4. Classifier performance across parameters 

Across all parameter settings, RF demonstrates the greatest robustness and stability, 
consistently achieving the highest performance in the high-IRI% regime. GB and MLP closely follow 
RF, while KNN benefits progressively from richer segmentation but remains less competitive 
overall. DT is the most sensitive to informational scarcity, exhibiting pronounced performance 
degradation and variability at a low IRI% value.

These global trends are further supported by the representative well analysis, which 
provides a qualitative perspective on classifier behaviour along depth. Ensemble-based models, 
particularly RF, produce smoother and more geologically consistent lithology profiles, with clearer 
preservation of stratigraphic boundaries and fewer spurious class switches. In contrast, simpler 
models such as DT and KNN show increased fragmentation and misclassification near lithological 
transitions. This qualitative evidence reinforces the quantitative findings and highlights the 
superior stability of ensemble methods under varying segmentation conditions.

4.5. Parameter interaction and optimisation

The results indicate that optimal performance is achieved by targeting a suitable IRI% rather 
than tuning W and S independently. An IRI% ≥ 50% yields stable, near-optimal performance across 
all metrics. Practical parameter combinations such as W = 60–100 and S ≤ 3 naturally place the 
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system in this regime. For computationally constrained scenarios, operating at an IRI% ≈ 10–20% 
offers a reasonable trade-off between accuracy and efficiency.

4.6. Practical implications

The findings provide clear guidance for efficient lithology discrimination from well logs. 
Selecting W and S based on the IRI% ensures sufficient informational richness while avoiding 
unnecessary computational cost. RF emerges as a strong default model for operational 
deployment, while MLP and GB offer competitive alternatives. Maintaining fine segmentation 
remains critical for preserving recall and balanced performance, particularly in intervals 
characterised by subtle or rapidly varying lithological changes.

5. Conclusions

This study proposes a data-richness-driven framework for entropy-based lithology 
discrimination from geophysical well logs, validated on a large multi-basin dataset comprising 
117 wells. Multiple entropy measures were computed under systematic sliding-window 
configurations and evaluated using representative ML classifiers, enabling a comprehensive 
assessment of the effects of W, S, and segmentation density on classification performance.

A key contribution is the introduction of the IRI%, which unifies the combined effects of 
W and S into a single quantitative control parameter. Across all classifiers and performance 
metrics, classification performance increases monotonically with the IRI% and stabilises beyond 
approximately 50%, indicating a regime of sufficient informational density. Below this threshold, 
sparse segmentation leads to higher variance and reduced recall, particularly for simpler models.

Ensemble-based classifiers, especially RF, consistently demonstrate the greatest robustness 
across segmentation regimes, while GB and MLP show comparable performance at high IRI% 
values. KNN benefits progressively from richer segmentation, whereas DT remains the most 
sensitive to informational scarcity. Practical parameterisation shows that Ws of 60–100 samples 
combined with Ss ≤ 3 reliably achieve IRI% values ≥ 50%, offering an effective balance between 
predictive accuracy and computational efficiency.

Overall, centring segmentation design and model tuning on the IRI% provides a principled and 
scalable framework for optimising entropy-based lithology classification. This approach enables 
stable, high-confidence predictions while avoiding unnecessary computational cost, and offers 
a practical pathway towards standardised deployment in real-world reservoir characterisation 
workflows.
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